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ABSTRACT

AdamW has long been the dominant optimizer in language model pretraining,
despite numerous claims that alternative optimizers offer 1.4 to 2x speedup. We
posit that two methodological shortcomings have obscured fair comparisons and
hindered practical adoption: (i) unequal hyperparameter tuning and (ii) limited or
misleading evaluation setups. To address these two issues, we conduct a systematic
study of ten deep learning optimizers across four model scales (0.1B—1.2B parame-
ters) and data-to-model ratios (1-8 x the Chinchilla optimum). We find that fair and
informative comparisons require rigorous hyperparameter tuning and evaluations
across a range of model scales and data-to-model ratios, performed at the end of
training. First, optimal hyperparameters for one optimizer may be suboptimal for
another, making blind hyperparameter transfer unfair. Second, the actual speedup
of many proposed optimizers over well-tuned baselines is lower than claimed
and decreases with model size to only 1.1x for 1.2B parameter models. Thirdly,
comparing intermediate checkpoints before reaching the target training budgets can
be misleading, as rankings between two optimizers can flip during training due to
learning rate decay. Through our thorough investigation, we find that all the fastest
optimizers such as Muon and Soap, use matrices as preconditioners — multiplying
gradients with matrices rather than entry-wise scalars. However, the speedup of
matrix-based optimizers is inversely proportional to model scale, decreasing from
1.4x over AdamW for 0.1B parameter models to merely 1.1x for 1.2B parameter
models.

1 INTRODUCTION

Pretraining has been the most computationally expensive component in the training pipeline for
large language models, accounting for over 95% of the cost in DeepSeek V3 DeepSeek-Al et al.
(2025b), and the additional RL training cost in DeepSeek R1 DeepSeek-Al et al. (2025a) is also
comparatively much smaller. Until recently, AdamW has been the standard optimizer. Recent studies
have introduced novel optimizers that claim to accelerate pretraining by 1.4x to 2x compared to
AdamW Liu et al. (2024a); Vyas et al. (2025); Liu et al. (2025a); Yuan et al. (2025); Liang et al.
(2025); Wang et al. (2025); Liu et al. (2025c¢); Pethick et al. (2025); Ma et al. (2025), yet these
optimizers have not yet been widely adopted in real-world pretraining DeepSeek-Al et al. (2024);
Yang et al. (2025); Grattafiori et al. (2024), with notable exceptions of Kimi K2 Team et al. (2025b),
which uses the Muon-clip optimizer (a variant of Muon Jordan et al. (2024)), and GLM 4.5 Team
et al. (2025a), which uses Muon.

We pinpoint two problems in optimizer evaluation in the evaluation process of these optimizers
that both undermine confidence in new methods and limit their practical adoption. First, some
baselines suffer from improperly tuned hyperparameters. Second, many experiments are confined to
smaller-scale settings, leaving unanswered questions about how these optimizers perform in broader,
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Figure 1: Top Left: The commonly used AdamW baseline for optimizer design is under-tuned.
Up to a 2x speedup is achievable by tuning a single hyperparameter (learning rate) in the GPT-3
recipe Brown et al. (2020) for a 100M model (adopted in Liu et al. (2024a); Wen et al. (2024);
Yuan et al. (2025); Liang et al. (2025); Wang et al. (2025)), highlighting the importance of proper
hyperparameter optimization. Top Right: Fixing hyperparameters across optimizers does not
guarantee fair comparison. Shared hyperparameters such as learning rate and weight decay are
commonly set to a constant in previous studies. However, even conceptually similar optimizers
may correspond to very different optimal hyperparameters. Bottom Left: Speedup decays with
model size. While some optimizers show high (1.3-1.4x) speedup over AdamW on models under 1B
parameters, the speedup decays with model size to only 1.1x for 1.2B parameters. Bottom Right:
Matrix-based optimizers consistently outperform scalar-based optimizers. The loss curves for three
scalar-based optimizers (AdamW, Nesterov AdamW, Mars) and three matrix-based optimizers (Kron,
Soap, Muon) trained with different Chinchilla ratios of data are shown. Matrix-based optimizers
achieve a consistent speedup over scalar-based optimizers. Furthermore, the three matrix-based
optimizers converge to a similar loss in an overtrained setting.

more realistic scenarios. To address these issues, we benchmark eleven optimizers, including AdamW,
in a rigorously controlled setup, focusing on two key questions:

1. How to ensure hyperparameter optimality? Previous works typically rely on manual hyperpa-
rameter selection and keep common hyperparameters such as learning rate and weight decay fixed
across optimizers (e.g. Liu et al. (2025a)). This tuning process may result in a weak baseline,
as the hyperparameters chosen may favor the proposed optimizers rather than for AdamW. We
validate this concern by showing that tuning just one hyperparameter in the widely adopted
GPT-3 recipe (introduced in Brown et al. (2020) and used in Liu et al. (2024a); Wen et al. (2024);
Yuan et al. (2025); Liu et al. (2025d;c); Liang et al. (2025); Wang et al. (2025)) can yield a 2%
speedup for pretraining (Figure 1, top left). To address, this we perform coordinate descent in the
hyperparameter space on N hyperparameters for all eleven optimizers, iterating until convergence
across for each of six different settings for models with up to 0.5B parameters to ensure that the
hyperparameters are near-optimal for each setting.

2. How do speedups differ across different scaling regimes? Large language models are trained in
different regimes: depending on the model size, the data-to-model ratio (the number of tokens
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over the number of parameters) can range from 1 to more than 50 times the Chinchilla optimal
(about 20 based on Hoffmann et al. (2022)). Typical optimizer experiments in 1x Chinchilla
optimal regimes raise concerns about a new optimizer’s effectiveness in high data-to-model ratio.
To address this, we benchmark the optimizers in four distinct data-to-model ratios (1x, 2x, 4x
and 8 the Chinchilla optimal regime) and scale up to 1.2B parameter models (following Everett
et al. (2024); Zhang et al. (2025a)).

Concretely, we employ the Llama 2 architecture Touvron et al. (2023b); Grattafiori et al. (2024)
(ranging from 0.1B to 1.2B parameters) and a data mixture similar to OLMo 2’s OLMo et al. (2025).
We focus on the final validation loss on the C4-EN mixture as a known proxy for downstream
performance Bhagia et al. (2024), while also tracking exact downstream performance on various
benchmarks. As previous works Vyas et al. (2025); Liu et al. (2025a) show that the step-wise
computation overhead of matrix-based optimizers can be reduced to under 10% through proper
implementation, we primarily compare algorithms by the number of tokens needed to reach a given
loss.

Our empirical results show the necessity of careful hyperparameter tuning and end-of-training
evaluations across a range of model scales and data-to-model ratios:

1. Hyperparameter transfer between optimizers is non-trivial. Even similar optimizers may
need very different hyperparameters (e.g., Lion’s optimal weight decay ~0.6 vs. AdamW’s ~0.1,
Figure 1, top right), so fixing hyperparameters across optimizers can lead to unfair comparisons.

2. The speedup of new optimizers is lower than claimed and diminishes with model size. Many
reported speedups of 2x simply reflect a weak baseline. Against our well-tuned AdamW baseline,
the speedup of alternative optimizers does not exceed 1.4 x (Figure 4). Furthermore, while new
optimizers such as Muon and Soap show 1.3 x speedups for small models (0.1B), the speedups
diminish to around 1.1 x for 1.2B parameter models at 8 x Chinchilla Ratio (Figure 1, bottom
left), a regime that is not tested in previous works studying the scaling law of these optimizers '.

3. Early-stage loss curves can mislead significantly. During learning rate decay, loss curves of
different optimizers may cross multiple times (Figure 6), so judging optimizers using intermediate
checkpoints may result in a different ranking than comparing models at the target training budget.

Our benchmarking also reveals new insights about optimizer design:

1. Matrix-based optimizers consistently outperform scalar-based optimizers for small models.
Scalar-based optimizers (e.g., AdamW, Lion, Mars, etc.) update each parameter individually using
scalar operations. After proper tuning, all scalar-based optimizers achieve similar optimization
speeds to AdamW, with an average speedup ratio of less than 1.2x. Matrix-based optimizers (e.g.,
Kron, Muon, Soap, etc.) leverage the inherent matrix structure of neural network parameters and
precondition gradients using matrix multiplication. Despite their diverse update rules, matrix-
based optimizers all deliver approximately a 1.3x speedup over AdamW (Figure 1, bottom right)
for models under 520M parameters.

2. Optimal choice of optimizer shifts depends on data-to-model ratios. A winner in the 1x
Chinchilla regime may be suboptimal when data-to-model ratio increases. For example, while
Muon is consistently the best optimizer in smaller Chinchilla ratio regimes, it is outperformed by
Kron and Soap when the data-to-model ratio increases to 8x or larger (Figures 4 and 5).

2 RELATED WORKS

Due to page limit, a more detailed discussion of the related work is deferred to Section B.

Optimizers for Pretraining. Research on optimization for deep learning builds on classical stochastic
methods Robbins and Monro (1951); Nesterov (1983); Duchi et al. (2011) and neural network—specific
insights Sutskever et al. (2013), leading to adaptive methods such as Adam Kingma and Ba (2017) and
its variants (e.g., AdamW Loshchilov and Hutter (2019), Nesterov Adam Dozat (2016)). Subsequent

'The original Soap paper Vyas et al. (2025) investigate model sizes up to 0.6B parameters. and Kimi’s paper
on Muon Liu et al. (2025a) only considers 1x Chinchilla regime.
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improvements have addressed convergence guarantees, variance reduction Yuan et al. (2025); Pagliar-
dini et al. (2024), memory efficiency Shazeer and Stern (2018); Zhang et al. (2025b), and large-batch
training You et al. (2020). In parallel, matrix-preconditioned methods such as Shampoo Gupta
et al. (2018), Muon Jordan et al. (2024), and Scion Pethick et al. (2025) have emerged, alongside
approaches leveraging Hessian information Yao et al. (2021) or symbolic discovery Chen et al. (2023).
Another popular line of research is designing better optimizers specifically for pretraining. These op-
timizers are our main objects of study. An (incomplete) list of optimizers and their claimed speedups
over AdamW includes Sophia Liu et al. (2024a) (2x), Soap Vyas et al. (2025) (1.4x), Muon Jordan
et al. (2024); Liu et al. (2025a) (2x), MARS Yuan et al. (2025) (2x), Cautious AdamW Liang et al.
(2025) (2%), Block-wise Learning Rate Adam Wang et al. (2025) (2x), FOCUS Liu et al. (2025c)
(2x), SWAN Ma et al. (2025) (2x), DION Ahn et al. (2025) (3x), and SPlus Frans et al. (2025) (2x).
We present a comparison of setups with these prior works in Section I.

Re-evaluation Methodology. Our work is a rigorous evaluation of optimizers for pretraining. Rigor-
ous evaluation has been an important part of deep learning research to clarify the current status of
research and move the community forward. Jiang et al. (2019) critically examines metrics for pre-
dicting LLMs’ generalization capability and has facilitated research on understanding loss landscape
sharpness and generalization and new optimizers such as SAM Foret et al. (2021). Reevaluations for
optimizers in different settings than us have also shown insight on optimizer design Schmidt et al.
(2021); Zhao et al. (2025); Kasimbeg et al. (2025).

Comparison with concurrent work Semenov et al. (2025) Semenov et al. (2025) study the same
problem of benchmarking optimizers for pretraining and reach similar high-level conclusions on
the importance of weight decay, learning rate decay, and the benefits of variance-reduced AdamW
variants. Our results diverge in the relative ranking of matrix-level optimizers: while we find Muon
competitive with or surpassing Mars, they report the opposite. We attribute this to differences in
experimental regimes—our larger-batch TPU-v5lite setting favors matrix-level methods, whereas
their smaller-batch GPU setting amplifies the advantages of variance reduction. Additional differences
in learning rate sweeps and Muon tuning strategies further contribute to the discrepancy, underscoring
the sensitivity of optimizer benchmarking to batch size, hardware, and hyperparameter tuning.

3 METHODOLOGY

This section outlines our experimental de- _OPtimizer  References Alg

sign and evaluation protocol. Section 3.1  Baseline

introduces the general setup, followed by a ~ o Loshchilov and Hutter (2019) Alg. 1
three-phase hyperparameter-tuning frame-
work: Phase I (Section 3.2) uses coordinate-  Variance-reduced AdamW Variants

descent sweeps across model sizes and data  NadamW Dozat (2016) Alg. 2
ratios to identify scaling-sensitive parame-  Mars Yuan et al. (2025) Alg. 5
ters; Phase II (Section 3.3) refines these on  Cautious Liang et al. (2025) Alg. 7

mid-scale settings and selects optimizers;
Phase III (Section 3.4) extrapolates hyper-
parameter scaling laws to 1.2B parameter ~Lion ~ Chenetal. (2023) Alg. 3
and 16x Chinchilla regime. Optimal con- _Adam-mini  Zhang et al. (2025b) Alg. 6
figurations and loss trends appear in Sec-  Matrix-based Optimizers

tion D.

Memory-efficient Optimizers

Muon Jordan et al. (2024) Alg. 8

Scion Pethick et al. (2025) Alg. 9

Kron (PSGD) Li (2018a; 2022) Alg. 10
3.1 GENERAL EXPERIMENTAL SETUP  Soap Vyas et al. (2025) Alg. 11

Hessian-Approximation Optimizers

Following OLMo et al. (2025), we con-

duct all our experiments on a large-scale ~ Sophia Liu et al. (2024a) Alg. 4
pretraining corpus composed of three pub-
licly available datasets, tokenized with the Table 1: Optimizers under study

Llama3 tokenizer: DCLM-baseline (3.8
trillion tokens, Li et al. (2025b)), StarCoder Data (0.25 trillion tokens, Lozhkov et al. (2024)),
and ProofPile 2 (55 billion tokens, Azerbayev et al. (2024)).
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Stage LR WD min Ir ratio Warmup Max Grad Norm Batch Val. Loss

Init 0.008 0.1 0 1000 1 256 3.298
Round 1 0.008 0.1 0 2000 1 256 3.282
Round 2 0.008 0.1 0 2000 1 128 3.263
Best 0.008 0.1 0 2000 2 128 3.263

Table 2: Illustrative coordinate-descent steps for AdamW on the 130M 1x Chinchilla regime. Un-
changed hyperparameters: 3; = 0.9, 32 = 0.98,¢ = 10710,

Our benchmarks cover four model sizes derived from the architecture Touvron et al. (2023a;b);
Grattafiori et al. (2024), with approximately 130M, 300M, 520M, and 1.2B parameters. Each variant
uses a fixed sequence length of 4,096 and 32 transformer layers (following Liu et al. (2024b)),
differing only in hidden dimension, intermediate dimension, and number of attention heads. Detailed
hyperparameters are summarized in Table 4. Training is implemented in JAX and executed on TPU
v5 hardware. We employ a mixed-precision scheme (parameters in fp32 and activations in bf16). For
each model, we use 20 times its non-embedding parameter count to compute the Chinchilla optimal
data-to-model ratio based on Hoffmann et al. (2022). We will use nx Chinchilla to represent training
the models for n times the Chinchilla optimal number of tokens.

Our primary evaluation metric for the model is the language modeling loss on the English split of
the C4 dataset Raffel et al. (2023), which has been shown to be a strong proxy for downstream
performance Bhagia et al. (2024). We also track downstream accuracy and bits-per-byte on the
following suite of benchmarks: ARC (Easy and Challenge) Clark et al. (2018), BoolQ Clark et al.
(2019), COPA Gordon et al. (2012), CommonsenseQA Talmor et al. (2018), HellaSwag Zellers et al.
(2019), LAMBADA Paperno et al. (2016), OpenBookQA Mihaylov et al. (2018), PIQA Bisk et al.
(2020), WSC273 Levesque et al. (2012), and Winogrande Sakaguchi et al. (2020).

Our study includes a wide range of eleven optimizers listed in Table 1. Due to the page limit, we defer
the exact algorithm descriptions of these optimizers to Section C. We selected these eleven optimizers
according to three guiding principles: (i) include widely adopted baselines such as AdamW and
Lion; (ii) cover recently proposed optimizers; and (iii) when multiple methods share a similar update
rule, choose a few representative algorithms. These choices ensure both breadth and depth in our
comparison. We group the optimizers under study into five general classes:

1. Our baseline algorithm is AdamW, with m, and v; being first- and second-order momentum of
gradient. AdamW’s update rule is wy4+1 = wy — 7

me
\/ﬁfﬁ-e — N Aw.
2. Reducing the variance of updates is a shared motivation behind many optimizers. For exam-
ple, Nesterov AdamW incorporates the Nesterov lookahead technique to estimate gradients more

accurately, with the following update rule: w; 1 = w; — 7 % —nAwy.

3. Optimizers such as Lion aim to reduce the memory required by AdamW by only keeping the

first-order momentum. Lion is observed to perform better than AdamW at a small scale Liang et al.
(2025): wir1 = wy — nsign(Bame + (1 — B2)gt), where my is the first-order momentum.

4. Other optimizers like Muon leverage the matrix structure of neural networks and perform pre-
conditioning of gradients through matrix multiplication instead of scalar multiplication. For Muon,
the key operation is called Newton-Schulz: NS(M) = M (aM + bM "M + ¢(M T M)?). With
appropriate a, b, ¢, one can prove that NS (M) ~ arg maxo|,,—1 Tr(OT M) when ||M||o, < 1.
Muon has the following update rule: wy, = wy — 7 NS(®) (Bamy + (1 — B2)g:). This is done for
all the matrices except the token classification head and the embedding in the network, which are
optimized by AdamW.

5. Optimizers including Sophia are motivated by the famous Newton’s method and use Hessian-vector
product to approximate the diagonalized version of the Hessian matrix empirically.?

3.2 PHASE I: FINE-GRAINED HYPERPARAMETER COORDINATE DESCENT

Fixed or lightly tuned baselines can severely understate an optimizer’s capability and lead to overstated
speedup claims. For instance, a single tweak to the learning-rate schedule with peak learning rate 6e-4

>We defer the result of Sophia to Section D.4.
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Optimizer Scaling-Sensitive Hyperparameters

AdamW learning rate, warmup, weight decay, batch
size

Nesterov AdamW  learning rate, warmup

Muon learning rate

Soap learning rate, warmup, block size

Table 3: Scaling-sensitive hyperparameters identified in Phase I (Section 3.2) for a selected subset of
optimizers, see full list at Table 5. To reduce Soap’s memory, we apply parameter blocking as in Anil
et al. (2021).

in the GPT-3 recipe Brown et al. (2020) can produce nearly a 2x speedup (Figure 1, left). To avoid
such artifacts, we perform an exhaustive, one-at-a-time sweep over each hyperparameter, identify
the set of near-best configurations in each regime, and then determine which knobs truly require
re-tuning as scale changes.

For each optimizer, we define a discrete grid for every hyperparameter (e.g., for AdamW, our swept
hyperparameters include learning rate, weight decay, warmup steps, 51, 32, €, gradient-norm clipping,
and batch size). Starting from a initial hyperparameter configuration similar to the one in the original
paper or is commonly used in pretraining in each iteration, we hold all but one hyperparameter fixed
at the best values, then search the whole grid for that parameter, and accept the new value if the
validation loss improves by more than A; = 3 x 1073, We repeat passes until no parameter update
yields further significant gain. We perform this sweeping for 6 different settings, namely 130M,
300M, 500M at 1x Chinchilla and 130M at 2x, 4x, 8x Chinchilla. One exemplary hyperparameter
optimization procedure for AdamW on a model with 300M parameters and 1x Chinchilla is shown
in Table 2.

Result of Phase 1. By the end of Phase I, we have, for each optimizer and each of the six regimes
(130M, 300M, 500M at 1x; 130M at 2x, 4%, 8x Chinchilla), identified a coordinate-wise local
optimum of hyperparameters— when all hyperparameters except one are held fixed, minimizes
validation loss.

3.3 PHASE II: COORDINATE DESCENT ON SCALING-SENSITIVE HYPERPARAMETERS

While the extensive coordinate descent guarantees coordinate-wise optimality, it is too costly to
perform on larger-scale experiments. We empirically observe two crucial properties of the sweeping
that allow us to simplify the descent procedure: (1) Losses are sensitive to only a subset of hyper-
parameters; many have little effect on performance when perturbed from their optimal values. (2)
Among the sensitive hyperparameters, the optimal settings for most remain stable across scales, so
tuning is needed only at smaller scales.

Building on these observations, we can simplify our hyperparameter search by identifying scaling-
sensitive parameters, which (i) crucially influence the final performance, and (ii) change with respect
to the model scale. We define the approximate-optimal configuration for a given regime as the set
of all hyperparameter tuples whose final loss lies within A, =6.4e-3 of the regime’s best-observed
loss Ly, where r denotes a regime/setting, that is, r is a pair of choice of model size and data
budget. Concretely, let ¢;, denotes a hyperparameter (where h is the index) and c be the tuple of all
hyperparameters.

1. For each regime , let C, = { ¢ : L(c) < L} + Ay} be all the hyperparameter configurations in
our coordinate descent procedure that yield approximately optimal loss.

2. A hyperparameter cy, is called scaling-insensitive if there exists a single value vj, such that there
exists ¢ € C,. such that ¢;, = vy, for every regime r in Phase 1. Otherwise, ¢;, is scaling-sensitive,
meaning its optimal value shifts depending on model size or data budget.

We carry forward only the scaling-sensitive hyperparameters (shown in Table 5) into Phase II, thereby
focusing our next round of coordinate-descent sweeps on the hyperparameters that truly require
re-tuning across scaling regimes. We then perform sweeping for another 6 different settings, namely
300M, 500M at 2x, 4x, 8x Chinchilla.
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Figure 2: Main Results For Phase I & II. Top: We plot the validation loss on C4/EN for the
experiments in Phase I and Phase II. Every point corresponds to the optimal loss achieved at the
corresponding Chinchilla ratio for each optimizer. Bottom: we plot the HellaSwag performance
corresponding to the selected run for a subset of optimizers: the AdamW baseline, the top 2 most
performant scalar-based optimizers, and the top 3 most performant matrix-based optimizers. Analysis
is deferred to Section 4.1.
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Figure 3: Speedup of different optimizers across scale. We estimate the speedup of different
optimizers by fitting a scaling law for AdamW and then map the loss of different optimizers to the
corresponding equivalent data budget. We observe that (i) The highest speedup is capped at 1.4x;
(i1) matrix-based optimizers consistently outperform scalar-based optimizers and show an increasing
speedup with data budget.

Result of Phase II. Combined with the results in Phase I, we obtain a set of near-optimal hyperpa-
rameters and their corresponding losses for 12 different settings (130M, 300M, S00M and 1x, 2x, 4x,
8x Chinchilla).

To quantify the speedup of different optimizers over the baseline AdamW, we fit how AdamW’s loss
scales with data budget D for each model size N with the following functional form: Ly (D) =
anyD B~y 4 B . Suppose an optimizer achieves 10ss Lopgimizer at data budget Dopgimizer. We calculate
the corresponding data budget needed for AdamW to achieve this loss, denoted by Dagamw by
finding the solution to the equation Ly (Dadamw) = Loptimizer- We then use D agamw / Dopimizer as the
estimated speedup ratio.

Through this set of experiments, we observed that matrix-based optimizers consistently outperform
scalar-based optimizers, but all optimizers’ speedup ratios over AdamW do not exceed 1.4 x.

3.4 PHASE III: HYPERPARAMETER SCALING LAW FOR FURTHER EXTRAPOLATION

Having obtained optimized hyperparameter settings from Phase II (Section 3.3), we now fit a smooth
scaling law that predicts the optimal value of each scaling-sensitive hyperparameter as a function of
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Figure 4: Speedup of different optimizers across scale. We estimate the speedup of different
optimizers by fitting a scaling law for AdamW and then map the loss of different optimizers to the
corresponding equivalent data budget. We observe that (i) The highest speedup is capped at 1.4 x;
(i1) matrix-based optimizers consistently outperform scalar-based optimizers and show an increasing
speedup with data budget.

model size N and data budget D. Concretely, we model the optimal value for each scaling-sensitive
hyperparameter h as: h(N, D) = a N=4 DB + 3 where A, B, o, and {3 are learned coefficients.

We estimate these parameters via non-linear least-squares on the 12 observed (N, D, h) triples for
each optimizer, minimizing the squared error between predicted and actual optimal hyperparameter
values. To test the quality of our prediction, we ran a full Phase I sweep at N = 1.2B and Chinchilla
=1 for AdamW. Comparing the identified optimum against our fitted hyperparameters, we observe
that our predicted hyperparameters yield a final loss within 3e-3 of the optimal configuration, showing
that our hyperparameter scaling law can effectively predict the optimal hyperparameters. We then
performed two case studies to further extrapolate our benchmarking:

1. To test the effect of scaling up model sizes, we train 1.2B models using AdamW, Nesterov AdamW,
and Muon on 1 to 8x Chinchilla ratio.

2. To further test the effect of different optimizers when data-to-model ratios are high, we train 130M
and 300M models using AdamW, Nesterov AdamW, Muon, and Soap on 16x Chinchilla ratio.

Results of Phase III. We demonstrate two potential shortcomings of Muon optimizers, which is
the best optimizers in Phase I and Phase II, through experiments in this phase: (i) while Muon’s
speedup persists for models up to 1.2B parameters, the speedup decreases to under 1.2x; (ii) With a
16x Chinchilla ratio, Soap outperform Muon on the 130M and 300M models.

4 EMPIRICAL FINDINGS

4.1 MAIN RESULTS

Results on 0.1B-0.5B-parameter models. Figure 2 shows the validation loss curves for the 130M,
300M, and 520M models with varying Chinchilla ratios (1 to 8) in our benchmark. We further show
that HellaSwag accuracy improvements closely mirror validation-loss gains. This is consistent with
prior works that show lower losses translates to better downstream accuracy Bhagia et al. (2024);
Liu et al. (2025b). Across all model scales and compute budgets, both the variance-reduced Adam
variants (NAdamW, Mars, Cautious) and the matrix-based optimizers deliver speedups over the
AdamW baseline. However, no method achieves 2x step-wise acceleration claimed in previous
literature. We note that Soap Vyas et al. (2025) is one of the few works that conduct independent
hyperparameter sweeping for the baseline, and it indeed reports a speedup closest to the actual
observed improvement. Following the methodology defined in Section 3.3, we calculate the estimated
speedup ratio of different optimizers in Figure 4 and the highest speedup ratio is 1.4x. From the
measured speedups, three patterns stand out in this computation regime:

1. Matrix-based methods outperform scalar-based methods. The speedup ratio increases with
data budget yet decreases with model size. For every model size, matrix-based optimizers (Soap,
Muon, Kron, Scion—solid curves) consistently drive validation loss below that of their scalar-based
counterparts (dashed curves). In the base (1x Chinchilla) compute regime, Muon performs best, but
at 8x Chinchilla compute, the advantage shifts to Soap and Kron. As shown by the super-linear trend
in Figure 4, the speedup ratios of these three optimizers grow with increasing data budget. To the best
of authors’ knowledge, this dependency on data budget is not noted in prior works, which typically
only experiment on one data-to-model ratio.
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Figure 5: Case Studies. Left: Validation loss scaling on 1.2B model for AdamW, NAdamW, Muon
and Soap. Muon and Soap still offer significant speedup over AdamW but no longer significantly
speed up over NAdamW. Mid: Estimated speedup ratio with the same methodology Figure 4, we
observe that Muon and Soap’s speedup decays with model size to only 1.1x. Last: Experiment with
300M 16 x Chinchilla setting, Soap outperforms Muon when data-to-model ratio further increases.

However, the greatest gains occur on the 130M model, after which the speedup decreases to roughly
1.3x for larger model sizes. We will affirm this observation further in the experiments of 1.2B models,
showing that the speedup ratios of matrix-based optimizers decrease to 1.1x for the 1.2B model.

2. Variance-reduction techniques provide a small but clear lift. Within the scalar-based family,
all variance-reduced Adam variants (NAdamW, Mars, Cautious) surpass vanilla AdamW—except
for a small lag at the smallest experiment. Muon combines matrix-based updates with Nesterov
momentum, illustrating how variance reduction compounds with matrix adaptation can yield greater
efficiency. This result is very different from the 2 x speedup reported in prior works and we attribute
this disparity to the better-tuned baseline.

3. Memory-efficient variants of AdamW closely track the performance of AdamW. The two memory-
efficient AdamW variants (Lion, Adam-mini)—despite their reduced auxiliary state—closely track
the performance of AdamW, with a slowdown of at most 5% and sometimes even perform better than
AdamW. Interestingly, Lion and Adam-mini show different scaling trends regarding model size: the
disadvantage of Lion relative to AdamW widens while the disadvantage of Adam-mini over AdamW
narrows.

Results on 1.2B-parameters Models. Using the hyperparameter scaling law we fit (Section 3.3),
we scale up the model size to 1.2B to examine how the speedup of optimizers scales with model
size. We observe that NAdamW, Muon, and Soap still deliver speedup over AdamW, but the speedup
deminishes to ~1.1x for all these optimizers (Figure 5, Left and Mid) and no longer leads to
downstream improvements (Table 6). While the exact reason for the speedup decay is not clear,
we conjecture that the landscape-adaptation advantage of matrix-based optimizers plays a smaller
role at the largest model scale we tested, where the noise factor may be more important for training
dynamics, leading to similar performance between Muon and Nesterov AdamW.

High data-to-model Ratio. In our previous experiments, Muon is outperformed by Soap in the 8 x
Chinchilla regime for the 130M and 520M models. We further train three 300M models to 16x
Chinchilla and verify that Muon is no longer the optimal optimizer when the data-to-model ratio
increases (Figure 5, right). We conjecture that the second-order momentum maintained by Soap and
Kron becomes more effective, and adaptivity to heterogeneity in parameter directions may lead to
a larger speedup when the data-to-model ratio increases. We also perform similar experiments on
130M models and reach the same results (deferred to Section D.5).

4.2 NECESSITY OF RIGOROUS BENCHMARKING

Our systematic sweeps uncover both universal optimization principles and surprising optimization-
specific nuances, which call for rigorous study when designing future optimizers.

First, we find that even a superior optimizer can underperform a less advanced method when its
hyperparameters are not precisely tuned. In our exhaustive grid searches, slight deviations from each
optimizer’s ideal learning rate or other critical hyperparameter often lead to degradation in validation
loss that is large enough to flip the ordering (Figure 6, Left). This hyperparameter sensitivity means
manual selection without systematic sweeps will likely produce arbitrary ranking of the optimizers.
To further demonstrate this, we plot how validation losses vary when only one of the hyperparameters
deviates from optimal value for Muon, Soap, Mars on 520M model in 1 x Chinchilla regime (Figure 6,
Mid). The ordering of the optimizers can easily flip if one chooses a sub-optimal hyperparameter.
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Figure 6: Necessity of Careful Tuning. Left: 2x the optimal learning rate diminishes Soap’s
loss improvement over Mars on 520M 8x experiment; Mid: Variation of loss when only one
hyperparameter differs from optimal learning rate and runs converge to within 0.02 of optimal. The
order of optimizers may flip arbitrarily if rigorous tuning is missing. Right: Changing a single
hyperparameter like weight decay may lead to misleading faster loss improvement but plateaus later.
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Figure 7: Common Phenomena Across Optimizers. Left: Learning rate used for different optimiz-
ers. Middle Left: Parameter norm of all optimizers shows a similar trend of increment and decrease,
closely aligning the increasing and decaying of learning rate schedule. Middle Right: Gradient norm
increases during learning rate decay. However, this increase does not lead to a loss increase. Right:
The training loss and evaluation loss follows the same trend for all optimizers.

Second, using the same hyperparameters for different optimizers do not guarantee fair comparison
between optimizers. For example, while weight decay is essential across all optimizers for optimal
performance, the optimal decay strength varies markedly between optimizers. As shown in (Figure 1,
top right), optimal weight decay coefficients differ between the optimizers studied. We also note the
optimal weight decay for Kron is larger than the conventional 0.1 and is approximately 0.5, which is
crucial for Kron to outperform AdamW.

Third, early training behavior can be highly misleading. Validation-loss curves during this initial
phase tend to exaggerate performance gaps (Figure 1, bottom right) and, in some cases, even reverse
the eventual ranking, (Figure 6, right). Many optimizers exhibit rapid early descent followed by
plateauing, meaning that assessments based solely on losses before the end of the training trajectories
fail to predict final outcomes.

4.3 COMMON PHENOMENA ACROSS OPTIMIZERS

Through logging the evolution of weight and gradient norms, we discovered some shared optimization
phenomena across optimizers.

Parameter norms typically track learning rate decay when there is weight decay We observe
that the parameter norms of all optimizers show a similar pattern of increase and decrease, closely
aligning with the increase and decrease of the learning rate if there is a decay phase. However, the
absolute values of parameter norms are very different across optimizers (Figure 7, Middle Left).

Gradient norm increases during learning rate decay. Across all the optimizers, the gradient norms
increase during the training run. However, this increase does not lead to a loss increase. Similar
to the parameter norms, the absolute values of gradient norms are not consistent across optimizers.
These two phenomena are also reported in the previous work Defazio (2025), where the author also
provides a theoretical explanation for both phenomena. We provide additional evidence that these
two phenomena are not artifacts of the chosen optimizer AdamW but rather common phenomena
across optimizers (Figure 7, Middle Right).

Different optimizers have similar generalization behavior. For architecture design, it has been
observed that different architectures can have vastly different generalization behaviors Lu et al. (2025).
However, this is not the case for optimizers, and the evaluation losses and training losses follow
roughly the same trend for all optimizers at the regimes we experimented on (Figure 7, Right).
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A DISCUSSION

We benchmarked 11 optimizers in pretraining and found that their true gains over AdamW are
much smaller than previously reported. Our results highlight three key lessons: (i) many claimed
speedups stem from insufficient hyperparameter tuning, as fair sweeps eliminate most of the apparent
advantages; (ii) comparisons based on early or inconsistent evaluation can be misleading, since
optimizer rankings often change over the full training trajectory; and (iii) even the best-performing
alternatives provide only modest speedups, which further diminish with model scale, dropping to
1.1x at 1.2B parameters. This benchmarking study has the limitation that it does we haven’t scaled to
models larger than 1.2B parameters. However, we believe that evaluating optimizers on models of
comparable size to prior studies is still valuable, as it reveals that insufficient tuning is a major cause
of subpar speedups. LLM is used to fix grammar mistakes for this paper.

B EXTENDED RELATED WORK

Optimizers for Deep Learning. A long line of work has studied optimization for deep learning,
incorporating insights from classical optimization literature Robbins and Monro (1951); Nesterov
(1983); Duchi et al. (2011) and domain knowledge about deep neural networks Sutskever et al.
(2013). (i) Early insights motivated the rise of optimizers that use adaptive learning rates based on
second-order momentum Tieleman (2012); Zeiler (2012); Kingma and Ba (2017). Adam Kingma and
Ba (2017) later became the default baseline for optimizers with adaptive learning rates. Since then,
improvements over Adam and SGD have been proposed, with notable examples including Nesterov
Adam Dozat (2016) and AdamW with decoupled weight decay Loshchilov and Hutter (2019). Other
improvements include addressing the convergence of Adam on convex loss Reddi et al. (2018);
Zaheer et al. (2018); Taniguchi et al. (2024), considering interpolation between Adam and SGD to
improve generalization Luo et al. (2019); Xie et al. (2022), performing further variance reductions
on optimizer updates Liu et al. (2021); Zhang et al. (2019); Yuan et al. (2025); Xie et al. (2024);
Pagliardini et al. (2024); Zhuang et al. (2020), incorporating momentum on weights Ivgi et al. (2023);
Defazio et al. (2024b), allowing easier hyperparameter tuning Defazio and Mishchenko (2023);
Mishchenko and Defazio (2024); Defazio et al. (2024a), reducing memory usage by incorporating
the structure of neural networks Shazeer and Stern (2018); Zhang et al. (2025b); Zhu et al. (2025);
Luo et al. (2023); Modoranu et al. (2024); Zhao et al. (2024), and modifying the algorithm to allow
larger batch sizes You et al. (2017; 2020). (ii) Starting from Preconditioned SGD Li (2018a) and
Shampoo Gupta et al. (2018), another line of optimizer design Morwani et al. (2024); Eschenhagen
et al. (2023); Martens and Grosse (2020); Li (2018b); Eschenhagen et al. (2025) began to incorporate
matrix preconditioners instead of simple scalar preconditioners. Techniques including learning rate
grafting Agarwal et al. (2020), blocking, and distributed methodology Anil et al. (2021) have since
been proposed. These matrix-based approaches later led to the theory of modular duality in deep
learning optimization Bernstein and Newhouse (2024a;b); Large et al. (2024) and new optimizers
including Muon Jordan et al. (2024) and Scion Pethick et al. (2025). (iii) Motivated by Newton’s
algorithm, there has been a line of work that tries to incorporate Hessian information Becker and
Cun (1989); Yao et al. (2021); Schaul et al. (2013); Yao et al. (2021). (iv) Symbolic discovery of
optimizers Chen et al. (2023) has discovered a memory-efficient SignGD Bernstein et al. (2018)
variant called Lion, which claims to outperform Adam on a wide range of tasks.

Optimization for Pretraining. Since Brown et al. (2020), the cost of pretraining has increased
dramatically. One of the challenges is how to choose hyperparameters with minimal cost. A
pivotal line of work in this direction is the tensor program series that allows for extrapolating some
hyperparameters across scales Yang (2020b;c;a; 2021); Yang and Littwin (2023); Yang et al. (2022;
2024). Empirical results suggest that fitting a power law to scale hyperparameters is now common
practice for large models Li et al. (2025a); Everett et al. (2024); Liu et al. (2025a); DeepSeek-Al
et al. (2024); Zhang et al. (2025a). We have also incorporated this approach in our paper. Another
popular line of research is designing better optimizers specifically for pretraining. These optimizers
are our main objects of study. An (incomplete) list of optimizers and their claimed speedups over
AdamW includes Sophia Liu et al. (2024a) (2x), Soap Vyas et al. (2025) (1.4 x), Muon Jordan et al.
(2024); Liu et al. (2025a) (2x), MARS Yuan et al. (2025) (2x), Cautious AdamW Liang et al. (2025)
(2x), Block-wise Learning Rate Adam Wang et al. (2025) (2x), FOCUS Liu et al. (2025¢) (2x),
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SWAN Ma et al. (2025) (2x), DION Ahn et al. (2025) (3x), and SPlus Frans et al. (2025) (2x). We
present a comparison of setups with these prior works in Section I.

Benchmarking Optimizers Schmidt et al. (2021) re-evaluated optimizers at that time and showed that
(i) which optimizer is optimal is problem-specific, and (ii) rigorous hyperparameter tuning is required
and unequal tuning can account for most of the claimed speedup. Unlike Schmidt et al. (2021), we
evaluate the LLM pretraining task and include modern optimizers they did not test. However, we
arrive at a similar conclusion: rigorous and fair hyperparameter tuning is still not the norm, but rather
the exception in optimizer design research. Zhao et al. (2025) also examines how different optimizers
perform on the pretraining tasks. However, the focus of Zhao et al. (2025) is on understanding loss
structure, and the optimizers tested in the paper are shown to have slower convergence compared
to AdamW, whereas the optimizers tested in this paper show small but significant improvements in
convergence speed. The Algoperf competition Kasimbeg et al. (2025) evaluates different optimizers
across different settings and arrives at a similar conclusion that (i) matrix-based optimizers and (ii)
denoising methods such as Nesterov momentum lead to speedup over AdamW. Our works focus on
the pretraining setting and investigates the effect of scaling dataset and model sizes.

Comparison with concurrent work Semenov et al. (2025) Semenov et al. (2025) investigates
the same topic of benchmarking optimizers for pre-training. These two works agree on many high-
level points, e.g., (i) non-zero weight decay and decaying to a small learning rate are essential for
pretraining; (ii) variance-reduced AdamW variants such as Mars show non-trivial speedups over
vanilla AdamW.

However, our results differ in the relative performance of matrix-level optimizers. Our paper shows
that matrix-level optimizers such as Muon can achieve significant speedups over variance-reduced
versions of AdamW, such as Mars, their study finds that AdEMaMix and Mars outperform Muon.
Our initial investigation suggests this discrepancy largely stems from the differences in the batch
sizes used in experiments. Their most extensively tuned experiments on 130M models use a batch
size of only 0.1M and 0.02M tokens, whereas our experiments operate with tuned batch sizes that
are not smaller than 0.4M tokens. This difference is likely a result of different hardware regimes.
We leverage 128 TPU-v5lite chips (which are approximately equivalent to 12 H100 GPUs), where
only larger batches (larger than 0.4M) can fully utilize the parallelism in the compute. On the other
side, their experiments appear to be primarily conducted on 1-8 H100 GPUs, where smaller batches
might be preferable. Since Mars and AAEMAMix both perform gradient averaging and variance
reduction, these methods are advantangeous in their noise-dominated small-batch regime, whereas in
our larger-batch setting these benefits diminish and matrix-level optimizers become more competitive.

In their larger scale experiments, Semenov et al. (2025) increase both model size to 720M parameters
and batch size to 1M tokens, respectively, which is closer to our setting. However, we differ in
hyperparameter tuning methodology: (i) we conduct more extensive sweeps over learning rates
on our 520M scales experiments and generally find higher values (4e-3 to 8e-3) compared to their
choices (le-3 to 2e-3), which are transferred from smaller scale and for some optimizers are not
tuned; and (ii) for Muon, we separately tune the learning rates for the embedding layers and the
matrix weights, which also improves its performance. These differences highlight the sensitivity of
optimizer benchmarking to hardware and tuning strategies, underscoring the importance of carefully
controlled experimental design when comparing optimizer performance.

C OPTIMIZER DEFINITIONS

In this section, we present the algorithm for each optimizer we evaluated.

Throughout this section, we use the following notation: w; for model parameters, g, for gradients at
step t, n for learning rate, A for weight decay, 31, B2 for moment decay rates, e for numerical stability,
Jnorm for gradient norm, and m, v for first and second moments. All operations are element-wise
unless specified.
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Algorithm 1 AdamW

Hyperparameters: 51, 02, €, 17, A, gnorm
State: m, v

Update Rule:

“ . Jnorm

Gt = g¢ min{1, Hg‘z||2}
my = 1 me—1 + (1 — B1) Ge,
vy = Povp_1 + (1 — 52)@3,

o my
my

A Ut
= Vg = ————
t? )
1-p; 1—p55

me
W41 = Wy — 1) —=
VU + €

— NAw.

Algorithm 2 Nesterov AdamW

Hyperparameters: ﬁlv 627 € 1, )‘7 Ynorm
State: m, v

Update Rule:

g = gemin{1, Ty
gl
my = Brmy_1 + (1 — B1) G,
v = Bavi1 + (1 - B2) 37,
my = frme + (1= B1) g,
. my . vy
my = 1_5? Ut:ﬁ’

my
W41 = Wt — 1 — =
VUt + €

— NAwy.

Algorithm 3 Lion
Hyperparameters: ﬁla 627 n, € )\a Ynorm
State: m
Update Rule:
gt = g min{1, gnorm}
llgell2

me = Prme—1 + (1 — B1) Gt,
M1 = Pami—1 + (1 — B2) G4,

Wiy = wy — nsign (i) —nAw.
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Algorithm 4 Sophia-H

~

HyperparameterS: {nt}?:h /\7 ka 617 523 Y, €
State: mgo = 0, hl—k = 0, 91
Fort=1,...,T:

gt = veLt(et)

my=Grm—1+ (1 —051) g

If t mod k = 1:
T~ {:I:l}d, v=g;-r, u= Vv,
iz = rou
he = Ba by + (1= B2) h

Else: hy =hi—

0y = 60, — A0,

9t+1 = et — M Clip(m7 1)

Algorithm 5 MARS

Hyperparameters: ﬁl, /827 Y € T, )\7 9norm
State: m, v, g;_1
Update Rule:

A1
Ce=9:+77 " (9t — gt-1),

gnorm
b }7
llcell2
my = frmy—1 + (1 — B1) &,
vy = Bovg—1 4+ (1 — Ba2) &,
~ my “ Ut

my = V¢t = —=
A t?
1- 4t 1— Bt

¢t = ¢ min{1

mye
wt+1=wt—n\/T
U + €

— N A wy.
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Algorithm 6 Adam-mini

Hyperparameters: 31, 32, €, 1, A, Gnorm
State: m (with the same shape as w), v (one scalar for each block)
Setup:

1. Partition all parameters into param_blocks: please refer to Zhang et al. (2025b) for
the exact partition scheme.

2. We will use w; , and m, ; to denote the parameters in block b at step ¢

Update

e = gemin{1, )
llg¢ll2
me = frme—1+ (1 — B1) G¢,
A myg
My = ——
=g

for each block b € param_blocks

vip = Bavp—1p + (1 — B2)mean( gt2,b)
Ut,b

1- 54

Wep = W1, — NMb/ (Vb + €) — N AWe_1p.

Vt,b =

Algorithm 7 Cautious
Hyperparameters: 51, 32, €, 17, A, Gnorm
State: m, v
Update Rule:
N . gnorm
gt = g¢ min{1, }
llg¢l2

my = B1my—1+ (1 — B1) gt
ve = Bavg—1 + (1 — Ba) 67,

A my N Ut
my = ) Uy = )
1—pBt 1-—p¢t
1 2
me R
Up = —= st =1(ug- ¢ > 0),
VU + €
o Ut - St &
Up = ———, Wyl = W — QU — 1 AW
mean(s;)
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Algorithm 8 Muon

Hyperparameters: ﬁa n, € ﬁlv BQa €Adam; TTAdam )‘7 Ynorm

State: m

Update Rule For Weights in LM Head, Embedding, and LayerNorm: Same as AdamW
Update Rule For Matrices in Transformer Layer :

llg¢1l2
my = Bmy—1 + Gi,
u=Bm;+ g,

u = NewtonSchulz(u, steps = 5),

g= max(l, rows(w))’

cols(w)

U= su,

Wiy = Wy — QU — N AW

Newton—Schulz Orthogonalization (Operating on Matrices):

X
X < ———, transpose < (rows(X) > cols(X)),
X1 + €
if transpose: X < X T,
fore=1...5:
A=XXT,

B = —4.7750 A + 2.0315 A2,
X < 3.4445X + BX,

if transpose: X < X, return X.

Algorithm 9 Scion

Hyperparameters: 63 1, € 617 523 7SignGD s Ynorm
State: m

Update Rule For Matrices in LM Head and Embedding:

gnorm

}
llg¢1l2
my = Bime—1 + (1 — B1) G¢,

W1 = Wy — NsignGD SigN (772

Jt = gt min{la

Update Rule For Matrices in Transformer Layer : Same as Muon

26



Published as a conference paper at ICLR 2026

Algorithm 10 PSGD Kron

Hyperparameters: (1, 7, A, €, gnorm, Normalize_grads, partition_grads_into_blocks,
merge_small_dims, block_size, target_merged_dim_size, pupd (1),

Setup:

If merge_small_dims is True, then try merging small dimensions into a single dimension
with size target_merged_dim_size greedily.

If partition_grads_into_blocks is True, then partition all parameters into block_size X
block_size blocks.

Define unfold; as the function that unfolds all dimensions except the i-th dimension into a
single dimension and fold; as the inverse function.

State (per block /): Denote w') as the parameters in block ¢ and assume it has shape
di X dg X --- X dp,.

u(e), with the same shape as w“)7

QED (i=1,...,n), alower-triangular matrix with shape d; x d;

if gnorm > 0 : g¢ = gy min{1, HHOH }else §; = gy

if normalize_grads : §; = ,else gy = gy

||§t||2 +e

M

1-Bf

2. Balance check: bal_ctr < bal_ctr+ 1.If bal_ctr > 100, then Ql@) — balance(Qz(-e)),
bal_ctr < 0. Balance function: balance(QEé)) performs the following steps:

pt = Brpe—1 + (1= B1) gs, fig

(a) Compute the maximum absolute value for each row/column of ng): norms; =
max; 1 |Q; [, K]
(b) Calculate the geometric mean: gmean; = (IT}_; norms;[j]) %
(c) Scale each element: Q(e — Q © igﬁi;
(d) Return the balanced QEZ
3. Preconditioner update: with probability pypa(t),

&‘H

(a) Random probe: V(© « tree_random_like(g{").
(b) Dampen: 1\ « 4\ + ¢ - mean(|a"]) - V©
(c) Conjugate sketch (B):

) =T )
XO =y®  xO0 = folq ((QE‘)) unfoldi(X(z_l))) , B=xm.

(d) Pre-sketch (A):
YO = 50 YO = fold; (Qy) unfoldi(Y“—l))) A=Y

(e) Foreach¢in1,...,n,
M; = unfold;(A), C; = unfold;(B),
T, = MM}, Ty,=CCF, s=max|{(Th +T2)ul,

() (€) Ty —To (o
Q7 — Q7 —a—=Q;".
7 (3 Q s k3

4. (Precondition gradient)

GO =@ G = fold, (Q\ unfold,(GEV)), ¥ =@,
27
5. (Weigh-decay & update)

5O 0 4 aw® w® e p® a0
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Algorithm 11 SOAP

Hyperparameters: 31, 52, u, k, €,block_size, gnorm
State: m, v, GA, GB? QA7 QB

Partition all parameters into block_size x block_size block
Update Rule For Each Block:

llg¢ |2
gr = Qa G: @B,
me=Pimu—1+ (1= B1) G, ve=Pove_1+ (1 —B2) 37,
mt _ my {)t _ V¢
1 _ {7 1 _ 57

iy

Wiyl = We — Nt Qj;(\/g_’_e)ng
t

GA:MGA+(1_M)gtg75T+€Ia GB:MGB—i_(l_M)g;rgt—i_EIa
iftmodk=0: Qa=QR(GaQa), @Qp=QR(GpQ@ps).

Batch Size 524288 1048576 2097152

adamw 3.046 3.055
muon 3.029 3.056

C.1 EQUIVALENCE BETWEEN OUR PARAMETERIZATION AND CONSTRAINED SCION

‘We note that our parameterization for Scion is equivalent to a constrained-Scion formulation, with
the only difference being that we did not separately rescale the weight decay for the embedding and
language-model head parameters. Concretely, one can establish a mapping between the two schemes
as follows.

Let us consider a linear layer with weight W, input dimension d;;,, and output dimension dgt.
Suppose the constrained-Scion update is written in the form

AW = —n'rO—n'W,
where O is the orthogonalized momentum (after appropriate scaling), 7’ is the “base” learning rate,
and r is a spectral radius parameter for constrained Scion.

In contrast, our version applies an update
AW = —n0O —n AW,
where 7 is the learning rate and A is the weight decay coefficient.

‘We can match the two updates by selecting

1
n=n'r, A=-
r

in the constrained Scion setting (or A = 0 in the unconstrained case). This ensures that
O —nAW =—n'rO—n'W.

For layers involving the “sign” component (e.g. the signed momentum .S), the constrained-Scion
variant further scales by a factor di Thus the update takes the form

S
AW = —n'rd— —n'W,
which corresponds to
_n'r din
= din ’ r
in the original formulation with weight decay.
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Optimizer Scaling-Sensitive Hyperparameters

AdamW learning rate, warmup, weight decay, batch
size

Nesterov AdamW  learning rate, warmup

Lion learning rate, beta2

Adam-mini learning rate, weight decay, warmup

Cautious learning rate, batch size

Mars learning rate, warmup, betal

Scion learning rate, betal, # decay steps in WSD
Hu et al. (2024)

Muon learning rate

Soap learning rate, warmup, block size

Kron learning rate

Table 5: Scaling-sensitive hyperparameters identified in Phase I (Section 3.2). To reduce the memory
required by Soap, we apply the parameter blocking as in Anil et al. (2021)

D OMITTED EXPERIMENTS

D.1 ARCHITECTURE HYPERPARAMETER DETAILS

Model Params SeqLen HiddenDim Inter Dim # Layers # Heads
Llama-130M 130M 4096 512 2048 32 8
Llama-300M 300M 4096 768 3072 32 12
Llama-520M 520M 4096 1024 4096 32 16
Llama-1.2B 1.2B 4096 1536 6144 32 24

Table 4: Detailed architecture hyperparameters for each model size we studied.

D.2 SCALING SENSITIVE HYPERPARAMETERS
D.3 SCALING LAW

Based on Sections E and F, we fitted our scaling law for the 1.2B run of Muon, NAdamW and
AdamW, we round the fitted value to our grid of hyperparameter and used hyperparameters are
shown in Section G. After training the models, we fitted a scaling law for Muon and AdamW of the
following form:

L(N,D)=aN 2 +38D B 4~ 1)

The fitted values are
e For AdamW, o = 21.4289, A = 0.1555, 8 = 276.4235, B = 0.2804,~v = 1.7324, with a
RMS error of 3 x 1072,
e For Muon o = 32.7458, A = 0.1864, 6 = 59.0221, B = 0.2074,~ = 1.8063 , with a
RMS error of 5 x 1073,

This scaling law predicts that when the parameter scale reaches 7B, Muon will actually result in a
higher loss compared to AdamW in 1x Chinchilla regime.

D.4 SoOPHIA EXPERIMENTS

We performed a Phase I experiment with Sophia, with detailed hyperparameter settings shown
in Section E. We found that Sophia tends to underperform AdamW in smaller compute regimes and
eventually slightly outperforms AdamW when either the model size or the data size increases.

We also note that the evaluaton in Sophia Liu et al. (2024a) largely follows the correct procedure
of the comparisons in our paper — the peak learning rate was tuned to be optimal for the baseline.
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However, as the data loader in the codebase used did not fully randomize the order of the data, the
optimal peak learning rate in that code base for AdamW is significantly smaller than the optimal

peak learning rate for a fully randomized data loader setting. It turns out that Sophia doesn’t offer
significant speedup over AdamW.

C4/EN Loss vs Model Size at 1x Chinchilla

C4/EN Loss for 130M Model
- - 3.55{ B
35] %:t\ -o- AdamW  -e- Sophia 8 --- AdamW  --- Sophia
o = i 3.501 \
= N N\
= \\\\ \\\
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X 4 S
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Figure 8: Sophia Experiments. Left: Loss curve of Sophia and AdamW in 1x Chinchilla setting.
Right: Loss curve of Sophia and AdamW for 130M model size.

D.5 HIGH DATA-TO-MODEL RATIO

C4/EN Loss for 130M Model

A Muon --- NAdamw
1o
3.50 \‘ --- Adamw Soap
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wn N
3 RN
9 3.351 AN
T
3.301 s
3.25/ S
3.20 S
12 4 8 16

Chinchilla Ratio

Figure 9: More Case Studies. Experiment with 130M 16 x Chinchilla setting, SOAP outperforms
Muon in the overtraining setting.

D.6 EVALUATION PERFORMANCE

Table 6: Benchmark performance of 1.2B models with different optimizers and Chinchilla scaling.
Optimizer LAMBADA OpenBook Wino PIQA BoolQ WSC273 Hella ARC-C. ARC-E COPA Avg

8x Chinchilla (193B)
AdamW  67.16 4140 6496 76.12 68.59 8278 67.56 43.43 7449 85.00 67.15
NAdamW 67.84 4020 64.80 77.15 68.10 83.52 6740 4334 73.61 81.00 66.70
Muon 67.53 39.80  67.09 77.09 68.81 8095 67.67 43.34 73.53 84.00 66.98
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Table 7: Evaluation Performance for Mars, Model Size = 130m

DATA SIZE 2B 5B 10B 2I1B
PERFORMANCE METRIC

LAMBADA OPENAI 0.327 0.377 0.402 0.451
OPENBOOKQA 0.274 0.304 0.298 0.302
WINOGRANDE 0.521 0.512 0.526 0.522
PIQA 0.625 0.652 0.662 0.678
BOOLQ 0.616 0.504 0.569 0.557
WSC273 0.557 0.560 0.579 0.590
HELLASWAG 0SHOT 0.308 0.343 0.365 0.399
ARC CHALLENGE 0.225 0.258 0.272 0.247
ARC EASY 0.462 0.517 0.532 0.544
COPA 0.650 0.690 0.660 0.710
FINAL C4 LOSS 3.537 3.396 3.323 3.247

Table 8: Evaluation Performance for Mars, Model Size = 300m

DATA SIZE 6B 12B 24B 48B
PERFORMANCE METRIC

LAMBADA OPENAI 0.450 0.493 0.514 0.538
OPENBOOKQA 0.300 0.312 0.328 0.328
WINOGRANDE 0.534 0.557 0.549 0.561
PIQA 0.680 0.686 0.695 0.720
BOOLQ 0.480 0.533 0.612 0.608
WSC273 0.586 0.608 0.667 0.667
HELLASWAG O0SHOT 0.395 0.437 0.471 0.502
ARC CHALLENGE 0.253 0.269 0.298 0.307
ARC EASY 0.547 0.580 0.608 0.616
COPA 0.700 0.740 0.720 0.730
FINAL C4 LOSS 3.249 3.158 3.097 3.040

Table 9: Evaluation Performance for Mars, Model Size = 520m

DATA SIZE 10B 21B 42B 85B
PERFORMANCE METRIC

LAMBADA OPENAI 0.513 0.548 0.576 0.601
OPENBOOKQA 0.330 0.336 0.366 0.378
WINOGRANDE 0.548 0.559 0.586 0.601
PIQA 0.704 0.717 0.725 0.735
BOOLQ 0.559 0.598 0.625 0.631
WSC273 0.601 0.696 0.736 0.780
HELLASWAG 0SHOT 0.462 0.513 0.546 0.579
ARC CHALLENGE 0.294 0.317 0.333 0.351
ARC EASY 0.611 0.648 0.665 0.676
COPA 0.730 0.760 0.750 0.750
FINAL C4 LOSS 3.101 3.015 2.955 2.906
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Table 10: Evaluation Performance for Muon, Model Size = 130m

DATA SIZE 2B 5B 10B 2I1B
PERFORMANCE METRIC

LAMBADA OPENAI 0.358 0.396 0.431 0.456
OPENBOOKQA 0.286 0.288 0.318 0.300
WINOGRANDE 0.515 0.518 0.530 0.541
PIQA 0.640 0.660 0.670 0.678
BOOLQ 0.571 0.504 0.583 0.452
WSC273 0.553 0.564 0.579 0.582
HELLASWAG 0SHOT 0.330 0.354 0.381 0.407
ARC CHALLENGE 0.231 0.244 0.269 0.276
ARC EASY 0.493 0.511 0.543 0.559
COPA 0.650 0.720 0.730 0.660
FINAL C4 LOSS 3.464 3.369 3.296 3.240

Table 11: Evaluation Performance for Muon, Model Size = 300m

DATA SIZE 6B 12B 24B 48B
PERFORMANCE METRIC

LAMBADA OPENAI 0.459 0.492 0.529 0.550
OPENBOOKQA 0.302 0.310 0.330 0.346
WINOGRANDE 0.504 0.534 0.548 0.570
PIQA 0.679 0.689 0.695 0.714
BOOLQ 0.482 0.555 0.599 0.570
WSC273 0.615 0.641 0.659 0.656
HELLASWAG O0SHOT 0.406 0.447 0.481 0.509
ARC CHALLENGE 0.270 0.289 0.290 0.316
ARC EASY 0.564 0.591 0.620 0.638
COPA 0.670 0.730 0.700 0.700
FINAL C4 LOSS 3.224 3.143 3.079 3.032

Table 12: Evaluation Performance for Muon, Model Size = 520m

DATA SIZE 10B 21B 42B 85B
PERFORMANCE METRIC

LAMBADA OPENAI 0.520 0.559 0.597 0.611
OPENBOOKQA 0.328 0.340 0.342 0.368
WINOGRANDE 0.560 0.567 0.594 0.590
PIQA 0.713 0.718 0.730 0.736
BOOLQ 0.590 0.555 0.633 0.613
WSC273 0.659 0.667 0.762 0.736
HELLASWAG 0SHOT 0.482 0.525 0.554 0.587
ARC CHALLENGE 0.300 0.318 0.351 0.348
ARC EASY 0.623 0.640 0.671 0.674
COPA 0.730 0.760 0.730 0.780
FINAL C4 LOSS 3.073 3.002 2.945 2.900
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Table 13: Evaluation Performance for Lion, Model Size = 130m

DATA SIZE 2B 5B 10B 2I1B
PERFORMANCE METRIC

LAMBADA OPENAI 0.316 0.380 0.417 0.450
OPENBOOKQA 0.280 0.296 0.312 0.292
WINOGRANDE 0.503 0.518 0.519 0.521
PIQA 0.629 0.649 0.663 0.680
BOOLQ 0.603 0.507 0.419 0.489
WSC273 0.564 0.538 0.590 0.623
HELLASWAG 0SHOT 0.304 0.343 0.366 0.402
ARC CHALLENGE 0.229 0.272 0.262 0.272
ARC EASY 0.464 0.500 0.536 0.539
COPA 0.700 0.670 0.730 0.730
FINAL C4 LOSS 3.552 3.409 3.331 3.252

Table 14: Evaluation Performance for Lion, Model Size = 300m

DATA SIZE 6B 12B 24B 48B
PERFORMANCE METRIC

LAMBADA OPENAI 0.428 0.471 0.509 0.535
OPENBOOKQA 0.306 0.320 0.326 0.346
WINOGRANDE 0.506 0.530 0.532 0.564
PIQA 0.676 0.686 0.699 0.713
BOOLQ 0.486 0.490 0.609 0.593
WSC273 0.579 0.615 0.608 0.667
HELLASWAG O0SHOT 0.386 0.428 0.466 0.502
ARC CHALLENGE 0.267 0.296 0.294 0.322
ARC EASY 0.535 0.586 0.600 0.618
COPA 0.690 0.730 0.710 0.760
FINAL C4 LOSS 3.268 3.170 3.100 3.046

Table 15: Evaluation Performance for Lion, Model Size = 520m

DATA SIZE 10B 21B 42B 85B
PERFORMANCE METRIC

LAMBADA OPENAI 0.507 0.543 0.569 0.597
OPENBOOKQA 0.336 0.334 0.356 0.358
WINOGRANDE 0.560 0.548 0.581 0.590
PIQA 0.699 0.713 0.726 0.740
BOOLQ 0.600 0.546 0.612 0.631
WSC273 0.608 0.667 0.685 0.700
HELLASWAG 0SHOT 0.463 0.509 0.545 0.571
ARC CHALLENGE 0.303 0.320 0.340 0.371
ARC EASY 0.603 0.638 0.664 0.673
COPA 0.710 0.750 0.740 0.770
FINAL C4 LOSS 3.108 3.029 2.965 2.915
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Table 16: Evaluation Performance for NAdamW, Model Size = 130m

DATA SIZE 2B 5B 10B 2I1B
PERFORMANCE METRIC

LAMBADA OPENAI 0.325 0.383 0.413 0.446
OPENBOOKQA 0.284 0.286 0.308 0.322
WINOGRANDE 0.515 0.507 0.546 0.507
PIQA 0.633 0.652 0.667 0.682
BOOLQ 0.591 0.569 0.459 0.557
WSC273 0.535 0.560 0.612 0.597
HELLASWAG 0SHOT 0.312 0.348 0.368 0.399
ARC CHALLENGE 0.239 0.245 0.242 0.270
ARC EASY 0.465 0.503 0.518 0.547
COPA 0.680 0.700 0.650 0.720
FINAL C4 LOSS 3.531 3.394 3.319 3.251

Table 17: Evaluation Performance for NAdamW, Model Size = 300m

DATA SIZE 6B 12B 24B 48B
PERFORMANCE METRIC

LAMBADA OPENAI 0.437 0.477 0.514 0.543
OPENBOOKQA 0.310 0.332 0.316 0.348
WINOGRANDE 0.520 0.536 0.549 0.564
PIQA 0.681 0.693 0.708 0.712
BOOLQ 0.539 0.564 0.520 0.612
WSC273 0.582 0.637 0.645 0.700
HELLASWAG O0SHOT 0.397 0.434 0.475 0.505
ARC CHALLENGE 0.264 0.275 0.292 0.307
ARC EASY 0.553 0.589 0.605 0.632
COPA 0.710 0.730 0.700 0.750
FINAL C4 LOSS 3.248 3.160 3.090 3.039

Table 18: Evaluation Performance for NAdamW, Model Size = 520m

DATA SIZE 10B 21B 42B 85B
PERFORMANCE METRIC

LAMBADA OPENAI 0.500 0.551 0.577 0.599
OPENBOOKQA 0.332 0.350 0.358 0.342
WINOGRANDE 0.553 0.571 0.594 0.597
PIQA 0.695 0.719 0.731 0.738
BOOLQ 0.613 0.606 0.639 0.618
WSC273 0.637 0.689 0.718 0.714
HELLASWAG 0SHOT 0.469 0.513 0.550 0.580
ARC CHALLENGE 0.294 0.322 0.342 0.354
ARC EASY 0.605 0.646 0.657 0.674
COPA 0.700 0.720 0.760 0.780
FINAL C4 LOSS 3.100 3.013 2.955 2.907
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Table 19: Evaluation Performance for Kron, Model Size = 130m

DATA SIZE 2B 5B 10B 2I1B
PERFORMANCE METRIC

LAMBADA OPENAI 0.341 0.387 0.426 0.451
OPENBOOKQA 0.268 0.278 0.296 0.314
WINOGRANDE 0.520 0.522 0.515 0.543
PIQA 0.636 0.662 0.662 0.683
BOOLQ 0.533 0.530 0.575 0.557
WSC273 0.564 0.564 0.553 0.604
HELLASWAG 0SHOT 0.323 0.347 0.374 0.397
ARC CHALLENGE 0.235 0.259 0.256 0.281
ARC EASY 0.487 0.519 0.543 0.572
COPA 0.700 0.690 0.710 0.710
FINAL C4 LOSS 3.492 3.389 3.307 3.239

Table 20: Evaluation Performance for Kron, Model Size = 300m

DATA SIZE 6B 12B 24B 48B
PERFORMANCE METRIC

LAMBADA OPENAI 0.429 0.485 0.516 0.548
OPENBOOKQA 0.310 0.314 0.314 0.326
WINOGRANDE 0.527 0.534 0.542 0.571
PIQA 0.675 0.690 0.706 0.709
BOOLQ 0.487 0.475 0.610 0.611
WSC273 0.546 0.619 0.659 0.718
HELLASWAG O0SHOT 0.396 0.438 0.479 0.501
ARC CHALLENGE 0.262 0.285 0.298 0.323
ARC EASY 0.551 0.586 0.618 0.632
COPA 0.670 0.720 0.720 0.750
FINAL C4 LOSS 3.244 3.151 3.083 3.031

Table 21: Evaluation Performance for Kron, Model Size = 520m

DATA SIZE 10B 21B 42B 85B
PERFORMANCE METRIC

LAMBADA OPENAI 0.512 0.549 0.569 0.603
OPENBOOKQA 0.338 0.332 0.350 0.352
WINOGRANDE 0.536 0.567 0.575 0.601
PIQA 0.721 0.713 0.724 0.739
BOOLQ 0.529 0.560 0.537 0.559
WSC273 0.648 0.663 0.696 0.762
HELLASWAG 0SHOT 0.474 0.516 0.556 0.582
ARC CHALLENGE 0.287 0.312 0.344 0.353
ARC EASY 0.616 0.648 0.662 0.681
COPA 0.710 0.720 0.790 0.750
FINAL C4 LOSS 3.084 3.009 2.946 2.900
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Table 22: Evaluation Performance for Scion, Model Size = 130m

DATA SIZE 2B 5B 10B 2I1B
PERFORMANCE METRIC

LAMBADA OPENAI 0.355 0.382 0.427 0.446
OPENBOOKQA 0.282 0.300 0.288 0.314
WINOGRANDE 0.515 0.502 0.502 0.535
PIQA 0.641 0.655 0.675 0.684
BOOLQ 0.574 0.518 0.532 0.474
WSC273 0.505 0.531 0.553 0.608
HELLASWAG 0SHOT 0.323 0.354 0.374 0.401
ARC CHALLENGE 0.247 0.241 0.276 0.264
ARC EASY 0.501 0.513 0.541 0.557
COPA 0.650 0.660 0.660 0.680
FINAL C4 LOSS 3.477 3.379 3.302 3.246

Table 23: Evaluation Performance for Scion, Model Size = 300m

DATA SIZE 6B 12B 24B 48B
PERFORMANCE METRIC

LAMBADA OPENAI 0.445 0.489 0.511 0.540
OPENBOOKQA 0.306 0.308 0.326 0.358
WINOGRANDE 0.531 0.550 0.555 0.566
PIQA 0.684 0.689 0.701 0.712
BOOLQ 0.576 0.610 0.574 0.585
WSC273 0.597 0.612 0.685 0.696
HELLASWAG O0SHOT 0.406 0.442 0.478 0.506
ARC CHALLENGE 0.272 0.285 0.298 0.316
ARC EASY 0.564 0.592 0.625 0.633
COPA 0.680 0.730 0.700 0.740
FINAL C4 LOSS 3.232 3.152 3.086 3.039

Table 24: Evaluation Performance for Scion, Model Size = 520m

DATA SIZE 10B 21B 42B 85B
PERFORMANCE METRIC

LAMBADA OPENAI 0.521 0.552 0.575 0.601
OPENBOOKQA 0.338 0.362 0.366 0.374
WINOGRANDE 0.569 0.551 0.605 0.586
PIQA 0.704 0.717 0.736 0.743
BOOLQ 0.575 0.615 0.620 0.641
WSC273 0.674 0.692 0.736 0.736
HELLASWAG 0SHOT 0.481 0.520 0.549 0.581
ARC CHALLENGE 0.289 0.314 0.346 0.354
ARC EASY 0.625 0.647 0.667 0.686
COPA 0.730 0.730 0.750 0.770
FINAL C4 LOSS 3.080 3.007 2.952 2.904
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Table 25: Evaluation Performance for Cautious, Model Size = 130m

DATA SIZE 2B 5B 10B 2I1B
PERFORMANCE METRIC

LAMBADA OPENAI 0.314 0.385 0.420 0.458
OPENBOOKQA 0.298 0.280 0.308 0.318
WINOGRANDE 0.515 0.520 0.519 0.508
PIQA 0.638 0.652 0.664 0.669
BOOLQ 0.580 0.512 0.512 0.550
WSC273 0.560 0.527 0.593 0.604
HELLASWAG 0SHOT 0.314 0.347 0.371 0.401
ARC CHALLENGE 0.239 0.244 0.261 0.270
ARC EASY 0.476 0.508 0.532 0.544
COPA 0.690 0.720 0.710 0.690
FINAL C4 LOSS 3.535 3.403 3.334 3.253

Table 26: Evaluation Performance for Cautious, Model Size = 300m

DATA SIZE 6B 12B 24B 48B
PERFORMANCE METRIC

LAMBADA OPENAI 0.437 0.479 0.510 0.544
OPENBOOKQA 0.316 0.314 0.326 0.328
WINOGRANDE 0.515 0.533 0.530 0.576
PIQA 0.677 0.699 0.707 0.711
BOOLQ 0.547 0.492 0.584 0.574
WSC273 0.568 0.608 0.634 0.667
HELLASWAG O0SHOT 0.397 0.432 0.477 0.505
ARC CHALLENGE 0.267 0.280 0.292 0.308
ARC EASY 0.541 0.569 0.606 0.618
COPA 0.670 0.730 0.760 0.720
FINAL C4 LOSS 3.260 3.165 3.094 3.043

Table 27: Evaluation Performance for Cautious, Model Size = 520m

DATA SIZE 10B 21B 42B 85B
PERFORMANCE METRIC

LAMBADA OPENAI 0.509 0.549 0.578 0.604
OPENBOOKQA 0.318 0.338 0.342 0.364
WINOGRANDE 0.548 0.575 0.571 0.605
PIQA 0.705 0.715 0.733 0.739
BOOLQ 0.601 0.611 0.582 0.606
WSC273 0.619 0.718 0.659 0.736
HELLASWAG 0SHOT 0.467 0.514 0.550 0.583
ARC CHALLENGE 0.305 0.315 0.344 0.358
ARC EASY 0.609 0.649 0.676 0.689
COPA 0.730 0.760 0.770 0.770
FINAL C4 LOSS 3.100 3.017 2.956 2.910
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Table 28: Evaluation Performance for SOAP, Model Size = 130m

DATA SIZE 2B 5B 10B 2I1B
PERFORMANCE METRIC

LAMBADA OPENAI 0.344 0.404 0.434 0.458
OPENBOOKQA 0.280 0.270 0.300 0.318
WINOGRANDE 0.511 0.510 0.523 0.517
PIQA 0.643 0.652 0.666 0.676
BOOLQ 0.569 0.491 0.519 0.559
WSC273 0.513 0.568 0.597 0.612
HELLASWAG 0SHOT 0.321 0.351 0.376 0.401
ARC CHALLENGE 0.247 0.255 0.270 0.270
ARC EASY 0.475 0.519 0.537 0.571
COPA 0.690 0.710 0.720 0.710
FINAL C4 LOSS 3.487 3.376 3.295 3.240

Table 29: Evaluation Performance for SOAP, Model Size = 300m

DATA SIZE 6B 12B 24B 48B
PERFORMANCE METRIC

LAMBADA OPENAI 0.001 0.492 0.518 0.541
OPENBOOKQA 0.256 0.324 0.324 0.334
WINOGRANDE 0.506 0.534 0.546 0.555
PIQA 0.546 0.689 0.706 0.711
BOOLQ 0.402 0.593 0.565 0.593
WSC273 0.498 0.619 0.703 0.670
HELLASWAG O0SHOT 0.257 0.443 0.478 0.506
ARC CHALLENGE 0.219 0.281 0.305 0.324
ARC EASY 0.309 0.590 0.612 0.632
COPA 0.590 0.740 0.720 0.700
FINAL C4 LOSS 5.437 3.147 3.082 3.030

Table 30: Evaluation Performance for SOAP, Model Size = 520m

DATA SIZE 10B 21B 42B 85B
PERFORMANCE METRIC

LAMBADA OPENAI 0.513 0.555 0.582 0.606
OPENBOOKQA 0.308 0.312 0.368 0.350
WINOGRANDE 0.548 0.562 0.594 0.583
PIQA 0.695 0.714 0.729 0.739
BOOLQ 0.563 0.623 0.596 0.643
WSC273 0.648 0.703 0.722 0.755
HELLASWAG 0SHOT 0.478 0.523 0.553 0.586
ARC CHALLENGE 0.292 0.345 0.334 0.356
ARC EASY 0.610 0.656 0.655 0.678
COPA 0.740 0.760 0.740 0.770
FINAL C4 LOSS 3.079 3.004 2.957 2.899
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Table 31: Evaluation Performance for AdamW, Model Size = 130m

DATA SIZE
PERFORMANCE METRIC

2B 5B 10B 2I1B

LAMBADA OPENAI
OPENBOOKQA
WINOGRANDE
PIQA

BOOLQ

WSC273
HELLASWAG 0SHOT
ARC CHALLENGE
ARC EASY

COPA

FINAL C4 LOSS

0.322 0.380 0.410 0.442
0.306 0.290 0.298 0.292
0.506 0.519 0.515 0.530
0.632 0.663 0.665 0.674
0.568 0.415 0.553 0.576
0.582 0.553 0.564 0.623
0.312 0.340 0.365 0.391
0.229 0.255 0.262 0.270
0.463 0.497 0.523 0.544
0.660 0.650 0.720 0.730
3.529 3.409 3.322 3.262

Table 32: Evaluation Performance for AdamW, Model Size =

DATA SIZE
PERFORMANCE METRIC

6B 12B 24B 48B

LAMBADA OPENAI
OPENBOOKQA
WINOGRANDE
PIQA

BOOLQ

WSC273
HELLASWAG 0SHOT
ARC CHALLENGE
ARC EASY

COPA

FINAL C4 LOSS

0.435 0.484 0.500 0.537
0.300 0.312 0.328 0.318
0.519 0.530 0.542 0.552
0.673 0.691 0.697 0.713
0.454 0.496 0.508 0.602
0.586 0.626 0.667 0.692
0.386 0.432 0.471 0.501
0.269 0.295 0.304 0.310
0.535 0.581 0.612 0.616
0.700 0.700 0.690 0.710
3.264 3.166 3.094 3.043

300m

Table 33: Evaluation Performance for AdamW, Model Size = 520m

DATA SIZE
PERFORMANCE METRIC

10B 21B 42B 85B

LAMBADA OPENAI
OPENBOOKQA
WINOGRANDE
PIQA

BOOLQ

WSC273
HELLASWAG 0SHOT
ARC CHALLENGE
ARC EASY

COPA

FINAL C4 LOSS

0.500 0.540 0.570 0.591
0.320 0.336 0.342 0.356
0.539 0.586 0.583 0.601
0.705 0.719 0.732 0.739
0.555 0.615 0.596 0.609
0.604 0.656 0.703 0.729
0.456 0.507 0.543 0.578
0.299 0.311 0.323 0.349
0.613 0.639 0.669 0.688
0.740 0.680 0.710 0.780
3.110 3.023 2.958 2.913
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Table 34: Evaluation Performance for Adam-Mini, Model Size = 130m

DATA SIZE 2B 5B 10B 2I1B
PERFORMANCE METRIC

LAMBADA OPENAI 0.317 0.369 0.412 0.444
OPENBOOKQA 0.286 0.282 0.282 0.302
WINOGRANDE 0.525 0.500 0.515 0.528
PIQA 0.640 0.655 0.662 0.670
BOOLQ 0.506 0.496 0.445 0.583
WSC273 0.571 0.557 0.546 0.634
HELLASWAG 0SHOT 0.310 0.337 0.364 0.390
ARC CHALLENGE 0.241 0.247 0.255 0.264
ARC EASY 0.465 0.495 0.525 0.555
COPA 0.690 0.710 0.730 0.700
FINAL C4 LOSS 3.542 3.416 3.328 3.266

Table 35: Evaluation Performance for Adam-Mini, Model Size = 300m

DATA SIZE 6B 12B 24B 48B
PERFORMANCE METRIC

LAMBADA OPENAI 0.429 0.468 0.509 0.535
OPENBOOKQA 0.300 0.318 0.318 0.350
WINOGRANDE 0.502 0.528 0.545 0.586
PIQA 0.688 0.693 0.683 0.701
BOOLQ 0.480 0.546 0.609 0.573
WSC273 0.586 0.546 0.593 0.689
HELLASWAG O0SHOT 0.381 0.424 0.464 0.492
ARC CHALLENGE 0.270 0.292 0.294 0.300
ARC EASY 0.545 0.579 0.607 0.625
COPA 0.700 0.720 0.740 0.730
FINAL C4 LOSS 3.272 3.178 3.103 3.049

Table 36: Evaluation Performance for Adam-Mini, Model Size = 520m

DATA SIZE 10B 21B 42B 85B
PERFORMANCE METRIC

LAMBADA OPENAI 0.500 0.538 0.576 0.604
OPENBOOKQA 0.306 0.326 0.330 0.368
WINOGRANDE 0.534 0.561 0.571 0.594
PIQA 0.707 0.721 0.723 0.733
BOOLQ 0.543 0.626 0.619 0.536
WSC273 0.619 0.700 0.733 0.744
HELLASWAG 0SHOT 0.459 0.505 0.541 0.576
ARC CHALLENGE 0.288 0.327 0.332 0.352
ARC EASY 0.613 0.638 0.654 0.671
COPA 0.710 0.720 0.760 0.760
FINAL C4 LOSS 3.112 3.027 2.966 2.912

E HYPERPARAMETER ABLATION IN PHASE I

We reported the results for the optimizers we swept in Phase I. The result is formulated as follows: the first row
shows the approximately best configuration found and the following rows show the results for the 1-dimensional
ablations centered around the found configuration. The loss presented here is the final loss on the C4/EN
validation set.
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E.1 SWEEPING RESULTS FOR ADAMW

Table 37: Hyperparameter ablation for AdamW on 130m on 1x Chinchilla Data

b1 Do € M Gnorm Mmin BSZ warmup A Loss Link
0.9 0.98 1e-20 0.008 1 0 128 2000 0.13.529 0

095 - - - - - - - - 3539 1
098 - - - - - - - - 3882 2
- 09 - - - - - - - 3545 3
- 095 - - - - - - - 3535 4
- - le25 - - - - - - 3529 5
- - lel5 - - - - - - 3531 6
- - lel0 - - - - - - 3531 7
- - - 0.004 - - - - - 3550 8
- - - 0016 - - - - - 3538 9
- — 0.032 - - - - - 7.781 10
- — _ - 0 - - - - 3.534 11
- _ - 20 - - - - 3534 12
- _ _ - - - 256 - - 3.611 13
- - - - - - - 500 - 7.452 14
- _ - - - - 1000 - 3.532 15
- _ — - - - 4000 - 3.575 16
- — _ - - - - - 0 3.545 17
_ _ _ - _ - - - 0.2 3.536 18

Table 38: Hyperparameter ablation for AdamW on 130m on 2x Chinchilla Data

b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.9 0.98 1e-20 0.008 1 0 128 2000 0.13.409 0

095 - _ _ — — - - - 3417 1

098 - - - - - - - - 7557 2
- 09 - - - - - - - 3423 3
- 095 - - - - - - - 3413 4
- - le25 - - - - - - 3409 5
- —= le-15 - - - - - - 3409 6
- = le-10 - - - - - - 3410 7
- - - 0004 - - - - - 3420 8
- - - 0016 - - - - - 3419 9
- - - 0032 - - - - - 7.840 10
- - - - 0 - - - — 3410 11
- - - - 2.0 - - - — 3408 12
_ — - - - 256 — - 3437 13
_ _ - - - 512 - - 3.527 14
- _ _ — - - - 500 - 7.277 15
_ _ — - - - 1000 - 3.413 16
- — — - - - 4000 - 3.415 17
- _ _ - - - - - 0 3436 18
_ _ _ - - - - - 0.2 3415 19
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamw5098e9lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-bc5e36
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamw6b5e10lr0.008-wd0.1-minlr0-warmup2000-b10.95--b1de93
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamwae7d4dlr0.008-wd0.1-minlr0-warmup2000-b10.98--df53b1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamw5a9f1blr0.008-wd0.1-minlr0-warmup2000-b10.9-b-691bb8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamwb5ba64lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-77d771
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamw0848aelr0.008-wd0.1-minlr0-warmup2000-b10.9-b-413f11
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamwca195dlr0.008-wd0.1-minlr0-warmup2000-b10.9-b-1f0e34
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamwb41b46lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-0cf15c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamw79cde5lr0.004-wd0.1-minlr0-warmup2000-b10.9-b-019ae3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamw5f56aalr0.016-wd0.1-minlr0-warmup2000-b10.9-b-9972d1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamw73dd8elr0.032-wd0.1-minlr0-warmup2000-b10.9-b-d0f554
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamw3f4574lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-266a88
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamw30a624lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-c09e98
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamw7fa927lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-8cb11e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamw20884flr0.008-wd0.1-minlr0-warmup500-b10.9-b2-819ba9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamwe4d6f6lr0.008-wd0.1-minlr0-warmup1000-b10.9-b-d51a10
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamw6afe2alr0.008-wd0.1-minlr0-warmup4000-b10.9-b-cff12f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamweb4f13lr0.008-wd0-minlr0-warmup2000-b10.9-b20-f7fd96
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-adamw2f8ed9lr0.008-wd0.2-minlr0-warmup2000-b10.9-b-f4d5cf
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw90f5c1lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-67adb6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw995582lr0.008-wd0.1-minlr0-warmup2000-b10.95--0fb321
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw220e11lr0.008-wd0.1-minlr0-warmup2000-b10.98--f8f851
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw757bfblr0.008-wd0.1-minlr0-warmup2000-b10.9-b-da391a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamwc562dclr0.008-wd0.1-minlr0-warmup2000-b10.9-b-9752b5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw0da527lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-9c6463
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw4f03a8lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-c453b4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamwf4cc20lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-c52587
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw8cf61clr0.004-wd0.1-minlr0-warmup2000-b10.9-b-481a17
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw093957lr0.016-wd0.1-minlr0-warmup2000-b10.9-b-d1d1c5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw0d117blr0.032-wd0.1-minlr0-warmup2000-b10.9-b-180de6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw535ddelr0.008-wd0.1-minlr0-warmup2000-b10.9-b-6c9703
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw80c699lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-6682a7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw5098e9lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-b203b1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw7fa927lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-23a9e4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamwb0eee1lr0.008-wd0.1-minlr0-warmup500-b10.9-b2-f92a87
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamwdb2f8blr0.008-wd0.1-minlr0-warmup1000-b10.9-b-a48171
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw0cd0aalr0.008-wd0.1-minlr0-warmup4000-b10.9-b-26dd75
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw7a3359lr0.008-wd0-minlr0-warmup2000-b10.9-b20-bf7e74
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-adamw1d5bddlr0.008-wd0.2-minlr0-warmup2000-b10.9-b-a991d6
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Table 39: Hyperparameter ablation for AdamW on 130m on 4x Chinchilla Data
81 Bo € M Gnorm Mmin BSZ warmup A Loss Link

0.9 0.98 1e-20 0.008 1 0 128 2000 0.13322 0
095 - - - - - - - - 3330 1
098 - - - - - - - - 3416 2
- 09 - - - - - - - 3338 3
- 09 - - - - - - - 3329 4
- - le25 - - - - - - 3322 5§
- - lel5 - - - - - - 3323 6
- - lel0 - - - - - - 3324 7
- - - 0004 - - - - - 3329 8
- - - 0016 - - - - - 3337 9
- - - 0032 - - - - - 7.562 10
- - - - 0 - - - - 3.327 11
- - - - 20 - - - - 3.324 12
- - - - - - 256 - - 3331 13
- - - - - - 512 - - 3373 14
- - - - - - 1024 - — 3480 15
- - - - - - - 500 - 7.262 16
- - - - - - - 1000 - 3.327 17
- - - - - - - 4000 - 3.325 18
- - - - - - - - 0 3359 19
- - - - - - - - 0.2 3335 20

Table 40: Hyperparameter ablation for AdamW on 130m on 8x Chinchilla Data
81 Bo € M Gnorm Mmin BSZ warmup A Loss Link

0.9 0.98 1e-20 0.008 1 0 256 1000 0.1 3262 0
095 - - - - - - - - 3273 1
098 - - - - - - - - 3430 2
- 09 - - - - - - - 3272 3
- 09 - - - - - - - 3266 4
- - le25 - - - - - - 3262 5
- - lel5 - - - - - - 3263 6
- - lel0 - - - - - - 3261 7
- - - 0.004 - - - - - 3270 8
- - - 0016 - - - - - 7435 9
- - - 0032 - - - - - 7.658 10
- - - - 0 - - - - 3263 11
- - - - 20 - - - - 3264 12
- - - - - - 128 - - 3264 13
- - - - - - 512 - - 3286 14
- - - - - - 1024 - - 3328 15
- - - - - - - 500 - 3.278 16
- - - - - - - 2000 - 3.263 17
- - - - - - - 4000 - 3.262 18
- - - - - - - - 0 3310 19
- - - - - - - - 0.2 3.269 20
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw28a1ddlr0.008-wd0.1-minlr0-warmup2000-b10.9--a5a31c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw3cefb4lr0.008-wd0.1-minlr0-warmup2000-b10.95-d2de07
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamwdec095lr0.008-wd0.1-minlr0-warmup2000-b10.98-5164f7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw50c768lr0.008-wd0.1-minlr0-warmup2000-b10.9--374622
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw41da7flr0.008-wd0.1-minlr0-warmup2000-b10.9--e79638
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw11bb27lr0.008-wd0.1-minlr0-warmup2000-b10.9--112190
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw2151b5lr0.008-wd0.1-minlr0-warmup2000-b10.9--8b96e9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamwc59aaalr0.008-wd0.1-minlr0-warmup2000-b10.9--64f3e7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw05a8e1lr0.004-wd0.1-minlr0-warmup2000-b10.9--765ae0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamwdc4f18lr0.016-wd0.1-minlr0-warmup2000-b10.9--5e227e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamwa3cb44lr0.032-wd0.1-minlr0-warmup2000-b10.9--669760
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw8a71b5lr0.008-wd0.1-minlr0-warmup2000-b10.9--7e2f5e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw2c7533lr0.008-wd0.1-minlr0-warmup2000-b10.9--1aabfe
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw90f5c1lr0.008-wd0.1-minlr0-warmup2000-b10.9--68bff2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw5098e9lr0.008-wd0.1-minlr0-warmup2000-b10.9--3dd991
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw7fa927lr0.008-wd0.1-minlr0-warmup2000-b10.9--5e34ba
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw479b6elr0.008-wd0.1-minlr0-warmup500-b10.9-b-029688
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamwc00703lr0.008-wd0.1-minlr0-warmup1000-b10.9--40ceef
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamwb9e54alr0.008-wd0.1-minlr0-warmup4000-b10.9--eee94b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamw76e938lr0.008-wd0-minlr0-warmup2000-b10.9-b2-6ac315
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-adamweb3777lr0.008-wd0.2-minlr0-warmup2000-b10.9--c002ef
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamwc00703lr0.008-wd0.1-minlr0-warmup1000-b10.9--d73c2c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamwd5d639lr0.008-wd0.1-minlr0-warmup1000-b10.95-658eb8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamw0cb2d6lr0.008-wd0.1-minlr0-warmup1000-b10.98-7c952d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamwe479a6lr0.008-wd0.1-minlr0-warmup1000-b10.9--7570fe
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamw63b609lr0.008-wd0.1-minlr0-warmup1000-b10.9--2da2b5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamwc0b69dlr0.008-wd0.1-minlr0-warmup1000-b10.9--2390cc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamw9248c1lr0.008-wd0.1-minlr0-warmup1000-b10.9--7ae1a8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamw357d4clr0.008-wd0.1-minlr0-warmup1000-b10.9--27bdc1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamwdb2f39lr0.004-wd0.1-minlr0-warmup1000-b10.9--cf39b6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamw06731clr0.016-wd0.1-minlr0-warmup1000-b10.9--2664a6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamweac049lr0.032-wd0.1-minlr0-warmup1000-b10.9--cbb38e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamw9268cblr0.008-wd0.1-minlr0-warmup1000-b10.9--c4bf52
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamwf884c5lr0.008-wd0.1-minlr0-warmup1000-b10.9--bf87fc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamw292ad2lr0.008-wd0.1-minlr0-warmup1000-b10.9--b88aa1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamwdb2f8blr0.008-wd0.1-minlr0-warmup1000-b10.9--849bed
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamwe4d6f6lr0.008-wd0.1-minlr0-warmup1000-b10.9--f0487d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamw479b6elr0.008-wd0.1-minlr0-warmup500-b10.9-b-5842d3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamw28a1ddlr0.008-wd0.1-minlr0-warmup2000-b10.9--b21aed
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamwb9e54alr0.008-wd0.1-minlr0-warmup4000-b10.9--74889b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamw549010lr0.008-wd0-minlr0-warmup1000-b10.9-b2-c08f03
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-adamwe72844lr0.008-wd0.2-minlr0-warmup1000-b10.9--2b5e04
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Table 41: Hyperparameter ablation for AdamW on 300m on 1x Chinchilla Data

b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.9 0.98 le-10 0.008 1 0 128 2000 0.13.264 O

095 - - - - - - - - 3271 1

098 - - - - - - - - 1351 2
- 09 - - - - - - - 3280 3
- 095 - - - - - - - 3269 4
- - le25 - - - - - - 3265 5
- - le20 - - - - - - 3265 6
- - lel5 - - - - - - 3263 7
- - - 0004 - - - - - 3272 8
- - - 0016 - - - - - 7760 9
- - - 0032 - - - - - 7.784 10
- - - - 0 - - - - 3263 11
- - - - 20 - - - - 3263 12
- - - - - - 256 - - 3.282 13
- - - - - - 512 - - 3367 14
- - - - - - - 500 - 7.704 15
- - - - - - - 1000 - 7.759 16
- - - - - - - 4000 - 3.270 17
- - - - - - - - 0 3303 18
- - - - - - - - 0.2 3275 19

Table 42: Hyperparameter ablation for AdamW on 520m on 1x Chinchilla Data

81 Bo € M Gnorm Mmin BSZ warmup A Loss Link

0.9 0.98 Ie-10 0.004 1 0 256 1000 0.23.110 0O
095 - - - - - - - - 3112 1
098 - - - - - - - - 3229 2
- 09 - - - - - - - 3.116 3
- 09 - - - - - - - 3.111 4
- - le25 - - - - - - 3116 5
- - le20 - - - - - - 3.116 6
- - lel5 - - - - - - 3115 7
- - - 0.008 - - - - - 71.837 8
- - - 0016 - - - - - 7756 9
- - - 0032 - - - - - 7.680 10
- - - - 0 - - - - 3.114 11
- - - - 20 - - - - 3.118 12
- - - - - - 128 - - 7.630 13
- - - - - - 512 - - 3169 14
- - - - - - 1024 - - 3302 15
- - - - - - - 500 - 3.165 16
- - - - - - - 2000 - 3.113 17
- - - - - - - 4000 - 3.126 18
- - - - - - - - 0 7270 19
- - - - - - - - 0.1 3.135 20

43


https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamwa7aafelr0.008-wd0.1-minlr0-warmup2000-b10.9-b-990eda
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw55fc1flr0.008-wd0.1-minlr0-warmup2000-b10.95--b7196b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw3aa56elr0.008-wd0.1-minlr0-warmup2000-b10.98--36a5e7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw72a6d2lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-dde1e5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw901abclr0.008-wd0.1-minlr0-warmup2000-b10.9-b-de77a3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamwfa0d44lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-89eba9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw057b30lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-cff503
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw863e5alr0.008-wd0.1-minlr0-warmup2000-b10.9-b-8395a7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw0c32aelr0.004-wd0.1-minlr0-warmup2000-b10.9-b-a044c7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw2c8c47lr0.016-wd0.1-minlr0-warmup2000-b10.9-b-689737
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamwb6e480lr0.032-wd0.1-minlr0-warmup2000-b10.9-b-ff992d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw418b0elr0.008-wd0.1-minlr0-warmup2000-b10.9-b-e82fe9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw4cdb6blr0.008-wd0.1-minlr0-warmup2000-b10.9-b-6bba10
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw5d409dlr0.008-wd0.1-minlr0-warmup2000-b10.9-b-632ec9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw2a43e8lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-0d1c6f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw35a912lr0.008-wd0.1-minlr0-warmup500-b10.9-b2-a0e68a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw0c358elr0.008-wd0.1-minlr0-warmup1000-b10.9-b-0be6f6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamwea4b29lr0.008-wd0.1-minlr0-warmup4000-b10.9-b-531c85
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamw640457lr0.008-wd0-minlr0-warmup2000-b10.9-b20-12de29
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-adamwd8feb6lr0.008-wd0.2-minlr0-warmup2000-b10.9-b-ea8bed
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamwf7a9c6lr0.004-wd0.2-minlr0-warmup1000-b10.9--0a09ef
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamw92fab3lr0.004-wd0.2-minlr0-warmup1000-b10.95-b52d40
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamw757dfblr0.004-wd0.2-minlr0-warmup1000-b10.98-82eb00
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamw2399bdlr0.004-wd0.2-minlr0-warmup1000-b10.9--235c9f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamw49b619lr0.004-wd0.2-minlr0-warmup1000-b10.9--0339de
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamwe08492lr0.004-wd0.2-minlr0-warmup1000-b10.9--550b0a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamw920b54lr0.004-wd0.2-minlr0-warmup1000-b10.9--29bc56
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamwc8444flr0.004-wd0.2-minlr0-warmup1000-b10.9--ad8761
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamw6dd5c1lr0.008-wd0.2-minlr0-warmup1000-b10.9--2c3f20
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamwd13956lr0.016-wd0.2-minlr0-warmup1000-b10.9--db0248
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamwd5cf15lr0.032-wd0.2-minlr0-warmup1000-b10.9--ef01e7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamw83ff1flr0.004-wd0.2-minlr0-warmup1000-b10.9--2b2992
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamwc35658lr0.004-wd0.2-minlr0-warmup1000-b10.9--e10d12
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamw9d215dlr0.004-wd0.2-minlr0-warmup1000-b10.9--0e6642
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamwa3b31flr0.004-wd0.2-minlr0-warmup1000-b10.9--3d3c5b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamwa78593lr0.004-wd0.2-minlr0-warmup1000-b10.9--f6c234
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamwfa4107lr0.004-wd0.2-minlr0-warmup500-b10.9-b-da6d10
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamw78783dlr0.004-wd0.2-minlr0-warmup2000-b10.9--07b41c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamw27eccflr0.004-wd0.2-minlr0-warmup4000-b10.9--46c4f0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamw25a778lr0.004-wd0-minlr0-warmup1000-b10.9-b2-f5ae68
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-adamw1872fclr0.004-wd0.1-minlr0-warmup1000-b10.9--34d388
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E.2 SWEEPING RESULTS FOR CAUTIOUS

Table 43: Hyperparameter ablation for Cautious on 130m on 1x Chinchilla Data

b1 B2 € 7 Gnorm Nmin BSZ warmup A Loss Link
0.95 0.98 1e-15 0.008 1 0 128 2000 0.1 3535 O

0.8 - - - - - - - - 6.698 1
09 - — - — - - - - 3549 2
098 - - - - - - - - 3534 3
- 09 - - - - - - - 3.551 4
- 095 - - - - - - - 3543 5
- - le25 - - - - - - 3537 6
- - le20 - - - - - - 3537 7
- - lel0 - - - - - - 3536 8
- - - 0016 - - - - - 3539 9
- — 0.032 - - - - - 7.802 10
- — _ - 0 - - - - 3.534 11
- _ - 20 - - - - 3532 12
- _ _ - - - 256 - - 3.610 13
- — - — - - - 500 - 3.572 14
- _ - - - - 1000 - 3.535 15
- _ — - - - 4000 - 3.582 16
- — _ - - - - - 0 3.552 17
_ _ _ - _ - - - 0.2 3.537 18

Table 44: Hyperparameter ablation for Cautious on 130m on 2x Chinchilla Data

b1 Bo € 7 Gnorm Mmin BSZ warmup A Loss Link
0.98 0.98 1e-15 0.008 2 0 128 2000 0.1 3403 0O

0.8 - - - - - - - - 7417
09 - - - - - - - - 3.427
095 - - - - - - - - 3413
- 09 - - - - - - - >10
- 095 - - - - - - — 3.408
- — 1e25 3.404
- - le20 - - - - - - 3.404
le-10 - - - - - - 3.404
- — - 0016 - - - - - 3416
- _ - 0032 - - - - - 3513 10
- - - - 0 - - - - 3415 11
_ _ - 3401 12
_ _ _ - - - 256 - - 3422 13
_ _ _ - - - 512 - - 3499 14
- — _ - - - 500 - 3.453 15
_ _ _ - - - - 1000 - 3412 16
- - - - - - - 4000 - 3.410 17
- — — - — - - - 0 3.436 18
_ _ _ - - - - - 0.2 3.405 19
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious7b0572lr0.008-wd0.1-minlr0-warmup2000-b10.-085cb0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious90e2dblr0.008-wd0.1-minlr0-warmup2000-b10.-3a5e65
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious5fbf2flr0.008-wd0.1-minlr0-warmup2000-b10.-8d12f3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautiousd41969lr0.008-wd0.1-minlr0-warmup2000-b10.-7d014c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious87fa48lr0.008-wd0.1-minlr0-warmup2000-b10.-dff836
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious04bad0lr0.008-wd0.1-minlr0-warmup2000-b10.-15c6af
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious2a7d1dlr0.008-wd0.1-minlr0-warmup2000-b10.-ff7d5f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious24891dlr0.008-wd0.1-minlr0-warmup2000-b10.-883f16
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious8f13a4lr0.008-wd0.1-minlr0-warmup2000-b10.-3b6c32
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious092ed6lr0.016-wd0.1-minlr0-warmup2000-b10.-6c1f7f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious249c3blr0.032-wd0.1-minlr0-warmup2000-b10.-4979cb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautiouse4e71blr0.008-wd0.1-minlr0-warmup2000-b10.-60765d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautiouse59acflr0.008-wd0.1-minlr0-warmup2000-b10.-647541
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious42848elr0.008-wd0.1-minlr0-warmup2000-b10.-f45eff
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious2f227flr0.008-wd0.1-minlr0-warmup500-b10.9-39f6eb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious3c9e01lr0.008-wd0.1-minlr0-warmup1000-b10.-ee3032
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious61d1dclr0.008-wd0.1-minlr0-warmup4000-b10.-b67034
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautiouscb0f05lr0.008-wd0-minlr0-warmup2000-b10.95-b85932
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-cautious83cedalr0.008-wd0.2-minlr0-warmup2000-b10.-2881da
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautiousce8123lr0.008-wd0.1-minlr0-warmup2000-b10.-fd1867
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious4f3b8flr0.008-wd0.1-minlr0-warmup2000-b10.-ef7ead
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious585d63lr0.008-wd0.1-minlr0-warmup2000-b10.-6158ce
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious5d7675lr0.008-wd0.1-minlr0-warmup2000-b10.-76a83d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious6aa3ablr0.008-wd0.1-minlr0-warmup2000-b10.-752115
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious35372elr0.008-wd0.1-minlr0-warmup2000-b10.-681c2f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautiousedcc52lr0.008-wd0.1-minlr0-warmup2000-b10.-57f831
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious8f8214lr0.008-wd0.1-minlr0-warmup2000-b10.-b716f2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious78002elr0.008-wd0.1-minlr0-warmup2000-b10.-a041fe
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious0d244clr0.016-wd0.1-minlr0-warmup2000-b10.-f8a9e5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious6d71bblr0.032-wd0.1-minlr0-warmup2000-b10.-0b7d6f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautiousec447blr0.008-wd0.1-minlr0-warmup2000-b10.-2c67f7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious97beaelr0.008-wd0.1-minlr0-warmup2000-b10.-2f8b4f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious8d0e3elr0.008-wd0.1-minlr0-warmup2000-b10.-b27473
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious57715elr0.008-wd0.1-minlr0-warmup2000-b10.-9560c1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious7e65d1lr0.008-wd0.1-minlr0-warmup500-b10.9-7f852d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautiousc240falr0.008-wd0.1-minlr0-warmup1000-b10.-084dd4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautiousefff30lr0.008-wd0.1-minlr0-warmup4000-b10.-7b0fa2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautiousa712calr0.008-wd0-minlr0-warmup2000-b10.98-789beb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-cautious1bc634lr0.008-wd0.2-minlr0-warmup2000-b10.-9ef4b3
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Table 45: Hyperparameter ablation for Cautious on 130m on 8x Chinchilla Data

81 Bo € M Gnorm Mmin BSZ warmup A Loss Link

0.98 0.98 le-15 0.008 2 0 256 2000 0.13253 0
08 - - - - - - - - 7395 1
09 - - - - - - - - 3271 2
095 - - - - - - - - 3259 3
- 09 - - - - - - - >10 4
- 09 - - - - - - - 3253 5
- - le25 - - - - - - 3251 6
- - le20 - - - - - - 3251 7
- - lel0 - - - - - - 3250 8
- - - 0016 - - - - - 3257 9
- - - 0032 - - - - - 3383 10
- - - - 0 - - - - 3254 11
- - - - 1.0 - - - - 3.251 12
- - - - - - 128 - - 3265 13
- - - - - - 512 - - 3261 14
- - - - - - 1024 - - 3294 15
- - - - - - - 500 - 3.276 16
- - - - - - - 1000 - 3.253 17
- - - - - - - 4000 - 3.255 18
- - - - - - - - 0 3.291 19
- - - - - - - - 0.2 3253 20

Table 46: Hyperparameter ablation for Cautious on 300m on 1x Chinchilla Data

b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.98 0.98 le-25 0.008 2 0 128 2000 0.13.260 0

09 - _ _ — — - - - 3286 1
095 - - - - - - - - 3271 2
- 09 - - - - - - - >10 3
- 095 - - - - - - - >10 4
- - le25 - - - - - - 3260 5
-~ le-15 - - - - - - 3.260 6
_ _ _ - 0 - - - - 3274 17
- _ — - 1 - - - - 3259 8
- — - - - 256 - - 3270 9
_ _ _ - - - - 1000 - 7.352 10
- _ _ - _ - - 4000 - 3.264 11
- — — - — - - - 0.0 3.310 12
_ _ _ - — - - - 0.2 3.266 13
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautious3e1de9lr0.008-wd0.1-minlr0-warmup2000-b10-8f1bb6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautious903025lr0.008-wd0.1-minlr0-warmup2000-b10-c9b0ed
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautiousdb200alr0.008-wd0.1-minlr0-warmup2000-b10-d34aeb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautious1b41e3lr0.008-wd0.1-minlr0-warmup2000-b10-e60376
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautious918292lr0.008-wd0.1-minlr0-warmup2000-b10-43c09c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautious8370eflr0.008-wd0.1-minlr0-warmup2000-b10-beca91
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautious40f0d8lr0.008-wd0.1-minlr0-warmup2000-b10-5be279
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautious000697lr0.008-wd0.1-minlr0-warmup2000-b10-767fda
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautious3d84f2lr0.008-wd0.1-minlr0-warmup2000-b10-222f29
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautiousa3617alr0.016-wd0.1-minlr0-warmup2000-b10-3a0195
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautious18fb14lr0.032-wd0.1-minlr0-warmup2000-b10-39c7ec
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautiousacb30clr0.008-wd0.1-minlr0-warmup2000-b10-f5c3ec
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautious9f3333lr0.008-wd0.1-minlr0-warmup2000-b10-79e29a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautious7f34fclr0.008-wd0.1-minlr0-warmup2000-b10-8dc760
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautiousce8123lr0.008-wd0.1-minlr0-warmup2000-b10-f22bf2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautiousg8d0e3elr0.008-wd0.1-minlr0-warmup2000-b1-5e9931
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautiouse3206alr0.008-wd0.1-minlr0-warmup500-b10.-dac756
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautious5dcd54lr0.008-wd0.1-minlr0-warmup1000-b10-65ad1c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautiousbb1d57lr0.008-wd0.1-minlr0-warmup4000-b10-fc3fbd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautious530be0lr0.008-wd0-minlr0-warmup2000-b10.9-93b35d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-cautiousf3c81clr0.008-wd0.2-minlr0-warmup2000-b10-b5ec73
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautiousc8346clr0.008-wd0.1-minlr0-warmup2000-b10.-852297
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautiousfed852lr0.008-wd0.1-minlr0-warmup2000-b10.-4b06ef
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautious7244dblr0.008-wd0.1-minlr0-warmup2000-b10.-5fd975
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautiousd8e2a3lr0.008-wd0.1-minlr0-warmup2000-b10.-3812f2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautious69dafalr0.008-wd0.1-minlr0-warmup2000-b10.-5e0115
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautiousc8346clr0.008-wd0.1-minlr0-warmup2000-b10.-852297
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautious56bf47lr0.008-wd0.1-minlr0-warmup2000-b10.-19a98d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautiousd6637dlr0.008-wd0.1-minlr0-warmup2000-b10.-2815cd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautiousbb2ad9lr0.008-wd0.1-minlr0-warmup2000-b10.-fd7e98
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautiousad730alr0.008-wd0.1-minlr0-warmup2000-b10.-315f4b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautiousc544aalr0.008-wd0.1-minlr0-warmup1000-b10.-0836a5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautious71139elr0.008-wd0.1-minlr0-warmup4000-b10.-6dedda
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautiousb3e078lr0.008-wd0-minlr0-warmup2000-b10.98-838b4c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-cautious732329lr0.008-wd0.2-minlr0-warmup2000-b10.-3827e5
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Table 47: Hyperparameter ablation for Cautious on 520m on 1x Chinchilla Data

b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.98 0.98 1e-25 0.008 1 0 256 2000 0.13.100 O

0.8 - - - - - - - - >10 1
09 - _ _ - — - - - 7264 2
095 - - - - - - - - 3108 3
- 09 - - - - - - - >10 4
- 095 - - - - - - - 3105 5
- - le25 - - - - - - 3.100 6
- - le20 - - - - - - 3.100 7
- - le-l5 - - - - - - 3.101 8
- - le-l0 - - - - - - 3.101 9
- - 0.016 - - - - - 3.125 10
- - 0032 - - - - - 7.662 11
_ _ - 0 - - - - 3123 12
_ — - 2.0 - - - - 3.102 13
- — - - - 128 - - >10 14
- _ — - - 512 - - 3.123 15
- _ - - - - 500 - >10 16
- — - - - - 1000 - 3.119 17
_ _ - - - - 4000 - 3.107 18
_ — - - - - - 0 3.131 19
_ _ - - - - - 0.2 3.105 20
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautiouscda486lr0.008-wd0.1-minlr0-warmup2000-b10-1d8924
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautioush937574lr0.008-wd0.1-minlr0-warmup2000-b1-288d18
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautiousfe5526lr0.008-wd0.1-minlr0-warmup2000-b10-a0ea38
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautiousb9bea7lr0.008-wd0.1-minlr0-warmup2000-b10-4e055f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautiousfa5ab7lr0.008-wd0.1-minlr0-warmup2000-b10-fc260f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautious06f834lr0.008-wd0.1-minlr0-warmup2000-b10-e18beb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautiouscda486lr0.008-wd0.1-minlr0-warmup2000-b10-1d8924
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautious635735lr0.008-wd0.1-minlr0-warmup2000-b10-d30ff8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautiousfba4cdlr0.008-wd0.1-minlr0-warmup2000-b10-bfcfff
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautiouse8c98clr0.008-wd0.1-minlr0-warmup2000-b10-205bf1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautiouse471f6lr0.016-wd0.1-minlr0-warmup2000-b10-bfc30c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautious78e82clr0.032-wd0.1-minlr0-warmup2000-b10-5beb17
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautious5d8caalr0.008-wd0.1-minlr0-warmup2000-b10-4373b6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautiousc4ab60lr0.008-wd0.1-minlr0-warmup2000-b10-76b50c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautious7aa1c5lr0.008-wd0.1-minlr0-warmup2000-b10-04d11d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautious51724blr0.008-wd0.1-minlr0-warmup2000-b10-9e973d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautiousea3733lr0.008-wd0.1-minlr0-warmup500-b10.-52a99f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautious383408lr0.008-wd0.1-minlr0-warmup1000-b10-4b5602
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautious2cb775lr0.008-wd0.1-minlr0-warmup4000-b10-0fed88
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautious589f93lr0.008-wd0-minlr0-warmup2000-b10.9-10ee8d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-cautious413a92lr0.008-wd0.2-minlr0-warmup2000-b10-75bee0
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E.3 SWEEPING RESULTS FOR LION

Table 48: Hyperparameter ablation for Lion on 130m on 1x Chinchilla Data

b1 Bo M Gnorm Mmin BSZ warmup A Loss Link

09 095 0.002 1 0 128 2000 0.73552 O
0.8 - - - - - - - 3575 1
095 - - - - - - - 3557 2
098 - - - - - - - 7.644 3
- 09 - - - - - - 3550 4
- 098 - - - - - - 3.630 5
- - 0.0005 - - - - - 3579 6
- - 0001 - - - - - 3549 7
- - 0004 - - - - - 7.806 8
- - 0008 - - - - - 7.828 9
- - - 0 - - - - 355 10
- - - 20 - - - - 3.557 11
- - - - - 256 - - 3.643 12
- - - - - - 500 - 7.840 13
- - - - - - 1000 - 7.739 14
- - - - - - 4000 - 3.601 15
- - - - - - - 0 3.570 16
- - - - - - - 0.1 3.562 17
- - - - - - - 0.2 3.557 18
- - - - - - - 0.3 3555 19
- - - - - - - 0.4 3.553 20
- - - - - - - 0.5 3.551 21
- - - - - - - 0.6 3.549 22
- - - - - - - 0.8 3.554 23
- - - - - - - 0.9 3.556 24
- - - - - - - 1 3.557 25
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lion3532d0lr0.002-wd0.7-minlr0-warmup2000-b10.9-b2-2f88e4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lion8b138flr0.002-wd0.7-minlr0-warmup2000-b10.8-b2-9d739e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lion49977alr0.002-wd0.7-minlr0-warmup2000-b10.95-b-0c8700
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lion584608lr0.002-wd0.7-minlr0-warmup2000-b10.98-b-bb0378
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lionf88c83lr0.002-wd0.7-minlr0-warmup2000-b10.9-b2-3f2e17
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lionfc7ef4lr0.002-wd0.7-minlr0-warmup2000-b10.9-b2-27db87
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-liony630ce4lr0.0005-wd0.7-minlr0-warmup2000-b10.9--ceaedd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lion5039d1lr0.001-wd0.7-minlr0-warmup2000-b10.9-b2-3938db
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-liona51523lr0.004-wd0.7-minlr0-warmup2000-b10.9-b2-7563ab
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lionaa59dalr0.008-wd0.7-minlr0-warmup2000-b10.9-b2-37a612
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lionf16ceclr0.002-wd0.7-minlr0-warmup2000-b10.9-b2-3511a1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lion393849lr0.002-wd0.7-minlr0-warmup2000-b10.9-b2-41288e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lion8ae51alr0.002-wd0.7-minlr0-warmup2000-b10.9-b2-8365f3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lion343148lr0.002-wd0.7-minlr0-warmup500-b10.9-b20-25afde
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-liona9ab24lr0.002-wd0.7-minlr0-warmup1000-b10.9-b2-2a731e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lionea298blr0.002-wd0.7-minlr0-warmup4000-b10.9-b2-db95d5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lion148492lr0.002-wd0-minlr0-warmup2000-b10.9-b20.-110cc7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lion18acaelr0.002-wd0.1-minlr0-warmup2000-b10.9-b2-7ddf09
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lion1e546elr0.002-wd0.2-minlr0-warmup2000-b10.9-b2-aa9725
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-liond40922lr0.002-wd0.3-minlr0-warmup2000-b10.9-b2-100dbc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lionee963alr0.002-wd0.4-minlr0-warmup2000-b10.9-b2-c0140d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lione7dbf0lr0.002-wd0.5-minlr0-warmup2000-b10.9-b2-9b5fa8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-liony3cdaaelr0.002-wd0.6-minlr0-warmup2000-b10.9-b-e1600d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lione8dba4lr0.002-wd0.8-minlr0-warmup2000-b10.9-b2-a40177
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-liond64d1flr0.002-wd0.9-minlr0-warmup2000-b10.9-b2-977068
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-lionb541cclr0.002-wd1-minlr0-warmup2000-b10.9-b20.-2ad246
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Table 49: Hyperparameter ablation for Lion on 130m on 2x Chinchilla Data

b1 Bo 7 Gnorm Mmin BSZ warmup A Loss Link

09 095 0001 1 0 128 2000 0.73414 0
08 - - - - - - - 343 |1
095 - - - - - - - 3418 2
098 - - - - - - - 7313 3
- 09 - - - - - - 3433 4
- 098 - - - - — - 3409 5
- - 00005 - - - - - 3435 6
- - 0002 - - - - - 3414 7
- - 0004 - - - - - 3489 8
- - 0008 - - - - - 7826 9
- - - 0 - - - - 3414 10
- - - 20 - - - - 3413 11
- - - - - 256 - - 3447 12
- - - - - 512 - - 3540 13
- - - - - - 50 - 3435 14
- - - -~ — 1000 - 3415 15
— - — = =~ 4000 - 3423 16
- - - - - - ~ 043419 17
- - - - - - ~ 053418 18
- - - - - - ~ 063414 19
- - - - - - ~ 083414 20
- - - - - - ~ 093413 21
- - - - - - -1 3413 22

Table 50: Hyperparameter ablation for Lion on 130m on 4x Chinchilla Data

81 Bo 7 Gnorm Mmin BSZ warmup A Loss Link

0.9 095 0.001 1 0 128 2000 0.73331 O
08 - - - - - - - 3345 1
095 - - - - - - - 3335 2
098 - - - - - - - 7330 3
- 09 - - - - - - 3345 4
- 098 - - - - - - 3340 5
- — 0.0005 - - - - - 3338 6
- - 0002 - - - - - 3342 7
- - 0004 - - - - - 7406 8
- - 0008 - - - - - >10 9
- - - 0 - - - - 3333 10
- - - 20 - - - - 3334 11
- - - - - 256 - - 3346 12
- - - - - 512 - - 3386 13
- - - - - 1024 - - 3492 14
- - - - - - 500 - 3364 15
- - - - - - 1000 - 3.336 16
- - - - - - 4000 - 3.333 17
- - - - - - - 0.4 3335 18
- - - - - - - 0.53.333 19
- - - - - - - 0.6 3.329 20
- - - - - - - 0.8 3.332 21
- - - - - - - 0.9 3.332 22
- - - - - - - 1 3335 23
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lione0352dlr0.001-wd0.7-minlr0-warmup2000-b10.9-b2-89e6a1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion50b543lr0.001-wd0.7-minlr0-warmup2000-b10.8-b2-b6925d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-liondeda64lr0.001-wd0.7-minlr0-warmup2000-b10.95-b-005903
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion2ccccblr0.001-wd0.7-minlr0-warmup2000-b10.98-b-ce81dd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion9321cblr0.001-wd0.7-minlr0-warmup2000-b10.9-b2-f29f78
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion5d07e9lr0.001-wd0.7-minlr0-warmup2000-b10.9-b2-6d65d0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lionb0bcd6lr0.0005-wd0.7-minlr0-warmup2000-b10.9-b-409f2d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion806a2blr0.002-wd0.7-minlr0-warmup2000-b10.9-b2-4fa558
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion183c87lr0.004-wd0.7-minlr0-warmup2000-b10.9-b2-3f102b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion99fb2blr0.008-wd0.7-minlr0-warmup2000-b10.9-b2-4c4fe7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lione6b763lr0.001-wd0.7-minlr0-warmup2000-b10.9-b2-09755c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion701087lr0.001-wd0.7-minlr0-warmup2000-b10.9-b2-c4d9c1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion5039d1lr0.001-wd0.7-minlr0-warmup2000-b10.9-b2-dedd1d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lionca6bb2lr0.001-wd0.7-minlr0-warmup2000-b10.9-b2-e3e896
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion48f956lr0.001-wd0.7-minlr0-warmup500-b10.9-b20-390aaa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lioned8d52lr0.001-wd0.7-minlr0-warmup1000-b10.9-b2-2c6b91
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion459d77lr0.001-wd0.7-minlr0-warmup4000-b10.9-b2-fb657e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion55339blr0.001-wd0.4-minlr0-warmup2000-b10.9-b2-3bf4c7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-liona4ac8clr0.001-wd0.5-minlr0-warmup2000-b10.9-b2-b9d513
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-liond3370dlr0.001-wd0.6-minlr0-warmup2000-b10.9-b2-06b49a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion7d5528lr0.001-wd0.8-minlr0-warmup2000-b10.9-b2-7b1118
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lionf583bflr0.001-wd0.9-minlr0-warmup2000-b10.9-b2-a97ac4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-lion22111dlr0.001-wd1-minlr0-warmup2000-b10.9-b20.-8a1d23
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-liondd8061alr0.001-wd0.7-minlr0-warmup2000-b10.9--72b789
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lion6ebc4dlr0.001-wd0.7-minlr0-warmup2000-b10.8-b-9ccc4b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lionk6ee825lr0.001-wd0.7-minlr0-warmup2000-b10.95-4aeb28
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lionk98635alr0.001-wd0.7-minlr0-warmup2000-b10.98-20924d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lioncda5edlr0.001-wd0.7-minlr0-warmup2000-b10.9-b-6a3aec
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lion489f64lr0.001-wd0.7-minlr0-warmup2000-b10.9-b-e5b223
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lionfc33e8lr0.0005-wd0.7-minlr0-warmup2000-b10.9--abc4e2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lionp2ece3elr0.002-wd0.7-minlr0-warmup2000-b10.9--9f5952
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-liond13cd19lr0.004-wd0.7-minlr0-warmup2000-b10.9--ef33c1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lionbfc5e9lr0.008-wd0.7-minlr0-warmup2000-b10.9-b-1af583
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-liond57a94elr0.001-wd0.7-minlr0-warmup2000-b10.9--a5375c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lionpbf8865lr0.001-wd0.7-minlr0-warmup2000-b10.9--84e08f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lione0352dlr0.001-wd0.7-minlr0-warmup2000-b10.9-b-1bda13
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-liond5039d1lr0.001-wd0.7-minlr0-warmup2000-b10.9--ae4667
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-liondca6bb2lr0.001-wd0.7-minlr0-warmup2000-b10.9--ff8cfb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-liond9974felr0.001-wd0.7-minlr0-warmup500-b10.9-b-9b3686
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-liond7d5a4dlr0.001-wd0.7-minlr0-warmup1000-b10.9--836ab8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lionk2384e6lr0.001-wd0.7-minlr0-warmup4000-b10.9--2064c0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lionkaf4d5dlr0.001-wd0.4-minlr0-warmup2000-b10.9--67f27f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lionbd57fflr0.001-wd0.5-minlr0-warmup2000-b10.9-b-4b2fd0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-liond4bc061lr0.001-wd0.6-minlr0-warmup2000-b10.9--5fba09
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lionpa0460alr0.001-wd0.8-minlr0-warmup2000-b10.9--8c714c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lionp2d5974lr0.001-wd0.9-minlr0-warmup2000-b10.9--c710cf
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-lionp58eb1dlr0.001-wd1-minlr0-warmup2000-b10.9-b2-be93de
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Table 51: Hyperparameter ablation for Lion on 130m on 8x Chinchilla Data

b1 Bo M Gnorm Mmin BSZ warmup A Loss Link

0.9 098 0.001 1 0 128 2000 0.73.252 0
08 - - - - - - - 3287 1
095 - - - - - - - 3264 2
098 - - - - - - - 3286 3
- 09 - - - - - - 3277 4
- 095 - - - - - - 3263 5
- — 0.0005 - - - - - 3254 6
- - 0002 - - - - - 3310 7
- - 0004 - - - - - 7.829 8
- - 0008 - - - - - NaN 9
- - - 0 - - - - 3329 10
- - - 20 - - - - 3265 11
- - - - - 256 - - 3260 12
- - - - - 512 - - 3287 13
- - - - - 1024 - - 3342 14
- - - - - - 500 - 3.336 15
- - - - - - 1000 - 3273 16
- - - - - - 4000 - 3.258 17
- - - - - - - 0.4 3.256 18
- - - - - - - 0.5 3.251 19
- - - - - - - 0.6 3.252 20
- - - - - - - 0.8 3.258 21
- - - - - - - 0.9 3.259 22
- - - - - - - 1 3.261 23

Table 52: Hyperparameter ablation for Lion on 300m on 1x Chinchilla Data

51 BQ n Ynorm Tmin BSZ warmup A Loss Link
0.9 0.95 0.001 1 0 128 2000 0.6 3.268 0

0.8 - - - - - - - 3.283
095 - - - - - - - 3.271
0.98 - - - - - - - 7.690
- 09 - - - - - - 3.283
- 098 - 3.271
— 0.0005 3.286
- - 0.002 3.283
- - 0004 - - - - - 7.817
0.008 7.863
- - - 0 - - - - 3274 10
- - - 3269 11
- - - - - 256 - - 3295 12
- - - - - 512 - - 3367 13
- - - - - - 500 7.607 14
- - - - - - 1000 - 3.278 15
4000 - 3.277 16
- - - - - - - 04 3272 17
- - - - - - - 0.5 3271 18
- - - - - - - 0.7 3.268 19
- - - - - - - 0.8 3.268 20
- - - - - - - 0.9 3.269 21
- - - - - - - 1 3269 22

O 00NN B~ W~

49


https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lion85b813lr0.001-wd0.7-minlr0-warmup2000-b10.9-b-eef545
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionje7bccblr0.001-wd0.7-minlr0-warmup2000-b10.8--46199a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionjc17beflr0.001-wd0.7-minlr0-warmup2000-b10.95-bd5017
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-liona1354cclr0.001-wd0.7-minlr0-warmup2000-b10.98-b74486
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-liona9ff1b8lr0.001-wd0.7-minlr0-warmup2000-b10.9--9c346c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionje4e710lr0.001-wd0.7-minlr0-warmup2000-b10.9--f5263e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionja6ac62lr0.0005-wd0.7-minlr0-warmup2000-b10.9-39f7c0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionj40577alr0.002-wd0.7-minlr0-warmup2000-b10.9--92e8ac
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionj145f08lr0.004-wd0.7-minlr0-warmup2000-b10.9--a84f14
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionjdc0918lr0.008-wd0.7-minlr0-warmup2000-b10.9--498ad5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionj1f7163lr0.001-wd0.7-minlr0-warmup2000-b10.9--4e41c6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionj8b32balr0.001-wd0.7-minlr0-warmup2000-b10.9--5de8d3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionj489f64lr0.001-wd0.7-minlr0-warmup2000-b10.9--135ae5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionj5d07e9lr0.001-wd0.7-minlr0-warmup2000-b10.9--fe860f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionjeeafa4lr0.001-wd0.7-minlr0-warmup2000-b10.9--e5c831
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionj284472lr0.001-wd0.7-minlr0-warmup500-b10.9-b-97c2b1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionj5d664dlr0.001-wd0.7-minlr0-warmup1000-b10.9--56ad2e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-liona604911lr0.001-wd0.7-minlr0-warmup4000-b10.9--bba102
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionj24656blr0.001-wd0.4-minlr0-warmup2000-b10.9--226fed
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionjdc4471lr0.001-wd0.5-minlr0-warmup2000-b10.9--f1150c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionj70e78flr0.001-wd0.6-minlr0-warmup2000-b10.9--bd1947
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionj0814b5lr0.001-wd0.8-minlr0-warmup2000-b10.9--51222b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionj7e5b98lr0.001-wd0.9-minlr0-warmup2000-b10.9--cd894e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-lionja0ede2lr0.001-wd1-minlr0-warmup2000-b10.9-b2-22aaac
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lion00979clr0.001-wd0.6-minlr0-warmup2000-b10.9-b2-81fdf3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lionb6c8celr0.001-wd0.6-minlr0-warmup2000-b10.8-b2-b954bf
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lion11c981lr0.001-wd0.6-minlr0-warmup2000-b10.95-b-4fef8e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lion5c8de5lr0.001-wd0.6-minlr0-warmup2000-b10.98-b-1d6304
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lionf81910lr0.001-wd0.6-minlr0-warmup2000-b10.9-b2-3a8ce5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lion062393lr0.001-wd0.6-minlr0-warmup2000-b10.9-b2-aaa1ff
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lionfb90dflr0.0005-wd0.6-minlr0-warmup2000-b10.9-b-8dee1b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lion009506lr0.002-wd0.6-minlr0-warmup2000-b10.9-b2-9aa797
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lionfef5c5lr0.004-wd0.6-minlr0-warmup2000-b10.9-b2-2cf0da
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lion617912lr0.008-wd0.6-minlr0-warmup2000-b10.9-b2-9c49d8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lion07184dlr0.001-wd0.6-minlr0-warmup2000-b10.9-b2-970416
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-liond034d9lr0.001-wd0.6-minlr0-warmup2000-b10.9-b2-02c0d5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lion90071blr0.001-wd0.6-minlr0-warmup2000-b10.9-b2-c99062
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lioni228960lr0.001-wd0.6-minlr0-warmup2000-b10.9-b-0023e8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lionfcdd49lr0.001-wd0.6-minlr0-warmup500-b10.9-b20-0f441e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lionbca720lr0.001-wd0.6-minlr0-warmup1000-b10.9-b2-75cce3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lion79e7f2lr0.001-wd0.6-minlr0-warmup4000-b10.9-b2-68b5c3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lione90bdelr0.001-wd0.4-minlr0-warmup2000-b10.9-b2-5de05c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-liona1fe69lr0.001-wd0.5-minlr0-warmup2000-b10.9-b2-c03408
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lion68ad62lr0.001-wd0.7-minlr0-warmup2000-b10.9-b2-9cf73e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lion006213lr0.001-wd0.8-minlr0-warmup2000-b10.9-b2-78b6b3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lionbe9481lr0.001-wd0.9-minlr0-warmup2000-b10.9-b2-500673
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-lion9f183dlr0.001-wd1-minlr0-warmup2000-b10.9-b20.-8cfb4a
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Table 53: Hyperparameter ablation for Lion on 520m on 1x Chinchilla Data

b1 Bo M Gnorm Mmin BSZ warmup A Loss Link

0.9 095 0.001 1 0 128 2000 0.73.108 0
08 - - - - - - - 3117 1
095 - - - - - - - 3121 2
098 - - - - - - - 7577 3
- 09 - - - - - - 3.119 4
- 098 - - - - - - 3208 5
- — 0.0005 - - - - - 3113 6
- - 0002 - - - - - 7734 7
- - 0004 - - - - - 8.046 8
- - 0008 - - - - - NaN 9
- - - 0 - - - - 3.128 10
- - - 20 - - - - 3.109 11
- - - - - 256 - - 3.117 12
- - - - - 512 - - 3.151 13
- - - - - 1024 - - 3252 14
- - - - - - 500 - 7.403 15
- - - - - - 1000 - 7.119 16
- - - - - - 4000 - 3.115 17
- - - - - - - 0.4 3.109 18
- - - - - - - 0.5 3.108 19
- - - - - - - 0.6 3.108 20
- - - - - - - 0.8 3.109 21
- - - - - - - 0.9 3.112 22
- - - - - - - 1 3.115 23
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-liond8061alr0.001-wd0.7-minlr0-warmup2000-b10.9-b-942db7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lion6ebc4dlr0.001-wd0.7-minlr0-warmup2000-b10.8-b-edd66c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lion6ee825lr0.001-wd0.7-minlr0-warmup2000-b10.95--60d07d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lion98635alr0.001-wd0.7-minlr0-warmup2000-b10.98--391c82
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lioncda5edlr0.001-wd0.7-minlr0-warmup2000-b10.9-b-2427cd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lion489f64lr0.001-wd0.7-minlr0-warmup2000-b10.9-b-5ffcf2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lionfc33e8lr0.0005-wd0.7-minlr0-warmup2000-b10.9--6dcec6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lion2ece3elr0.002-wd0.7-minlr0-warmup2000-b10.9-b-cce61a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-liony13cd19lr0.004-wd0.7-minlr0-warmup2000-b10.9--902a44
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lionbfc5e9lr0.008-wd0.7-minlr0-warmup2000-b10.9-b-2bcac3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lion57a94elr0.001-wd0.7-minlr0-warmup2000-b10.9-b-ee34ec
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lionbf8865lr0.001-wd0.7-minlr0-warmup2000-b10.9-b-91b5a6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lione0352dlr0.001-wd0.7-minlr0-warmup2000-b10.9-b-d88a55
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lion5039d1lr0.001-wd0.7-minlr0-warmup2000-b10.9-b-08c43a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lionca6bb2lr0.001-wd0.7-minlr0-warmup2000-b10.9-b-743e67
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lion9974felr0.001-wd0.7-minlr0-warmup500-b10.9-b2-dfe7cf
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lion7d5a4dlr0.001-wd0.7-minlr0-warmup1000-b10.9-b-021966
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lion2384e6lr0.001-wd0.7-minlr0-warmup4000-b10.9-b-d11c47
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lionaf4d5dlr0.001-wd0.4-minlr0-warmup2000-b10.9-b-d38392
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lionbd57fflr0.001-wd0.5-minlr0-warmup2000-b10.9-b-a361a1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lion4bc061lr0.001-wd0.6-minlr0-warmup2000-b10.9-b-bc2a15
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-liona0460alr0.001-wd0.8-minlr0-warmup2000-b10.9-b-ff41bb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lion2d5974lr0.001-wd0.9-minlr0-warmup2000-b10.9-b-fb0b49
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-lion58eb1dlr0.001-wd1-minlr0-warmup2000-b10.9-b20-903ec6
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E.4 SWEEPING RESULTS FOR MARS

Table 54: Hyperparameter ablation for Mars on 130m on 1x Chinchilla Data

b1 Bo € vy M Gnorm Mmin BSZ warmup A Loss Link

0.9 0.95 1e-25 0.025 0.016 1 0 128 2000 0.13.537 0
08 - - - - - - - - - 3568 1
095 - - - - - - - - - 3548 2
098 - - - - - - - - - 3586 3
- 09 - - - - - - - - 3548 4
- 098 - - - - - - - - 3536 5
- 099 - - - - - - - - 3562 6
- - le30 - - - - - - - 3537 7
- - le25 - - - - - - - 3537 8
- - le20 - - - - - - - 3537 9
- - lel5 - - - - - - - 3.537 10
- - lel0 - - - - - - - 3537 11
- - - 00125 - - - - - - 3540 12
- - - 0.05 - - - - - — 3542 13
- - - 0.1 - - - - - — 3553 14
- - - - 0.008 - - - - - 3538 15
- - - - 0032 - - - - - 7.574 16
- - - - - - - 256 - - 3.616 17
- - - - - - - - 500 - >10 18
- - - - - - - - 1000 - >10 19
- - - - - - - - 4000 - 3.596 20
- - - - - - - - - 0 3.552 21
- - - - - - - - - 0.2 3.561 22

Table 55: Hyperparameter ablation for Mars on 130m on 2x Chinchilla Data

B1 Bo € ol M Gnorm Mmin BSZ warmup A Loss Link

0.95 0.98 1e-25 0.025 0.008 1 0 128 2000 0.13.396 0
08 - - - - - - - - 3421 1
09 - - - - - - - - 3402 2
098 - - - - - - - ~ - 3401 3
- 09 - - - - - - — — 3409 4
- 095 - - - - - - ~ — 3400 5
- 099 - - - - - - - - 3398 6
e 110 S ~ - 339 7
- - 1e20 - - - - - - - 339% 8
- - lel5 - - - - - - - 3398 9
- - lel0 - - - - - ~ - 3397 10
- - - 00125 - - - - ~ - 3398 11
- - - 005 - - - - - 3404 12
- - - 01 - - - - - 3415 13
- - - - 0016 - - - -~ 3402 14
- - - - 0032 - - - ~ - 3441 15
- - - - - - - 25 - - 3427 16
- - - - - - - 512 - - 35417
- - - - - - - - 50 - 3400 18
- - - - — -~ — 1000 - 3395 19
— - = = === = 4000 - 3409 20
- - - - - - - - ~ 0 3430 21
- - - - - - - - ~ 023404 22
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars692316lr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-93e276
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars429f19lr0.016-wd0.1-minlr0-warmup2000-b10.8-b2-8e6b1f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars07f867lr0.016-wd0.1-minlr0-warmup2000-b10.95-b-1c9da8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars32fa0blr0.016-wd0.1-minlr0-warmup2000-b10.98-b-f2c1f5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars2816c1lr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-ea14d0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-marse45e36lr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-2de81b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars2f8911lr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-172044
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars692316lr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-93e276
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars692316lr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-93e276
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars7253f2lr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-9c8165
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars43bbc9lr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-805b23
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars2566cflr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-b6fd06
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars176e13lr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-2cfa05
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars3356c4lr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-e25891
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars29f7d4lr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-723099
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars33a7c2lr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-485319
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars8c1591lr0.032-wd0.1-minlr0-warmup2000-b10.9-b2-8906e2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-marsaf638flr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-184b59
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-marse5556elr0.016-wd0.1-minlr0-warmup500-b10.9-b20-4a1a3f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars36f6falr0.016-wd0.1-minlr0-warmup1000-b10.9-b2-2937a8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars15198alr0.016-wd0.1-minlr0-warmup4000-b10.9-b2-b45af5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars05131flr0.016-wd0-minlr0-warmup2000-b10.9-b20.-26f8c3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mars17082alr0.016-wd0.2-minlr0-warmup2000-b10.9-b2-0dc23c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marsc95aa3lr0.008-wd0.1-minlr0-warmup2000-b10.95-b-7a23c5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marscd02f0lr0.008-wd0.1-minlr0-warmup2000-b10.8-b2-4592bf
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marspfd075dlr0.008-wd0.1-minlr0-warmup2000-b10.9-b-b40465
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marsc8034dlr0.008-wd0.1-minlr0-warmup2000-b10.98-b-a89aca
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mars58007elr0.008-wd0.1-minlr0-warmup2000-b10.95-b-a6ce83
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marspa9b599lr0.008-wd0.1-minlr0-warmup2000-b10.95--0ab9b0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mars104ea4lr0.008-wd0.1-minlr0-warmup2000-b10.95-b-ce96d6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marsc95aa3lr0.008-wd0.1-minlr0-warmup2000-b10.95-b-7a23c5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marsfe50f8lr0.008-wd0.1-minlr0-warmup2000-b10.95-b-93f048
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mars773994lr0.008-wd0.1-minlr0-warmup2000-b10.95-b-402a1d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mars857a95lr0.008-wd0.1-minlr0-warmup2000-b10.95-b-338f34
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marsf03129lr0.008-wd0.1-minlr0-warmup2000-b10.95-b-8ea8ad
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marspd43f88lr0.008-wd0.1-minlr0-warmup2000-b10.95--050b21
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marsd28047lr0.008-wd0.1-minlr0-warmup2000-b10.95-b-0571c3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mars0c1462lr0.016-wd0.1-minlr0-warmup2000-b10.95-b-d9744e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mars67d195lr0.032-wd0.1-minlr0-warmup2000-b10.95-b-b5b9ca
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marsfc8923lr0.008-wd0.1-minlr0-warmup2000-b10.95-b-1bbff7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marsp4f0718lr0.008-wd0.1-minlr0-warmup2000-b10.95--094fbe
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marsp30b7b9lr0.008-wd0.1-minlr0-warmup500-b10.95-b-547d93
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mars176a59lr0.008-wd0.1-minlr0-warmup1000-b10.95-b-ab41f8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marspa6f8dflr0.008-wd0.1-minlr0-warmup4000-b10.95--2e019b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-marsp6bc34clr0.008-wd0-minlr0-warmup2000-b10.95-b2-1650e9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mars3cc0bclr0.008-wd0.2-minlr0-warmup2000-b10.95-b-bfae2c
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Table 56: Hyperparameter ablation for Mars on 130m on 4x Chinchilla Data

b1 Bo € ¥ 7 Gnorm Tmin BSZ warmup A Loss Link

0.9 098 le-25 0.025 0.008 1 0 128 2000 0.13323 0
0.8 - - - - - - - - - 3336 1
095 - - - - - - - - - 3326 2
098 - - - - - - - - - 3350 3
- 09 - - - - - - - - 3337 4
- 095 - - - - - - - - 3330 5
- 099 - - - - - - - - 3324 6
- - le30 - - - - - - - 3323 7
- - le25 - - - - - - - 3323 8
- - le20 - - - - - - - 3323 9
- - lel5 - - - - - - - 3321 10
- - lel0 - - - - - - - 3322 11
- - - 00125 - - - - - - 3323 12
- - - 0.05 - - - - - - 3324 13
- - - 0.1 - - - - - - 3330 14
- - - - 0016 - - - - - 3337 15
- - - - 0032 - - - - - 8.642 16
- - - - - - - 256 - - 3336 17
- - - - - - - 512 - - 3384 18
- - - - - - - 1024 - - 3525 19
- - - - - - - - 500 - 3.328 20
- - - - - - - - 1000 - 3.321 21
- - - - - - - - 4000 - 3.327 22
- - - - - - - - - 0 3359 23
- - - - - - - - - 023333 24
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marsb8cf3flr0.008-wd0.1-minlr0-warmup2000-b10.9-b-5a2278
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marsa0cf09lr0.008-wd0.1-minlr0-warmup2000-b10.8-b-2eb328
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mars1ddcddlr0.008-wd0.1-minlr0-warmup2000-b10.95--f05d16
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mars1125cblr0.008-wd0.1-minlr0-warmup2000-b10.98--06efb4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marsbf9ae8lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-77968a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marsa8c868lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-e43f81
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mars7e0a59lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-53135f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marsb8cf3flr0.008-wd0.1-minlr0-warmup2000-b10.9-b-5a2278
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marsb8cf3flr0.008-wd0.1-minlr0-warmup2000-b10.9-b-5a2278
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marsb20ec1lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-429792
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mars320502lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-52c30e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mars330c3flr0.008-wd0.1-minlr0-warmup2000-b10.9-b-1789fc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marsdd8631lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-569c37
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marsec6a72lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-170a20
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mars9f1631lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-a3be4e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marsa22b0blr0.016-wd0.1-minlr0-warmup2000-b10.9-b-5f5677
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marse7bb5elr0.032-wd0.1-minlr0-warmup2000-b10.9-b-5dc390
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mars3389a5lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-27c86b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marsafd3efclr0.008-wd0.1-minlr0-warmup2000-b10.9--f46415
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mars1129d3lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-b11208
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mars342f3elr0.008-wd0.1-minlr0-warmup500-b10.9-b2-6f0cc9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mars6550falr0.008-wd0.1-minlr0-warmup1000-b10.9-b-c87967
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marsa60af3lr0.008-wd0.1-minlr0-warmup4000-b10.9-b-c01162
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mars6d8040lr0.008-wd0-minlr0-warmup2000-b10.9-b20-f87fd6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-marsdc1e1alr0.008-wd0.2-minlr0-warmup2000-b10.9-b-9c4043
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Table 57: Hyperparameter ablation for Mars on 130m on 8x Chinchilla Data

b1 Bo € ¥ 7 Gnorm Tmin BSZ warmup A Loss Link

0.98 0.99 1e-25 0.025 0.008 1 0 128 2000 O0.13.247 0
08 - - - - - - - - - 3272 1
09 - - - - - - - - - 3252 2
095 - - - - - - - - - 325 3
- 09 - - - - - - - - NaN 4
- 095 - - - - - - - - 3257 5
- 098 - - - - - - - - 3249 6
- - 1e30 - - - - - - - 3247 7
- - 1le25 - - - - - - - 3247 38
- - 1le20 - - - - - - - 3247 9
- = lel5 - - - - - ~ — 3247 10
- - lel0 - - - - - - - 3248 11
- - - 00125 - - - - - - 3255 12
- - - 005 - - - - - - 3252 13
- - - 01 - - - - - - 3410 14
- - - - 0016 - - - - - 3262 15
- - - - 0032 - - - - - 332 16
- - - - - - - 256 - - 325 17
- - - - - - - 512 - -3277 18
- - - - - - - 1024 - -3339 19
- - - - - - - - 500 - 3250 20
- - - - - -~ = 1000 - 3248 21
- - - - - - - - 4000 - 3251 22
- - - - - - - - -0 3292 23
- - - - - - - - ~ 023265 24
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-marse0bd33lr0.008-wd0.1-minlr0-warmup2000-b10.98--8e8f56
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-marsf4b9a3lr0.008-wd0.1-minlr0-warmup2000-b10.8-b-7720d7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-marsa14b1flr0.008-wd0.1-minlr0-warmup2000-b10.9-b-3cf5ea
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-marsa2ff9clr0.008-wd0.1-minlr0-warmup2000-b10.95--2b9b91
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-marsbd2446lr0.008-wd0.1-minlr0-warmup2000-b10.98--91ca7d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mars958a5alr0.008-wd0.1-minlr0-warmup2000-b10.98--43c96f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mars10209dlr0.008-wd0.1-minlr0-warmup2000-b10.98--beb8d7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-marse0bd33lr0.008-wd0.1-minlr0-warmup2000-b10.98--8e8f56
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-marse0bd33lr0.008-wd0.1-minlr0-warmup2000-b10.98--8e8f56
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-marsae79cflr0.008-wd0.1-minlr0-warmup2000-b10.98--d6a455
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-marsbb9893lr0.008-wd0.1-minlr0-warmup2000-b10.98--61cf99
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mars65f067lr0.008-wd0.1-minlr0-warmup2000-b10.98--00e186
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mars45fc79lr0.008-wd0.1-minlr0-warmup2000-b10.98--665d81
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-marsbb3d2dlr0.008-wd0.1-minlr0-warmup2000-b10.98--efa0b6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-marsef08aalr0.008-wd0.1-minlr0-warmup2000-b10.98--99e5eb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-marseec4ddlr0.016-wd0.1-minlr0-warmup2000-b10.98--a76048
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mars56ce49lr0.032-wd0.1-minlr0-warmup2000-b10.98--6ec527
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mars3da2b9lr0.008-wd0.1-minlr0-warmup2000-b10.98--21bf02
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mars41b2f4lr0.008-wd0.1-minlr0-warmup2000-b10.98--bcbde5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mars3adad7lr0.008-wd0.1-minlr0-warmup2000-b10.98--024b89
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mars602214lr0.008-wd0.1-minlr0-warmup500-b10.98-b-4209ae
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mars998481lr0.008-wd0.1-minlr0-warmup1000-b10.98--5adede
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mars5529aclr0.008-wd0.1-minlr0-warmup4000-b10.98--e1dc78
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mars3f0fadlr0.008-wd0-minlr0-warmup2000-b10.98-b2-ac9f0b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mars09ac0flr0.008-wd0.2-minlr0-warmup2000-b10.98--0edd7e
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Table 58: Hyperparameter ablation for Mars on 300m on 1x Chinchilla Data

b1 Bo € ¥ 7 Gnorm Tmin BSZ warmup A Loss Link

0.98 0.98 1e-25 0.05 0.008 1 0 128 1000 0.1 3249 0

08 - - - - - - - - - 17899
09 - 3.259
095 - - - - - - - - = 3247
- 09 - - - - - - - - NaN
- 095 - - - - - - - - 3.256
- 099 - - - - - - - = 3247
- - le30 - - - - - - — 3.249
- - le20 - - - - - - - 3.250
- = lel5 - - - - - - = 3250
- - lel0 - - - - - - - 3252
- - - 00125 - - - - - - 3259
- - - 0025 - - - - - - 3.249
- - - 0.1 - - - - - - 3280 13
- - - 0016 - - - - - 3265 14
- - — 3410 15
- _ — - - - - 256 - — 3.288 16
- — - - - - - 512 - - 3.389 17
- _ - _ - - - 1024 - - 3.624 18
- _ - - - - - - 500 - 3254 19
- — - _ - - - - 2000 - 3.254 20
- _ - _ - - - - 4000 - 3.269 21
- = - - - - - - - 0 3312 22
- — - _ - - - — - 0.2 3262 23
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Table 59: Hyperparameter ablation for Mars on 520m on 1x Chinchilla Data

b1 Bo € ¥ 7 Gnorm Mmin BSZ warmup A Loss Link

0.95 0.95 1e-25 0.025 0.008 1 0 256 2000 O0.13.101 O

08 - - - - - - - - - >10 1
09 - 3.108
098 - - - - - - - - - 3.107
- 09 - - - - - - - - 3.108
- 098 - - - - - - - - 3.099
- 099 - - - - - - - - 3.102
- - le30 - - - - - - - 3.101
- - le20 - - - - - - - 3.101
- - lel5 - - - - - - - 3.101
- - le10 - - - - - - - 3.101 10
- - - 00125 - - - - - - 3.100 11
- - - 005 - - - - - - 3.103 12
- _ - 0.1 - - - - - - 3.113 13
- - _ - 0016 - - - - - 3111 14
- - - NaN 15
- - _ - - - - 128 - - 3.102 16
- - - - - - - 512 - - 3.130 17
- - — - - - - 1024 - - 3224 18
- - - - - - - - 500 - 3.128 19
3.105 20
3.112 21
- - - - - - - - - 0 3.131 22
- - _ - - - - - - 023103 23
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars9c7f7elr0.008-wd0.1-minlr0-warmup1000-b10.98-b-f63232
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars51e60dlr0.008-wd0.1-minlr0-warmup1000-b10.8-b2-fcc8df
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars9bd75elr0.008-wd0.1-minlr0-warmup1000-b10.9-b2-cab9f0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars328fcflr0.008-wd0.1-minlr0-warmup1000-b10.95-b-ce45f8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-marsb65964lr0.008-wd0.1-minlr0-warmup1000-b10.98-b-e8240b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars9f27e3lr0.008-wd0.1-minlr0-warmup1000-b10.98-b-a25628
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars4f9747lr0.008-wd0.1-minlr0-warmup1000-b10.98-b-fd94ca
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars9c7f7elr0.008-wd0.1-minlr0-warmup1000-b10.98-b-f63232
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars25812alr0.008-wd0.1-minlr0-warmup1000-b10.98-b-0e08ff
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars1653ealr0.008-wd0.1-minlr0-warmup1000-b10.98-b-691b72
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars47d219lr0.008-wd0.1-minlr0-warmup1000-b10.98-b-193328
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars4c5abflr0.008-wd0.1-minlr0-warmup1000-b10.98-b-3e054b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-marsad66b2lr0.008-wd0.1-minlr0-warmup1000-b10.98-b-16d73c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars64d862lr0.008-wd0.1-minlr0-warmup1000-b10.98-b-546935
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-marsdf5e3elr0.016-wd0.1-minlr0-warmup1000-b10.98-b-7afb74
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars9fd6a9lr0.032-wd0.1-minlr0-warmup1000-b10.98-b-c5ffe2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars39cccclr0.008-wd0.1-minlr0-warmup1000-b10.98-b-2e238d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars4f583elr0.008-wd0.1-minlr0-warmup1000-b10.98-b-10ec54
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-marsfd212alr0.008-wd0.1-minlr0-warmup1000-b10.98-b-5c0926
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-marsc7a1edlr0.008-wd0.1-minlr0-warmup500-b10.98-b2-3ac9c1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars83418dlr0.008-wd0.1-minlr0-warmup2000-b10.98-b-e1073a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars58d878lr0.008-wd0.1-minlr0-warmup4000-b10.98-b-032e46
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars17b945lr0.008-wd0-minlr0-warmup1000-b10.98-b20-409c3e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mars399b10lr0.008-wd0.2-minlr0-warmup1000-b10.98-b-d46890
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars5423a5lr0.008-wd0.1-minlr0-warmup2000-b10.95--3bb28e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-marsa9730clr0.008-wd0.1-minlr0-warmup2000-b10.8-b-076bee
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars789cdclr0.008-wd0.1-minlr0-warmup2000-b10.9-b-e6ccdf
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars0de768lr0.008-wd0.1-minlr0-warmup2000-b10.98--080115
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars58007elr0.008-wd0.1-minlr0-warmup2000-b10.95--235a3d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-marsc95aa3lr0.008-wd0.1-minlr0-warmup2000-b10.95--142484
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars104ea4lr0.008-wd0.1-minlr0-warmup2000-b10.95--2f3096
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars5423a5lr0.008-wd0.1-minlr0-warmup2000-b10.95--3bb28e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars657b86lr0.008-wd0.1-minlr0-warmup2000-b10.95--f3ff84
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars77342alr0.008-wd0.1-minlr0-warmup2000-b10.95--6c9adf
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-marsa92a9dlr0.008-wd0.1-minlr0-warmup2000-b10.95--391f57
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-marsb386c8lr0.008-wd0.1-minlr0-warmup2000-b10.95--e1ca32
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-marse74b34lr0.008-wd0.1-minlr0-warmup2000-b10.95--902394
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-marst656743lr0.008-wd0.1-minlr0-warmup2000-b10.95-796b89
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars1ad142lr0.016-wd0.1-minlr0-warmup2000-b10.95--96fc22
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-marsbb494clr0.032-wd0.1-minlr0-warmup2000-b10.95--4cb91d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-marsfbbfc9lr0.008-wd0.1-minlr0-warmup2000-b10.95--e8c9e5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars5bfa62lr0.008-wd0.1-minlr0-warmup2000-b10.95--b53901
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars3d3d86lr0.008-wd0.1-minlr0-warmup2000-b10.95--f8862b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars5e3138lr0.008-wd0.1-minlr0-warmup500-b10.95-b-d4539f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars92cf12lr0.008-wd0.1-minlr0-warmup1000-b10.95--af09eb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars77a9fflr0.008-wd0.1-minlr0-warmup4000-b10.95--986850
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mars957dd2lr0.008-wd0-minlr0-warmup2000-b10.95-b2-d9df97
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-marsca8afflr0.008-wd0.2-minlr0-warmup2000-b10.95--23909d
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E.5 SWEEPING RESULTS FOR NADAMW

Table 60: Hyperparameter ablation for NAdamW on 130m on 1x Chinchilla Data
b1 Do € M Gnorm Mmin BSZ warmup A Loss Link

0.95 0.98 1e-25 0.008 1 0 128 2000 0.1 3531 O

08 - - - - - - - - 4764 1
09 -— _ - - - - - - 3552 2
098 - - - - - - - - 3585 3
- 09 - - - - - - - 3552 4
- 095 - - - - - - - 3535 5
- - le20 - - - - - - 3531 6
- = le-l5 - - - - - - 3533 7
- = le-10 - - - - - - 3531 8
- - - 0016 - - - - - 3545 9
- — 0.032 - - - - - >10 10
- — - 0 - - - - 3537 11
_ _ — - 2.0 — - - - 3.539 12
- _ _ — — - 256 - - 3.624 13
- - - - - - - 500 - 3.646 14
- = - — - - - 1000 - 3.545 15
_ _ - - — - 4000 - 3.577 16
- — - - - - - 0 3.547 17
_ _ — - - - - 0.2 3.535 18

Table 61: Hyperparameter ablation for NAdamW on 130m on 2x Chinchilla Data

b1 Bo € 7 Gnorm Mmin BSZ warmup A Loss Link
0.95 0.98 1e-10 0.008 1 0 128 2000 0.13.394 0

0.8 - - - - - - - - 3.452
09 - - - - - - - - 3.408
098 - - - - - - - - 3.402
- 09 - - - - - - - 3.403
- 095 - - - - - - - 3.399
- — 1e25 3.394
- - le20 - - - - - - 3.39%4
le-15 - - - - - - 3.393
- — - 0016 - - - - - 3.406
- _ - 0032 - - - - - 7.675 10
_ _ _ - 0 - - - - 3400 11
- - - 3.396 12
- _ - - - 256 - - 3423 13
- _ _ — - - 512 - - 3.520 14
- — _ - - - 500 - 3.424 15
- _ - - - - 1000 - 3.400 16
- _ _ - _ - - 4000 - 3.405 17
- — _ - - - - - 0 3421 18
_ _ _ - — - - - 0.2 3.398 19
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamw2de195lr0.008-wd0.1-minlr0-warmup2000-b10.95-437e7c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamw434949lr0.008-wd0.1-minlr0-warmup2000-b10.8--08f271
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamwd53b3flr0.008-wd0.1-minlr0-warmup2000-b10.9--c3b202
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamw2aa7d8lr0.008-wd0.1-minlr0-warmup2000-b10.98-d13a84
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamw8079eflr0.008-wd0.1-minlr0-warmup2000-b10.95-da3b17
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamwf5b595lr0.008-wd0.1-minlr0-warmup2000-b10.95-538632
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamwf2ca74lr0.008-wd0.1-minlr0-warmup2000-b10.95-d57343
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamwd2c0fblr0.008-wd0.1-minlr0-warmup2000-b10.95-142d0c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamw96aba0lr0.008-wd0.1-minlr0-warmup2000-b10.95-2ac247
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamw159eedlr0.016-wd0.1-minlr0-warmup2000-b10.95-28f35b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamw174bdclr0.032-wd0.1-minlr0-warmup2000-b10.95-fff99c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamwe3eb70lr0.008-wd0.1-minlr0-warmup2000-b10.95-60184b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamw7da7d1lr0.008-wd0.1-minlr0-warmup2000-b10.95-11c74a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamw702024lr0.008-wd0.1-minlr0-warmup2000-b10.95-a5ebd4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamw25143blr0.008-wd0.1-minlr0-warmup500-b10.95--79c4c9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamw973c1flr0.008-wd0.1-minlr0-warmup1000-b10.95-1c7190
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamw4becd7lr0.008-wd0.1-minlr0-warmup4000-b10.95-d4ab10
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamwab5756lr0.008-wd0-minlr0-warmup2000-b10.95-b-6e00e5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-nadamw2ed6cdlr0.008-wd0.2-minlr0-warmup2000-b10.95-1ea7c2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamw1c5657lr0.008-wd0.1-minlr0-warmup2000-b10.95-2e57b5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamw145e13lr0.008-wd0.1-minlr0-warmup2000-b10.8--6616c2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamwc38fe0lr0.008-wd0.1-minlr0-warmup2000-b10.9--6a46e9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamw32e168lr0.008-wd0.1-minlr0-warmup2000-b10.98-4a84a1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamw5addd4lr0.008-wd0.1-minlr0-warmup2000-b10.95-29b3aa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamwdd3b0blr0.008-wd0.1-minlr0-warmup2000-b10.95-20518c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamwca7dc8lr0.008-wd0.1-minlr0-warmup2000-b10.95-6aab84
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamwf3a9adlr0.008-wd0.1-minlr0-warmup2000-b10.95-ab0d37
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamw153a2alr0.008-wd0.1-minlr0-warmup2000-b10.95-d349f4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamwf31525lr0.016-wd0.1-minlr0-warmup2000-b10.95-2feb0f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamw651369lr0.032-wd0.1-minlr0-warmup2000-b10.95-fdb2c9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamw0f5ccalr0.008-wd0.1-minlr0-warmup2000-b10.95-030953
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamw381feelr0.008-wd0.1-minlr0-warmup2000-b10.95-c3653e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamw96aba0lr0.008-wd0.1-minlr0-warmup2000-b10.95-3295ec
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamw83e5b9lr0.008-wd0.1-minlr0-warmup2000-b10.95-5e23a1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamw497ea7lr0.008-wd0.1-minlr0-warmup500-b10.95--380798
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamw2fb397lr0.008-wd0.1-minlr0-warmup1000-b10.95-5c87cd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamw6b0927lr0.008-wd0.1-minlr0-warmup4000-b10.95-fe47d6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamwc96a2flr0.008-wd0-minlr0-warmup2000-b10.95-b-c7af0e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-nadamwd739b9lr0.008-wd0.2-minlr0-warmup2000-b10.95-934992
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Table 62: Hyperparameter ablation for NAdamW on 130m on 4x Chinchilla Data
B1 Bo € M Gnorm Mmin BSZ warmup A Loss Link

0.95 0.98 1e-10 0.008 1 0 128 2000 0.13.319 0
08 - - - - - - - - 7.085 1
09 - - - - - - - - 3331 2
098 - - - - - - - - 3349 3
- 09 - - - - - - - 3332 4
- 09 - - - - - - - 3327 5
- - le25 - - - - - - 3321 6
- - le20 - - - - - - 3321 7
- = lel5 - - - - - - 3323 8
- - - 0016 - - - - - 3343 9
- - - 0032 - - - - - 7.733 10
- - - - 0 - - - - 3324 11
- - - - 20 - - - - 3323 12
- - - - - - 256 - - 3332 13
- - - - - - 512 - - 3372 14
- - - - - - 1024 - — 3496 15
- - - - - - - 500 - 6917 16
- - - - - - - 1000 - 3.328 17
- - - - - - - 4000 - 3.321 18
- - - - - - - - 0 3359 19
- - - - - - - - 0.2 3.330 20

Table 63: Hyperparameter ablation for NAdamW on 130m on 8x Chinchilla Data
81 Bo € M Gnorm Mmin BSZ warmup A Loss Link

0.95 0.98 1e-10 0.008 1 0 128 2000 0.1 3251 O
0.8 - - - - - - - - 3282 1
09 - - - - - - - - 3257 2
098 - - - - - - - - 3253 3
- 09 - - - - - - - 3260 4
- 09 - - - - - - - 325 5
- - le25 - - - - - - 3251 6
- - le20 - - - - - - 3251 7
- = lel5 - - - - - - 3250 8
- - - 0016 - - - - - 3274 9
- - - 0032 - - - - - 7.670 10
- - - - 0 - - - - 3253 11
- - - - 20 - - - - 3250 12
- - - - - - 256 - - 3249 13
- - - - - - 512 - - 3.270 14
- - - - - - 1024 - - 3321 15
- - - - - - - 500 - 3274 16
- - - - - - - 1000 - 3.255 17
- - - - - - - 4000 - 3.252 18
- - - - - - - - 0 3.286 19
- - - - - - - - 0.2 3.265 20
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamwaee88elr0.008-wd0.1-minlr0-warmup2000-b10.9-75fe1d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamw3ae24elr0.008-wd0.1-minlr0-warmup2000-b10.8-cd4bbc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamw7ebd66lr0.008-wd0.1-minlr0-warmup2000-b10.9-359641
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamwc3eccalr0.008-wd0.1-minlr0-warmup2000-b10.9-3589de
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamw0503eblr0.008-wd0.1-minlr0-warmup2000-b10.9-77f1a7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamwa45c4blr0.008-wd0.1-minlr0-warmup2000-b10.9-8bcacb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamw23255flr0.008-wd0.1-minlr0-warmup2000-b10.9-5c4387
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamweddb28lr0.008-wd0.1-minlr0-warmup2000-b10.9-74d910
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamwb0fef6lr0.008-wd0.1-minlr0-warmup2000-b10.9-4497ae
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamwp178376lr0.016-wd0.1-minlr0-warmup2000-b10.-3dd959
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamw7b7716lr0.032-wd0.1-minlr0-warmup2000-b10.9-f763f8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamw0bbe53lr0.008-wd0.1-minlr0-warmup2000-b10.9-b2ac71
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamw4c5082lr0.008-wd0.1-minlr0-warmup2000-b10.9-cae222
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamw1c5657lr0.008-wd0.1-minlr0-warmup2000-b10.9-24fa43
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamw96aba0lr0.008-wd0.1-minlr0-warmup2000-b10.9-55301a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamw83e5b9lr0.008-wd0.1-minlr0-warmup2000-b10.9-2282ab
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamwfcce14lr0.008-wd0.1-minlr0-warmup500-b10.95-94b29c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamw84a048lr0.008-wd0.1-minlr0-warmup1000-b10.9-6df1b8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamwd3819dlr0.008-wd0.1-minlr0-warmup4000-b10.9-1ecddc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamwa93ecflr0.008-wd0-minlr0-warmup2000-b10.95--6cf200
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-nadamw3a2340lr0.008-wd0.2-minlr0-warmup2000-b10.9-c65ff6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamw6383f8lr0.008-wd0.1-minlr0-warmup2000-b10.9-044a64
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamwc92c72lr0.008-wd0.1-minlr0-warmup2000-b10.8-2c8117
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamwb1139dlr0.008-wd0.1-minlr0-warmup2000-b10.9-a22589
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamw532224lr0.008-wd0.1-minlr0-warmup2000-b10.9-a9e22e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamwebc3a7lr0.008-wd0.1-minlr0-warmup2000-b10.9-2d9521
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamw6a5715lr0.008-wd0.1-minlr0-warmup2000-b10.9-c46dee
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamw47eb94lr0.008-wd0.1-minlr0-warmup2000-b10.9-d49c15
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamwf3b7d9lr0.008-wd0.1-minlr0-warmup2000-b10.9-0f4c2b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamw532daalr0.008-wd0.1-minlr0-warmup2000-b10.9-18ddc4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamwa4d8belr0.016-wd0.1-minlr0-warmup2000-b10.9-d5c520
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamwe5520alr0.032-wd0.1-minlr0-warmup2000-b10.9-07e730
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamw3e1122lr0.008-wd0.1-minlr0-warmup2000-b10.9-046f4c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamw9cf59alr0.008-wd0.1-minlr0-warmup2000-b10.9-325d49
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamwaee88elr0.008-wd0.1-minlr0-warmup2000-b10.9-67ec21
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamw1c5657lr0.008-wd0.1-minlr0-warmup2000-b10.9-7ae1bd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamw96aba0lr0.008-wd0.1-minlr0-warmup2000-b10.9-70c7d9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamw2fe9a1lr0.008-wd0.1-minlr0-warmup500-b10.95-2fd100
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamwcc80a2lr0.008-wd0.1-minlr0-warmup1000-b10.9-9cc711
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamwecfbe6lr0.008-wd0.1-minlr0-warmup4000-b10.9-5679b9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamw4cd581lr0.008-wd0-minlr0-warmup2000-b10.95--646f8d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-nadamw602ff2lr0.008-wd0.2-minlr0-warmup2000-b10.9-577a26
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Table 64: Hyperparameter ablation for NAdamW on 300m on 1x Chinchilla Data
b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.95 0.98 1e-10 0.008 1 0 128 2000 0.13.248 0

0.8 - - - - - - - - 7542 1

09 - - - - - - - - 7.054 2

098 - - - - - - - - 3254 3
- 09 - - - - - - - 3263 4
- 095 - - - - - - - 325 5
- - le25 - - - - - - 3250 6
- - le20 - - - - - - 3250 7
- - lel5 - - - - - - 3250 8
- - - 0016 - - - - - 7.538 9
- - - 0032 - - - - - 7.695 10
- - - - 0 - - - - 3260 11
- - - - 20 - - - - 3250 12
- - - - - - 256 - - 3272 13
- - - - - - 512 - - 3344 14
- - - - - - - 500 - 7.744 15
- - - - - - - 1000 - 7.421 16
- - - - - - - 4000 - 3.256 17
- - - - - - - - 0 3.283 18
- - - - - - - - 0.2 3.257 19

E.6 SWEEPING RESULTS FOR ADAM-MINI

Table 65: Hyperparameter ablation for Adam-Mini on 130m on 1x Chinchilla Data

b1 Do € M Ynorm Mmin BSZ warmup A Loss Link
0.9 0.98 le-15 0.008 1 0 128 2000 0.13542 0

095 - - - - - - ~ ~ 3560 1
098 - - - - - - - - 7733 2
- 09 - - - - - - - 355 3
- 095 - - - - - ~ 3545 4
- - le2s - - - - -~ 3546 5
-~ 1e20 - - - - -~ 3546 6
-~ lel0 - - - - - -~ 3548 7
- - -~ 0004 - - - - - 3558 8
- - - 0016 - - - -~ 7800 9
- - - 0032 - - - -~ 7825 10
- - - - 0 - - - - 3542 11
- - - - 20 - - -~ 3542 12
- - - - - 256 - - 3785 13
- - - - - - — 500 - 17725 14
- - -~~~ Z 1000 - 7729 15
-~ — = — _ 4000 - 3587 16
. ~ 0 3566 17
. ~ 023589 18
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamwf15cf6lr0.008-wd0.1-minlr0-warmup2000-b10.95-28ca3a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamw0ba9cdlr0.008-wd0.1-minlr0-warmup2000-b10.8--70e8b0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamwacb766lr0.008-wd0.1-minlr0-warmup2000-b10.9--ff6a2e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamwd6541dlr0.008-wd0.1-minlr0-warmup2000-b10.98-84afaa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamw6046ddlr0.008-wd0.1-minlr0-warmup2000-b10.95-127527
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamwc2a8e4lr0.008-wd0.1-minlr0-warmup2000-b10.95-3a5d38
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamwb27e94lr0.008-wd0.1-minlr0-warmup2000-b10.95-4bf48d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamw43c706lr0.008-wd0.1-minlr0-warmup2000-b10.95-bf751b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamw770e16lr0.008-wd0.1-minlr0-warmup2000-b10.95-126b23
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamwb4c393lr0.016-wd0.1-minlr0-warmup2000-b10.95-ea7a28
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamw33ba92lr0.032-wd0.1-minlr0-warmup2000-b10.95-131dc6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamw05eb2blr0.008-wd0.1-minlr0-warmup2000-b10.95-e73f92
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamwefd789lr0.008-wd0.1-minlr0-warmup2000-b10.95-adccc7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamwac3d1clr0.008-wd0.1-minlr0-warmup2000-b10.95-62f9ad
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamw3e994elr0.008-wd0.1-minlr0-warmup2000-b10.95-41f06f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamw38bf56lr0.008-wd0.1-minlr0-warmup500-b10.95--60b55d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamw893e1dlr0.008-wd0.1-minlr0-warmup1000-b10.95-62bb8f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamw7d5985lr0.008-wd0.1-minlr0-warmup4000-b10.95-876f95
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamwe5c125lr0.008-wd0-minlr0-warmup2000-b10.95-b-2568cb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-nadamw261788lr0.008-wd0.2-minlr0-warmup2000-b10.95-157b6b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-minif4e66flr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-4d3c05
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-minia4c40alr0.008-wd0.1-minlr0-warmup2000-b10.95-b-73290f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mini59cf9alr0.008-wd0.1-minlr0-warmup2000-b10.98-b-df073b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mini84080dlr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-d74517
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-minic9835clr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-d57aa7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mini510347lr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-9a27cf
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mini6d8617lr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-7a2d5e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mini845331lr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-fadab9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mini08c39flr0.004-wd0.1-minlr0-warmup2000-b10.9-b2-1b064a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mini22b748lr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-6d20c4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mini6489b1lr0.032-wd0.1-minlr0-warmup2000-b10.9-b2-fcd042
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mini55874clr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-324f5b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mini08c2adlr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-4e9589
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-minidd6b61lr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-b988c3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mini0c2c00lr0.008-wd0.1-minlr0-warmup500-b10.9-b20-8094ab
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-minibd49d8lr0.008-wd0.1-minlr0-warmup1000-b10.9-b2-28a98b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-minif55f2dlr0.008-wd0.1-minlr0-warmup4000-b10.9-b2-b00ef5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mini73fab0lr0.008-wd0-minlr0-warmup2000-b10.9-b20.-aac58f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-mini9fac99lr0.008-wd0.2-minlr0-warmup2000-b10.9-b2-86f1dc
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Table 66: Hyperparameter ablation for Adam-Mini on 130m on 2x Chinchilla Data

b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.9 0.98 1e-20 0.008 2 0 128 2000 0.13416 0

095 - - - - - - - - 3429 1
098 - - - - - - - - 17520 2
- 09 - - - - - - - 3422 3
- 095 - - - - - - - 3419 4
- - le25 - - - - - - 3416 5
-~ lel5 - - - - - - 3416 6
- - lel0 - - - - - - 3415 7
- - - 0004 - - - - - 3425 8
- - - 0016 - - - - - 779 9
- - - 0032 - - - - - 17721 10
- - - - 0 - - - - 3416 11
- - - - 10 - - - - 3416 12
- - - - - - 256 - - 3487 13
- - - - - - 512 - - 3758 14
- - - - - - - 50 - 17617 15
- - - - - - - 1000 - 7445 16
— — — == 4000 - 3424 17
- - - - - - - ~ 0 3447 18
- - - - - - - - 023426 19

Table 67: Hyperparameter ablation for Adam-Mini on 130m on 4x Chinchilla Data

81 Bo € M Gnorm Mmin BSZ warmup A Loss Link

0.9 0.98 1e-10 0.008 1 0 128 2000 0.13.328 0
095 - - - - - - - - 3360 1
098 - - - - - - - - 1771 2
- 09 - - - - - - - 3337 3
- 09 - - - - - - - 3331 4
- - le25 - - - - - - 3331 5
- - le20 - - - - - - 3331 6
- - lel5 - - - - - - 3334 7
- - - 0.004 - - - - - 3334 8
- - - 0016 - - - - - 7717 9
- - - 0032 - - - - - 7.652 10
- - - - 0 - - - - 3329 11
- - - - 20 - - - - 3329 12
- - - - - - 256 - - 3363 13
- - - - - - 512 - — 3447 14
- - - - - - 1024 - - 3784 15
- - - - - - - 500 - 7.855 16
- - - - - - - 1000 - 7.411 17
- - - - - - - 4000 - 3.331 18
- - - - - - - - 0 3364 19
- - - - - - - - 0.2 3.365 20
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mini609ad2lr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-b557c0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mini20b8b1lr0.008-wd0.1-minlr0-warmup2000-b10.95-b-b46cb8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-minideec58lr0.008-wd0.1-minlr0-warmup2000-b10.98-b-62bc48
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-minib27e6blr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-04f0b5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mini51a865lr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-856cfa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mini7d5c8flr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-dd8629
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mini8f577dlr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-361bf6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-minidbb1e7lr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-9d6767
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-miniab7841lr0.004-wd0.1-minlr0-warmup2000-b10.9-b2-0d5f4f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mini3fbff3lr0.016-wd0.1-minlr0-warmup2000-b10.9-b2-e1ec05
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-minif2196dlr0.032-wd0.1-minlr0-warmup2000-b10.9-b2-bbaaf6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mini8d8c2clr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-4ed1ed
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mini40a6c3lr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-ed39b1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mini4ff858lr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-e5ff00
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mini9232dclr0.008-wd0.1-minlr0-warmup2000-b10.9-b2-f9c99a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mini049b41lr0.008-wd0.1-minlr0-warmup500-b10.9-b20-54b29d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mini0c45d6lr0.008-wd0.1-minlr0-warmup1000-b10.9-b2-a07cd7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-mini05a729lr0.008-wd0.1-minlr0-warmup4000-b10.9-b2-68948f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-minicf80e8lr0.008-wd0-minlr0-warmup2000-b10.9-b20.-e3acc2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-minimc35720lr0.008-wd0.2-minlr0-warmup2000-b10.9-b-54c1f6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini8e0689lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-1de787
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini5655falr0.008-wd0.1-minlr0-warmup2000-b10.95--7977a5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini608e8clr0.008-wd0.1-minlr0-warmup2000-b10.98--851955
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-minic61cb4lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-3daee1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-minica3b57lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-c56f5e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini98f892lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-b90941
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini3af704lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-522688
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini99be6blr0.008-wd0.1-minlr0-warmup2000-b10.9-b-c9b783
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini593d31lr0.004-wd0.1-minlr0-warmup2000-b10.9-b-17e1ff
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini76c7dflr0.016-wd0.1-minlr0-warmup2000-b10.9-b-42ab2c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini7491aelr0.032-wd0.1-minlr0-warmup2000-b10.9-b-eec75e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-minif4de6alr0.008-wd0.1-minlr0-warmup2000-b10.9-b-8231f8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-minifd3dbflr0.008-wd0.1-minlr0-warmup2000-b10.9-b-06509e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini5a8324lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-b209a4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini845331lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-d5fe03
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini3fca05lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-a825c0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-minio76dae9lr0.008-wd0.1-minlr0-warmup500-b10.9-b-134f1f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini684316lr0.008-wd0.1-minlr0-warmup1000-b10.9-b-419ffe
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini48c902lr0.008-wd0.1-minlr0-warmup4000-b10.9-b-c9d5f8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-mini774178lr0.008-wd0-minlr0-warmup2000-b10.9-b20-1ab0b9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-minic5c69blr0.008-wd0.2-minlr0-warmup2000-b10.9-b-0638b6
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Table 68: Hyperparameter ablation for Adam-Mini on 130m on 8x Chinchilla Data

81 Bo € M Gnorm Mmin BSZ warmup A Loss Link

0.9 0.98 1e-10 0.008 1 0 128 2000 0.1 3266 0
095 - - - - - - - - 329 1
098 - - - - - - - - 7552 2
- 09 - - - - - - - 3281 3
- 09 - - - - - - - 3267 4
- - le25 - - - - - - 3267 5
- - le20 - - - - - - 3267 6
- - lel5 - - - - - - 3266 7
- - - 0004 - - - - - 3264 8
- - - 0016 - - - - - 7.614 9
- - - 0032 - - - - - 7773 10
- - - - 0 - - - - 3268 11
- - - - 20 - - - - 3270 12
- - - - - - 256 - - 3.281 13
- - - - - - 512 - - 3324 14
- - - - - - 1024 - — 3426 15
- - - - - - - 500 - 7.868 16
- - - - - - - 1000 - 7.022 17
- - - - - - - 4000 - 3.266 18
- - - - - - - - 0 3304 19
- - - - - - - - 0.2 3291 20

Table 69: Hyperparameter ablation for Adam-Mini on 300m on 1x Chinchilla Data

b1 Bo € 7 Gnorm Mmin BSZ warmup A Loss Link

0.9 0.98 1le-25 0.004 2 0 128 2000 0.23272 0
095 - - - - - - - - 3276 1
098 - - - - - - - - 8.024 2
- 09 - - - - - - - 3279 3
- 095 - - - - - - - 3277 4
- - le25 - - - - - - 3272 5
- - le20 - - - - - - 3272 6
- - lel5 - - - - - - 3273 7
- - lel0 - - - - - - 3273 8
- - - 0.008 - - - - - 7.859 9
- - - 0016 - - - - - 7.990 10
- - - 0032 - - - - - 8581 11
- - - - 0 - - - - 3272 12
- - - - 1.0 - - - - 3272 13
- - - - - - 256 - - 5691 14
- - - - - - 512 - - 3.629 15
- - - - - - - 500 - 7.020 16
- - - - - - - 1000 - 7.042 17
- - - - - - - 4000 - 3.280 18
- - - - - - - - 0 3336 19
- - - - - - - - 0.1 3.280 20

59


https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-miniac2e1elr0.008-wd0.1-minlr0-warmup2000-b10.9-b-d489dc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini117b84lr0.008-wd0.1-minlr0-warmup2000-b10.95--817e0e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini9179b1lr0.008-wd0.1-minlr0-warmup2000-b10.98--93bc9f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-minic5318dlr0.008-wd0.1-minlr0-warmup2000-b10.9-b-6f8a67
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-minic96875lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-fa1dd8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-minidd3b3clr0.008-wd0.1-minlr0-warmup2000-b10.9-b-1d94ce
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini88561dlr0.008-wd0.1-minlr0-warmup2000-b10.9-b-f66e88
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini3c1780lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-9a05a7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini5c5f85lr0.004-wd0.1-minlr0-warmup2000-b10.9-b-eaf3db
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-minidb82b6lr0.016-wd0.1-minlr0-warmup2000-b10.9-b-765b78
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-minid9a283lr0.032-wd0.1-minlr0-warmup2000-b10.9-b-3d6c8c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini9fbdb0lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-d9603a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini7a2e9flr0.008-wd0.1-minlr0-warmup2000-b10.9-b-74c0e1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini8e0689lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-f8ffc0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini5a8324lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-82522f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini845331lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-05faa2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-minid9bbbalr0.008-wd0.1-minlr0-warmup500-b10.9-b2-744cf6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini056a5flr0.008-wd0.1-minlr0-warmup1000-b10.9-b-d7cc88
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini9445d9lr0.008-wd0.1-minlr0-warmup4000-b10.9-b-ae303f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini2e27bblr0.008-wd0-minlr0-warmup2000-b10.9-b20-c75282
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-mini593df5lr0.008-wd0.2-minlr0-warmup2000-b10.9-b-27dd40
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minimf93988lr0.004-wd0.2-minlr0-warmup2000-b10.9-b-1a622b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minic68fa6lr0.004-wd0.2-minlr0-warmup2000-b10.95-b-61c14d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minie808f4lr0.004-wd0.2-minlr0-warmup2000-b10.98-b-2ad92e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minim7e5831lr0.004-wd0.2-minlr0-warmup2000-b10.9-b-3f89ca
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mini3022d1lr0.004-wd0.2-minlr0-warmup2000-b10.9-b2-0db993
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minimf93988lr0.004-wd0.2-minlr0-warmup2000-b10.9-b-1a622b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mini3ff087lr0.004-wd0.2-minlr0-warmup2000-b10.9-b2-e0d948
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minim4cb19elr0.004-wd0.2-minlr0-warmup2000-b10.9-b-4a59e2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minim8dac9blr0.004-wd0.2-minlr0-warmup2000-b10.9-b-2ed5f7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minim70e785lr0.008-wd0.2-minlr0-warmup2000-b10.9-b-8588ff
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mini7b7df9lr0.016-wd0.2-minlr0-warmup2000-b10.9-b2-7d82fa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mini1247b4lr0.032-wd0.2-minlr0-warmup2000-b10.9-b2-b5154c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minimf375ddlr0.004-wd0.2-minlr0-warmup2000-b10.9-b-eeb31b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mini0658b0lr0.004-wd0.2-minlr0-warmup2000-b10.9-b2-47b3ae
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minim043b8elr0.004-wd0.2-minlr0-warmup2000-b10.9-b-687e85
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minim140e6dlr0.004-wd0.2-minlr0-warmup2000-b10.9-b-2bda97
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minim159817lr0.004-wd0.2-minlr0-warmup500-b10.9-b2-8ca381
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mini1778f2lr0.004-wd0.2-minlr0-warmup1000-b10.9-b2-55a012
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minim6fb244lr0.004-wd0.2-minlr0-warmup4000-b10.9-b-4c5f20
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-mini59d801lr0.004-wd0-minlr0-warmup2000-b10.9-b20.-559ac1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-minimc4311dlr0.004-wd0.1-minlr0-warmup2000-b10.9-b-d451be
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Table 70: Hyperparameter ablation for Adam-Mini on 520m on 1x Chinchilla Data

b1 B2 € M Gnorm Mmin BSZ warmup A Loss Link
0.9 0.98 1e-10 0.004 O 0 128 4000 0.1 3.112 0

095 - - - - - - - - 3113 1
098 - - - - - - - - 7459 2
- 09 - - - - - - - 3.120 3
- 095 - - - - - - - 3115 4
- - le25 - - - - - - 3115 5
- - le20 - - - - - - 3115 6
- - lel5 - - - - - - 3112 7
- - - 0.008 - - - - - 1771 8
- - - 0016 - - - - - 7746 9
- - - 0032 - - - - - 7778 10
- - - - 1.0 - - - - 3112 11
- - - - 20 - - - - 3.112 12
- - - - - - 256 - - 3.133 13
- - - - - - 512 - - 3.200 14
- - - - - - - 500 - 7457 15
- - - - - - - 1000 - 7.274 16
- - - - - - - 2000 - 7.289 17
- - - - - - - - 0 7.792 18
- - - - - - - - 0.2 3.115 19

E.7 SWEEPING RESULTS FOR KRON

Table 71: Hyperparameter ablation for Kron on 130m on 1x Chinchilla Data

B1 blocksize 1 gnorm Mmin NormGrad Blocking Init,. np. ppe BSZ Stepp. warmup A Loss Link

095 256 0.002 1 0 True True 1 02005 128 2000 1000 0.7 3.492 0

0.9 _ _ - _ - - - - - - - - - 3.500
0.98 — _ - _ - - - - - - - - - 3.497
_ 128 _ — _ - - - - - - - - - 3.492
_ 512 — — _ - - - - - - - - - 3.494
_ - 0.0005 — - - - - - - = - - - 3.528
_ - 0.001 - - - - - - - = - - - 3.501
_ - 0.004 - - - - - - - - - - - 3.514
_ — 0.008 - _ - - - - - - - - - 7.838
- - - 00 - - - - - - - - - - 3.492
_ — - 20 - - - - - - - - - - 3492 10
_ — _ - - False - - - - = - - - 3493 11
- - _ - - - - - 01 - - - - - 3498 12
- - - 3493 13
3525 14
- - _ - - - - - - - 512 - - - 3.632 15
- - - - - - - = 500 - - 3503 16
— - _ - - - - - - - — 1000 - - 3498 17
_ - _ - _ _ - - - - - - 2000 - 3.507 18
- _ - - - - - - - 4000 - 3.583 19
_ — _ - _ - - - - - - - - 0.0 3.519 20
_ _ _ - _ _ - - - - = - - 0.5 3.491 21
_ _ _ - — - - - - - - - - 0.9 3495 22
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mini9187d7lr0.004-wd0.1-minlr0-warmup4000-b10.9-b-398e5f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-minic83515lr0.004-wd0.1-minlr0-warmup4000-b10.95--2b99be
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mini61f7e6lr0.004-wd0.1-minlr0-warmup4000-b10.98--c8aa3c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-minib059b0lr0.004-wd0.1-minlr0-warmup4000-b10.9-b-ef048a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-minid80005lr0.004-wd0.1-minlr0-warmup4000-b10.9-b-4d59a5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mini030aa2lr0.004-wd0.1-minlr0-warmup4000-b10.9-b-e031a9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-miniad4882lr0.004-wd0.1-minlr0-warmup4000-b10.9-b-375106
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-minica5e495lr0.004-wd0.1-minlr0-warmup4000-b10.9--791457
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mini8213c6lr0.008-wd0.1-minlr0-warmup4000-b10.9-b-cea98b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mini743375lr0.016-wd0.1-minlr0-warmup4000-b10.9-b-71d93a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mini616d96lr0.032-wd0.1-minlr0-warmup4000-b10.9-b-6809c5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mini0dcb2clr0.004-wd0.1-minlr0-warmup4000-b10.9-b-87a5de
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mini515ac5lr0.004-wd0.1-minlr0-warmup4000-b10.9-b-6bf049
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-minib57861lr0.004-wd0.1-minlr0-warmup4000-b10.9-b-a05b39
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mini05d195lr0.004-wd0.1-minlr0-warmup4000-b10.9-b-f943f3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mini7194dalr0.004-wd0.1-minlr0-warmup500-b10.9-b2-4a47f7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mini358c33lr0.004-wd0.1-minlr0-warmup1000-b10.9-b-ac8e20
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mini5326c8lr0.004-wd0.1-minlr0-warmup2000-b10.9-b-df18d8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-minia9054blr0.004-wd0-minlr0-warmup4000-b10.9-b20-1ef9ff
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-mini52759flr0.004-wd0.2-minlr0-warmup4000-b10.9-b-8078e5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron811b3clr0.002-wd0.7-b10.95-plr0.2-pis1-gn1-nor-45d11f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron18ad0flr0.002-wd0.7-b10.9-plr0.2-pis1-gn1-norm-7cd768
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron13e12blr0.002-wd0.7-b10.98-plr0.2-pis1-gn1-nor-259ac0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kroncd6d30lr0.002-wd0.7-b10.95-plr0.2-pis1-gn1-nor-1527d0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-krond41926lr0.002-wd0.7-b10.95-plr0.2-pis1-gn1-nor-e72480
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron6787f2lr0.0005-wd0.7-b10.95-plr0.2-pis1-gn1-no-d99f80
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron5fbd9blr0.001-wd0.7-b10.95-plr0.2-pis1-gn1-nor-fbd5ad
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-krone14983lr0.004-wd0.7-b10.95-plr0.2-pis1-gn1-nor-0f833d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kroncc6d1clr0.008-wd0.7-b10.95-plr0.2-pis1-gn1-nor-5daa90
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron42860dlr0.002-wd0.7-b10.95-plr0.2-pis1-gn0.0-n-66bad7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron39ffb0lr0.002-wd0.7-b10.95-plr0.2-pis1-gn2.0-n-4e30bb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron15f63alr0.002-wd0.7-b10.95-plr0.2-pis1-gn1-nor-c86fe3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-krone65b57lr0.002-wd0.7-b10.95-plr0.1-pis1-gn1-nor-83c7e9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-krone7ca20lr0.002-wd0.7-b10.95-plr0.2-pis1-gn1-nor-836663
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron6a290elr0.002-wd0.7-b10.95-plr0.2-pis1-gn1-nor-00e7d9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kronbe1c48lr0.002-wd0.7-b10.95-plr0.2-pis1-gn1-nor-6b988f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron8b3feelr0.002-wd0.7-b10.95-plr0.2-pis1-gn1-nor-dac9d4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron8264balr0.002-wd0.7-b10.95-plr0.2-pis1-gn1-nor-52689f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron9117dclr0.002-wd0.7-b10.95-plr0.2-pis1-gn1-nor-df1fa7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron1999a2lr0.002-wd0.7-b10.95-plr0.2-pis1-gn1-nor-a2c96d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron26d3dclr0.002-wd0.0-b10.95-plr0.2-pis1-gn1-nor-978d74
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kronf8119alr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-nor-2ef7b8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-kron476954lr0.002-wd0.9-b10.95-plr0.2-pis1-gn1-nor-356b60
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Table 72: Hyperparameter ablation for Kron on 130m on 2x Chinchilla Data
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Table 73: Hyperparameter ablation for Kron on 130m on 4x Chinchilla Data
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron45d4b7lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-nor-c54de5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kronc6e4f0lr0.002-wd0.5-b10.9-plr0.2-pis1-gn1-norm-b99f14
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron446e3clr0.002-wd0.5-b10.98-plr0.2-pis1-gn1-nor-60f801
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron47f90elr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-nor-50b12f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kronc5113alr0.0005-wd0.5-b10.95-plr0.2-pis1-gn1-no-25eea5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron0d84f8lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-nor-9cbb80
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-krone91591lr0.004-wd0.5-b10.95-plr0.2-pis1-gn1-nor-46e2ae
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron4e53f2lr0.008-wd0.5-b10.95-plr0.2-pis1-gn1-nor-6c3cc4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron4df384lr0.002-wd0.5-b10.95-plr0.2-pis1-gn0.0-n-447d9f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-krondd6d9blr0.002-wd0.5-b10.95-plr0.2-pis1-gn2.0-n-552b0d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-krone5b648lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-nor-3d80f2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kronb4e3a9lr0.002-wd0.5-b10.95-plr0.1-pis1-gn1-nor-b5c63e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron856f4elr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-nor-9bbacc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kronf8119alr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-nor-73cf68
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron80879elr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-nor-57a36a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron897453lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-nor-92b5b8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron5226b3lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-nor-49e5be
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron0c9405lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-nor-d2903e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron3d8947lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-nor-b13176
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron16e6c3lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-nor-d79e88
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron7554eclr0.002-wd0.0-b10.95-plr0.2-pis1-gn1-nor-068703
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron21448alr0.002-wd0.7-b10.95-plr0.2-pis1-gn1-nor-9b5416
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-kron8b782elr0.002-wd0.9-b10.95-plr0.2-pis1-gn1-nor-f63969
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kronm1a1c3blr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-n-b8692a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kronc8cdf3lr0.002-wd0.5-b10.9-plr0.2-pis1-gn1-nor-e40586
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron05da28lr0.002-wd0.5-b10.98-plr0.2-pis1-gn1-no-be2fbc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron494d83lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-no-134f26
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-krond4b6e6lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-no-439652
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron53973dlr0.0005-wd0.5-b10.95-plr0.2-pis1-gn1-n-7bcfe7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron2f3c38lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-a0a910
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron053fe8lr0.004-wd0.5-b10.95-plr0.2-pis1-gn1-no-611f99
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kroncb2f29lr0.008-wd0.5-b10.95-plr0.2-pis1-gn1-no-63a8f8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-krondec291lr0.002-wd0.5-b10.95-plr0.2-pis1-gn0.0--dc5daf
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron848725lr0.002-wd0.5-b10.95-plr0.2-pis1-gn2.0--bf43fe
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron1d44fclr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-no-70d4aa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kronb95d56lr0.002-wd0.5-b10.95-plr0.1-pis1-gn1-no-75ac83
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron5b495flr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-no-989d60
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron45d4b7lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-no-cdf266
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kronf8119alr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-no-e1c458
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron80879elr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-no-214b96
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron9eb75blr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-no-294485
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron2c6da9lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-no-f705c8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron7e7565lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-no-5425b1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron35a609lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-no-42f16b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kronf6cdb4lr0.002-wd0.0-b10.95-plr0.2-pis1-gn1-no-aeed18
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kroncf91b2lr0.002-wd0.7-b10.95-plr0.2-pis1-gn1-no-bb43f6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-kron5e6407lr0.002-wd0.9-b10.95-plr0.2-pis1-gn1-no-8578c1
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Table 74: Hyperparameter ablation for Kron on 130m on 8x Chinchilla Data
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Table 75: Hyperparameter ablation for Kron on 300m on 1x Chinchilla Data
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kronz680ae4lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-n-f84dac
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron5f284blr0.001-wd0.5-b10.9-plr0.2-pis1-gn1-nor-853b92
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron6aaf70lr0.001-wd0.5-b10.98-plr0.2-pis1-gn1-no-c11287
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron545c17lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-826ad5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-krona6b124lr0.0005-wd0.5-b10.95-plr0.2-pis1-gn1-n-220dba
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron570784lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-no-52c059
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-krona75eb9lr0.004-wd0.5-b10.95-plr0.2-pis1-gn1-no-b73759
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron5a8102lr0.008-wd0.5-b10.95-plr0.2-pis1-gn1-no-475004
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-krondde23clr0.001-wd0.5-b10.95-plr0.2-pis1-gn0.0--a52891
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron1ea0f5lr0.001-wd0.5-b10.95-plr0.2-pis1-gn2.0--d842fd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron655886lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-9fcd23
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron3be334lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-189c09
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron2c06b9lr0.001-wd0.5-b10.95-plr0.1-pis1-gn1-no-156c36
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kronf63620lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-8d37da
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kronb99966lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-87a643
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kronz798587lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-n-b546f9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron8f965elr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-5a3434
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-krona3d4b1lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-734cae
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kronaca326lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-ac5a71
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron10a92elr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-3032fa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron05e14blr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-e82a82
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron5f7b04lr0.001-wd0.0-b10.95-plr0.2-pis1-gn1-no-f3b5d3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kronc9ae15lr0.001-wd0.7-b10.95-plr0.2-pis1-gn1-no-db4b18
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-kron4898eflr0.001-wd0.9-b10.95-plr0.2-pis1-gn1-no-313f60
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron9fb147lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-nor-d54c60
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron9ac4c0lr0.001-wd0.5-b10.9-plr0.2-pis1-gn1-norm-2f58ed
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron06f9b7lr0.001-wd0.5-b10.98-plr0.2-pis1-gn1-nor-67674b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron1bfdd1lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-nor-534bfe
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron4eb26flr0.0005-wd0.5-b10.95-plr0.2-pis1-gn1-no-3b9228
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-krond49014lr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-nor-b57c7c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron351c0clr0.004-wd0.5-b10.95-plr0.2-pis1-gn1-nor-dea42d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kronb28e04lr0.008-wd0.5-b10.95-plr0.2-pis1-gn1-nor-8d91a1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kronedc5a1lr0.001-wd0.5-b10.95-plr0.2-pis1-gn0.0-n-736741
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-krona55554lr0.001-wd0.5-b10.95-plr0.2-pis1-gn2.0-n-2b58f3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kronbd9170lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-nor-0add5a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron2dfba4lr0.001-wd0.5-b10.95-plr0.1-pis1-gn1-nor-276c3b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron79a66dlr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-nor-11f4a3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron3e44e0lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-nor-e9e4f3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-krond7d67alr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-nor-85324c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron8b18a1lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-nor-4605e0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-krondc1418lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-nor-f0e290
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-krona5b2cclr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-nor-c5851e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron624f48lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-nor-30df74
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron725c70lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-nor-641c26
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron1939b5lr0.001-wd0.0-b10.95-plr0.2-pis1-gn1-nor-2af8b7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron0a397clr0.001-wd0.7-b10.95-plr0.2-pis1-gn1-nor-f6a567
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-kron844b62lr0.001-wd0.9-b10.95-plr0.2-pis1-gn1-nor-5156e6
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Table 76: Hyperparameter ablation for Kron on 520m on 1x Chinchilla Data

B1 blocksize 1 gnorm Mmin NormGrad Blocking Initp. npe ppe BSZ Stepp. warmup A Loss Link

095 256 0.001 1 0 True True 1 02 0.1 128 2000 1000 0.53.084 O

0.9 - - - - - - - - - = - - - 3.088
0.98 - - - - - - - - - = - - - 6.663
_ 512 — — _ - - - - - - - - - 3.087
_ - 0.0005 - - - - - - - = - - - 3.095
_ - 0.002 - - - - - - - = - - - 6.412
_ - 0.004 - - - - - - - - - - - 6.927
_ - 0.008 — - - - - - - = - - - 7.018
_ - - 00 - - - - - - = - - - 3.084
_ — - 20 - - - - - - - - - - 3.084
_ — _ - - False - - - - = - - - 5.487
_ - _ - - - - - 01 - - - - - 3.088 11
— - - - - - - - - 005 - - - - 3.093 12
_ - - - - - - - - - 25 - - - 3.099 13
- - _ - - - — - - - 512 - - - 3126 14
- - 500 - - 3.087 15
_ - - - _ - - - - - - 1000 - - 3.085 16
_ - — - - _ - - - - - - 2000 - 3.090 17
_ - — - — - - - - - - - 4000 - 3.094 18
_ _ — - — - - - - - = - - 003127 19
_ - — - - _ - - - - - - - 0.73.088 20
- - - - 093.08 21
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E.8 SWEEPING RESULTS FOR SOAP

Table 77: Hyperparameter ablation for Soap on 130m on 1x Chinchilla Data

51 52 blocksize € n 9norm Tlmin BIOCking fpc 5shampoo BSZ warmup A Loss Link

095098 256 le-150.016 1 0 True 1 095 128 1000 0.1 3483 0

08 - - - - - - - - - -~ 4868
09 - - - - - . - = 4547
- 09 - - - - - - - - - — - 3.49
- 095 - - - - - - - - - -~ 3491
- 099 - - - - - - - - - -~ 3482
- - 128 - - - - - - - - ~ — 3489
- - 512 - - - - - - - - — - 3487
- - le20 - - - - - - - - - 3513
- - - lel0 - - - - - - - -~ 3483
- - - 0004 - - - - - - - = 3509
- - -~ 0008 - - - - - - - - 3491 11
- - - - - - -5 - - - - 3488 12
- - - - - - - - - 09 - -~ 3488 13
- - - - - - - - - 098 - - - 3489 14
- - - - - - - - - 099 - - - 3491 15
- _ - - - -~ ~ 256 - - 3523 16
- _ - - - -~ 512 -~ 3611 17
_ _ - - - ~ 500 - 3.483 18
3.507 19
o _ - - - - - -0 3508 20
o _ - - - - ~ 023501 21
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kronb99966lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-99dc7c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kron8de5balr0.001-wd0.5-b10.9-plr0.2-pis1-gn1-nor-bd8414
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kron40f5fdlr0.001-wd0.5-b10.98-plr0.2-pis1-gn1-no-d16344
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kronb561bdlr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-1c08ad
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-krondf7ba9lr0.0005-wd0.5-b10.95-plr0.2-pis1-gn1-n-d65d46
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kron5b495flr0.002-wd0.5-b10.95-plr0.2-pis1-gn1-no-c64c4f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kron6d4a78lr0.004-wd0.5-b10.95-plr0.2-pis1-gn1-no-018cac
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kron93bd52lr0.008-wd0.5-b10.95-plr0.2-pis1-gn1-no-a3a0f8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-krona6ace9lr0.001-wd0.5-b10.95-plr0.2-pis1-gn0.0--04c9a1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kron3b9e66lr0.001-wd0.5-b10.95-plr0.2-pis1-gn2.0--0c6f01
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kronb8e354lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-928921
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kron2ec659lr0.001-wd0.5-b10.95-plr0.1-pis1-gn1-no-22bed3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kron2f3c38lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-99d3a4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kron798587lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-fcd346
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kron8f965elr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-589914
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-krona2e0delr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-f9eafc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kron4297d5lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-b6a2c5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kron7f1bb9lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-4a18ea
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-krona25d57lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-c8cf50
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kronb94006lr0.001-wd0.0-b10.95-plr0.2-pis1-gn1-no-00711c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-kron80f4e9lr0.001-wd0.7-b10.95-plr0.2-pis1-gn1-no-a97c93
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-krona7c046lr0.001-wd0.9-b10.95-plr0.2-pis1-gn1-no-e1f440
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soaplff7de8lr0.016-wd0.1-minlr0-warmup1000-b10.95--f08df8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl0e72d4lr0.016-wd0.1-minlr0-warmup1000-b10.8-b-24a77a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soaplf498b0lr0.016-wd0.1-minlr0-warmup1000-b10.9-b-a0623f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soaple0af61lr0.016-wd0.1-minlr0-warmup1000-b10.95--e189bd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl8015a9lr0.016-wd0.1-minlr0-warmup1000-b10.95--a9e9d5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapla4071flr0.016-wd0.1-minlr0-warmup1000-b10.95--f307f3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soaplc51c66lr0.016-wd0.1-minlr0-warmup1000-b10.95--a8e71b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl55f9b8lr0.016-wd0.1-minlr0-warmup1000-b10.95--e77aea
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl69eb3flr0.016-wd0.1-minlr0-warmup1000-b10.95--7af120
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl8873b6lr0.016-wd0.1-minlr0-warmup1000-b10.95--0732e5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl307a66lr0.004-wd0.1-minlr0-warmup1000-b10.95--2679d5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapld74347lr0.008-wd0.1-minlr0-warmup1000-b10.95--d32f3b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapa6f299lr0.016-wd0.1-minlr0-warmup1000-b10.95-b-7cc556
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl4361f2lr0.016-wd0.1-minlr0-warmup1000-b10.95--2ad60c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl1db4cblr0.016-wd0.1-minlr0-warmup1000-b10.95--88f9b3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl2e5bdclr0.016-wd0.1-minlr0-warmup1000-b10.95--e8f7e3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl601977lr0.016-wd0.1-minlr0-warmup1000-b10.95--3feb67
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl47dbfblr0.016-wd0.1-minlr0-warmup1000-b10.95--cccc39
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl0c1650lr0.016-wd0.1-minlr0-warmup500-b10.95-b-5b4c4b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapla7e9f5lr0.016-wd0.1-minlr0-warmup2000-b10.95--e1c5c4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl222613lr0.016-wd0-minlr0-warmup1000-b10.95-b2-cae71c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-soapl3db00flr0.016-wd0.2-minlr0-warmup1000-b10.95--173d5a
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Table 78: Hyperparameter ablation for Soap on 130m on 2x Chinchilla Data

Bl 52 blocksize € n 9norm Tlmin BlOCking fpc Bshampoo BSZ warmup A Loss Link
0.950.99 256 1le-150.016 1 0 False 1 098 128 500 0.1 3.376 O
08 - _ - - - - - - - - - - 5163 1
09 - — - - - - - - - - - - 3397 2
— 09 _ - — - - - - - - - - 3393 3
— 0095 — - - - - - - - - - - 3384 4
— 0098 — - - - - - - - - - - 3380 5
- - 128 - - - - - - - - - - 3376 6
- - 512 - - - - - - - - - - 3376 7
- - - le-20 - - - - - - - - - 3384 8
- _ le-10 — - - - - - - - - 3375 9
- — — - 0004 - - - - - - - - 3388 10
- - - - 0.008 - - - - - - - - 3374 11
- - — - - - - - 10 - - - - 3381 12
- - — - - - - - - 0.9 - - - 3378 13
- - — - - - - - - 095 - - - 3376 14
- - — - - - - - - 099 - - - 3379 15
- _ - - - - - - - - 256 - - 3385 16
- - - - - - - - - - 512 - - 3414 17
- - - - - - - - - - 1024 - - 3479 18
- - - — - - - - - - - 1000 - 3.379 19
- - — - - - - - - - - 2000 - 3.385 20
- _ — - - - - - - - - - 0 3437 21
- _ _ - - - - - - - - - 0.2 3395 22
Table 79: Hyperparameter ablation for Soap on 130m on 4x Chinchilla Data

Bl 52 blocksize € n 9norm Tlmin BlOCkiIlg fpc Bsha'mpoo BSZ warmup A Loss Link
0.950.99 256 1e-150.008 1 0 False 1 098 128 500 0.1 3295 O
08 - — - - - - - - - - - - 3328 1
09 - - - - - - - - - - - - 3302 2
- 09 - - - - - - - - - - - 3312 3
— 095 — - - - - - - - - - - 3303 4
— 0098 _ - - - - - - - - - - 3298 5
- - 128 - - - - - - - - - - 3295 6
- - 512 - - - - - - - - - - 3295 7
- - — le20 — - - - - - - - - 3297 8
- _ le-10 — - - - - - - - - 3295 9
- _ _ - 0004 - - - - - - - - 3303 10
- - - - 0016 - - - - - - - - 3303 11
- - — - - - - - 10 - - - - 329 12
- - — - - - - - - 0.9 - - - 3296 13
- - — - - - - - - 095 - - - 3294 14
- _ - - - - - - - 099 - - - 3297 15
- - - - - - - - - - 256 - - 3305 16
- - - - - - - - - - 512 - - 3325 17
- - - — - - - - - - 1024 - - 3358 18
- - — - - - - - - - - 1000 - 3.298 19
- - — - - - - - - - - 2000 - 3.300 20
- _ _ - - - - - - - - - 0 3.370 21

22

0.2 3.304
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap04fae1lr0.016-wd0.1-minlr0-warmup500-b10.95-b2-1074a6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap5ef8calr0.016-wd0.1-minlr0-warmup500-b10.8-b20-152142
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap0f87cclr0.016-wd0.1-minlr0-warmup500-b10.9-b20-a97c0f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap986b9dlr0.016-wd0.1-minlr0-warmup500-b10.95-b2-c68a63
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soapfe15e2lr0.016-wd0.1-minlr0-warmup500-b10.95-b2-3ad392
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap7355b2lr0.016-wd0.1-minlr0-warmup500-b10.95-b2-5430b0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap961d04lr0.016-wd0.1-minlr0-warmup500-b10.95-b2-da762c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap95f45flr0.016-wd0.1-minlr0-warmup500-b10.95-b2-7e2136
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap276679lr0.016-wd0.1-minlr0-warmup500-b10.95-b2-5f10f6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap4b27f2lr0.016-wd0.1-minlr0-warmup500-b10.95-b2-5294df
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap81604flr0.004-wd0.1-minlr0-warmup500-b10.95-b2-4b079f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soapd838balr0.008-wd0.1-minlr0-warmup500-b10.95-b2-d84977
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap88bb76lr0.016-wd0.1-minlr0-warmup500-b10.95-b2-921e14
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap857baalr0.016-wd0.1-minlr0-warmup500-b10.95-b2-df74ef
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap52233clr0.016-wd0.1-minlr0-warmup500-b10.95-b2-7967c6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap23935blr0.016-wd0.1-minlr0-warmup500-b10.95-b2-69ab75
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soapfbdf35lr0.016-wd0.1-minlr0-warmup500-b10.95-b2-aa7795
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap08aaa9lr0.016-wd0.1-minlr0-warmup500-b10.95-b2-5fc6c2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap25e509lr0.016-wd0.1-minlr0-warmup500-b10.95-b2-3ce281
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soapd4deb1lr0.016-wd0.1-minlr0-warmup1000-b10.95-b-dffc7d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap2ca73elr0.016-wd0.1-minlr0-warmup2000-b10.95-b-c4669e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soapfe4525lr0.016-wd0-minlr0-warmup500-b10.95-b20.-17d13a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-soap6e3d9clr0.016-wd0.2-minlr0-warmup500-b10.95-b2-a74b2f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soapb00b89lr0.008-wd0.1-minlr0-warmup500-b10.95-b-6e13fd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap39d934lr0.008-wd0.1-minlr0-warmup500-b10.8-b2-b9ae87
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soapf71ee4lr0.008-wd0.1-minlr0-warmup500-b10.9-b2-6ccd24
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap2fe7delr0.008-wd0.1-minlr0-warmup500-b10.95-b-1ba13a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap7a5708lr0.008-wd0.1-minlr0-warmup500-b10.95-b-0ed803
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap565dbblr0.008-wd0.1-minlr0-warmup500-b10.95-b-6a88a8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap25235clr0.008-wd0.1-minlr0-warmup500-b10.95-b-54f40d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap8ed7d6lr0.008-wd0.1-minlr0-warmup500-b10.95-b-764133
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap846796lr0.008-wd0.1-minlr0-warmup500-b10.95-b-6468ec
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap9df2b8lr0.008-wd0.1-minlr0-warmup500-b10.95-b-6e382e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap3d01e1lr0.004-wd0.1-minlr0-warmup500-b10.95-b-9d15d1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soapec37edlr0.016-wd0.1-minlr0-warmup500-b10.95-b-60744b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap3a4be4lr0.008-wd0.1-minlr0-warmup500-b10.95-b-0fd663
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap54672clr0.008-wd0.1-minlr0-warmup500-b10.95-b-828dc2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap3f490clr0.008-wd0.1-minlr0-warmup500-b10.95-b-abb09e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap5615c7lr0.008-wd0.1-minlr0-warmup500-b10.95-b-89cba8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soapd838balr0.008-wd0.1-minlr0-warmup500-b10.95-b-f0e043
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap614e14lr0.008-wd0.1-minlr0-warmup500-b10.95-b-422ba8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap41dcd8lr0.008-wd0.1-minlr0-warmup500-b10.95-b-5b9a29
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap2b947dlr0.008-wd0.1-minlr0-warmup1000-b10.95--826793
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap8ca28dlr0.008-wd0.1-minlr0-warmup2000-b10.95--f2881e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soap766156lr0.008-wd0-minlr0-warmup500-b10.95-b20-a5fcff
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-soapb0d1d0lr0.008-wd0.2-minlr0-warmup500-b10.95-b-5f4fcf
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Table 80: Hyperparameter ablation for Soap on 130m on 8x Chinchilla Data

Bl 52 blocksize € n 9norm Tlmin BlOCking fpc Bshampoo BSZ warmup A Loss Link
0.950.99 512 1e-150.008 1 0 True 10 098 256 1000 0.1 3.239 0
08 - _ - - - - - - - - - - 3298 1
09 - _ - - - - - - - - - - 3250 2
- 09 - - - - - - - - - - - 3251 3
— 095 - - - - - - - - - - - 3244 4
— 0098 — - - - - - - - - - - 3241 5
- - 128 - - - - - - - - - - 3240 ©
- - 256 - - - - - - - - - - 3242 17
- - - le-20 - - - - - - - - - 3239 8
- _ le-10 — - - - - - - - - 3238 9
- — — - 0004 - - - - - - - - 3248 10
- _ _ - 0016 - - - - - - - - 3249 11
- _ — - - - - - - 0.9 - - - 3.239 12
- _ — - - - - - - 095 - - - 3239 13
- - - - - - - - - 099 - - - 3241 14
- _ — - - - - - - - 128 - - 3242 15
- - - - - - - - - 512 - - 3.250 16
- — - - - - - - - 1024 - - 3276 17
- — - - - - - - - - 500 - 3.240 18
- _ - — — - - - - - - 2000 - 3.240 19
_ _ - - — - - - - - - 0 3.308 20
_ _ - - - - - - - - - 0.2 3243 21
Table 81: Hyperparameter ablation for Soap on 300m on 1x Chinchilla Data
51 52 blocksize € n 9norm Tlmin BlOCkng fpc 5shampoo BSZ warmup A Loss Link
095099 512 1e-10 0.008 1 0 True 10 09 128 1000 0.1 3231 O
08 - - - - - - - - - - - - 4544 1
09 - _ - _ — _ - - - - - - 3251 2
— 09 — - - - - - - - - - - 3247 3
— 0095 - - - - - - - - - - - 3240 4
— 0098 — - - - - - - - - - - 3234 5
- - 128 - - - - - - - - - - 3239 6
- - 256 - - - - - - - - - - 3235 7
- - 1le-20 -— - - - - - - - - 3233 8
- - - le-15 - - - - - - - - - 3233 9
- - - 0004 - - - - - - - - 3.239 10
- — - 0016 - — - - - - - - 5.559 11
- _ — - - - - - - 095 - - - 3.233 12
- _ - - - - - - - 0098 - - - 3.235 13
- _ - - - - - - - 099 - - - 3237 14
- - - - - - - - - - 256 - - 3248 15
- _ — - - - - - - - 512 - - 3.283 16
- _ - - - - - - - - - 500 - 3.231 17
- _ - - - - - - - - - 2000 - 3235 18
- - - — - - - - - - - 0 3.268 19
_ _ - - — - - - - - - 0.2 3238 20
_ _ _ _ — — - - - - - - 0.3 3.249 21

65


https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape2479ablr0.008-wd0.1-minlr0-warmup1000-b10.95-a17efa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape2d8ee9lr0.008-wd0.1-minlr0-warmup1000-b10.8--cbb0fb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape5dcf61lr0.008-wd0.1-minlr0-warmup1000-b10.9--69f18f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape812156lr0.008-wd0.1-minlr0-warmup1000-b10.95-a40bb0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape28447clr0.008-wd0.1-minlr0-warmup1000-b10.95-fe0c4b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape111b71lr0.008-wd0.1-minlr0-warmup1000-b10.95-80abaa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soapebbce2flr0.008-wd0.1-minlr0-warmup1000-b10.95-d9c8f1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape0e8fddlr0.008-wd0.1-minlr0-warmup1000-b10.95-b0e218
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape90bb59lr0.008-wd0.1-minlr0-warmup1000-b10.95-8dbf93
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape764fd7lr0.008-wd0.1-minlr0-warmup1000-b10.95-e02893
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soapea6eb5clr0.004-wd0.1-minlr0-warmup1000-b10.95-8a2995
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soapeb1fde6lr0.016-wd0.1-minlr0-warmup1000-b10.95-5f7cea
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape79ae56lr0.008-wd0.1-minlr0-warmup1000-b10.95-0877bc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape3988b4lr0.008-wd0.1-minlr0-warmup1000-b10.95-e19da4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape71bf2dlr0.008-wd0.1-minlr0-warmup1000-b10.95-76d2e8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape621149lr0.008-wd0.1-minlr0-warmup1000-b10.95-3bf74a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape63e5b5lr0.008-wd0.1-minlr0-warmup1000-b10.95-1d80c0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape55a246lr0.008-wd0.1-minlr0-warmup1000-b10.95-73d7b2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape5e3c26lr0.008-wd0.1-minlr0-warmup500-b10.95--603435
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soapeaabbfclr0.008-wd0.1-minlr0-warmup2000-b10.95-1ffb1d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soape91df9clr0.008-wd0-minlr0-warmup1000-b10.95-b-345995
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-soapeb32093lr0.008-wd0.2-minlr0-warmup1000-b10.95-155463
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soape63ad3blr0.008-wd0.1-minlr0-warmup1000-b10.95--02f063
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soapec0ea31lr0.008-wd0.1-minlr0-warmup1000-b10.8-b-319d07
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soapee624e9lr0.008-wd0.1-minlr0-warmup1000-b10.9-b-ecd8c9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soapeb0ca30lr0.008-wd0.1-minlr0-warmup1000-b10.95--6cae1d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soape92b928lr0.008-wd0.1-minlr0-warmup1000-b10.95--140435
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soape74fad0lr0.008-wd0.1-minlr0-warmup1000-b10.95--438330
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soapef30d89lr0.008-wd0.1-minlr0-warmup1000-b10.95--88ca79
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soape1270celr0.008-wd0.1-minlr0-warmup1000-b10.95--5fd15c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soape17abf2lr0.008-wd0.1-minlr0-warmup1000-b10.95--7c7bf8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soape50b1f7lr0.008-wd0.1-minlr0-warmup1000-b10.95--3af6e1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soape061dfclr0.004-wd0.1-minlr0-warmup1000-b10.95--018deb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soape7e3563lr0.016-wd0.1-minlr0-warmup1000-b10.95--40c60b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soape25236blr0.008-wd0.1-minlr0-warmup1000-b10.95--dbd1b7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soapef3648blr0.008-wd0.1-minlr0-warmup1000-b10.95--cf19b4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soapedb7dddlr0.008-wd0.1-minlr0-warmup1000-b10.95--c19b93
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soapef80782lr0.008-wd0.1-minlr0-warmup1000-b10.95--c17c71
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soape026546lr0.008-wd0.1-minlr0-warmup1000-b10.95--4f8aad
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soape8f4696lr0.008-wd0.1-minlr0-warmup500-b10.95-b-2e6627
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soape0d086clr0.008-wd0.1-minlr0-warmup2000-b10.95--58d115
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soapebf0b4dlr0.008-wd0-minlr0-warmup1000-b10.95-b2-f94927
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soapecd3057lr0.008-wd0.2-minlr0-warmup1000-b10.95--6c5d2b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-soape011acelr0.008-wd0.3-minlr0-warmup1000-b10.95--3fa518
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Table 82: Hyperparameter ablation for Soap on 520m on 1x Chinchilla Data

61 /82 blocksize € n Inorm Tlmin BlOCkil’lg fpc Bsha’mpoo BSZ warmup A Loss Link

095099 512 1e-10 0.008 1 0 True 10 095 128 1000 0.1 3.079 O

08 - - - - - - - - - - - - 4.630
09 - - - - - - - - - - - - 4316
- 09 - - - - - - - - - - - 3.097
- 095 - - - - - - - - - - - 3.090
- 098 - - - - - - - - - - — 3.085
5.395
- - 256 - - - - - - - - - - 4.392
- - - le-20 - - - - - - - - - 3.082
- - - le-15 - - - - - - - - - 3.081
- - - - 0.004 - - - - - - - - 3.079 10
- — - - 0016 -— - - - - - - - 5.762 11
- - - - - - - - - 0.9 - - - 3.080 12
- — - - - - - - - 098 - - - 3.082 13
- - - - — - - - 099 - - - 3.083 14
- — - - - - - - - 256 - - 3.085 15
- — - - - - - - - - 512 - - 4215 16
- 500 - 4.163 17
3.081 18
- - 0 6.106 19
- - 0.2 3.527 20
- - 0.3 3.118 21
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soape9baa74lr0.008-wd0.1-minlr0-warmup1000-b10.95-8d30a7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapere54bb4blr0.008-wd0.1-minlr0-warmup1000-b10.-11ddc5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapeb38cf8lr0.008-wd0.1-minlr0-warmup1000-b10.9--fcc21b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapere54bd5flr0.008-wd0.1-minlr0-warmup1000-b10.-4d6d54
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapere42c49clr0.008-wd0.1-minlr0-warmup1000-b10.-842d20
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapere2ba10alr0.008-wd0.1-minlr0-warmup1000-b10.-db6073
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soaperef56540lr0.008-wd0.1-minlr0-warmup1000-b10.-996e37
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapere3d9681lr0.008-wd0.1-minlr0-warmup1000-b10.-0caed5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapef35af9lr0.008-wd0.1-minlr0-warmup1000-b10.95-ff91d3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapere3988b4lr0.008-wd0.1-minlr0-warmup1000-b10.-d09977
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapere5a76ddlr0.004-wd0.1-minlr0-warmup1000-b10.-7df59a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapere3bcd83lr0.016-wd0.1-minlr0-warmup1000-b10.-758213
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soape1b25d4lr0.008-wd0.1-minlr0-warmup1000-b10.95-bb4d5a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soape764fd7lr0.008-wd0.1-minlr0-warmup1000-b10.95-748078
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapea85fd8lr0.008-wd0.1-minlr0-warmup1000-b10.95-2042a4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapere27ec25lr0.008-wd0.1-minlr0-warmup1000-b10.-9cbc3a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soaperec2fec9lr0.008-wd0.1-minlr0-warmup1000-b10.-de71be
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapeb8c2b1lr0.008-wd0.1-minlr0-warmup500-b10.95--33bd8b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapere1fb540lr0.008-wd0.1-minlr0-warmup2000-b10.-b6ee8b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapere81b78alr0.008-wd0-minlr0-warmup1000-b10.95-d397e5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapereaf2f7flr0.008-wd0.2-minlr0-warmup1000-b10.-4fca4a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-soapereaaf64elr0.008-wd0.3-minlr0-warmup1000-b10.-0e5190
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E.9 SWEEPING RESULTS FOR MUON

Table 83: Hyperparameter ablation for Muon on 130m on 1x Chinchilla Data

Nadam Bl 62 Decay(WSD) € n Schedule 9norm Tlmin Bmuon €muon BSZ warmup A Loss Link

0.0032 0.8 0.98 0.8 le-15 0.016  linear 1 0 095 1e-05 128 0 0.1 3464 0

0.0016 - ~ 3474
0.0048 — 3.463

- 09 - - - - - - - - - - — - 3468

- 095 - - - - - - - - - - - = 3467

- 098 - - - - - - - - - - - - 3470
3.481
-~ 095 - - - - - - - - -~ 3469
- - - 0.2 - - - - - - - - -~ 3516
- - - 0.4 - - - - - - - - - - 3482
- - - 0.6 - - - - - - - - ~ — 3468 10
- - - - - - - - = 3467 11
- - - - le25 - - - - - - - — 3465 12
- - - - 1e20 - - - - - - - — — 3465 13
- - - - le-10 - - - - - - - — - 3465 14
- - - - -~ 0008 - - - - - - -~ 3491 15
- - - - - 0032 - - - - - - - - 3484 16
- - - - - 0064 - - - - - - - - 3535 17
- - - - - 0128 - - - - - - - - 3688 18
- - - - - - - o - - - - — — 3464 19
- - - - - - - 20 - - - - — — 3464 20
- - - - - - 08 - - -~ 3503 21
- - - - - - - - - 09 - - - - 3473 22
- - - - - - - 098 - - — - 3474 23
- - - - - - - - le2s - — — 3465 24
- - - - - - - - - = le20 - — - 3465 25
- - - - - - - - lels - — — 3465 26
- — - 3465 27
- - - - - - - - - -~ 256 - - 3504 28
- - - - - - - - - - - 512 - - 360l 29
- - - - - - - - -~ — 1024 - - 381l 30
- - - - - - - - - - - -0 3532 31
- - - - - - - - - 023483 32
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon02b4fclr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-9c2fe9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon89fb4blr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-2c3744
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon19b6eclr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-d27415
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon9087d6lr0.016-wd0.1-minlr0-warmup0-b10.9-b20.9-7b1a75
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon4082ddlr0.016-wd0.1-minlr0-warmup0-b10.95-b20.-af0f73
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muonb222a7lr0.016-wd0.1-minlr0-warmup0-b10.98-b20.-7cb250
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muond0f9b1lr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-38cfa8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muonac6a7elr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-6e2488
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muonc9c69flr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-26363a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon4327fdlr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-fdb346
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muonc0a98clr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-c9b3e6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon71f572lr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-931ae1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon132aealr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-a85203
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon1ea81alr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-08c77c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muonf91efdlr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-e3d863
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon60167clr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-9ba062
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muonadc334lr0.032-wd0.1-minlr0-warmup0-b10.8-b20.9-0f8112
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon6a313elr0.064-wd0.1-minlr0-warmup0-b10.8-b20.9-6c90c8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muonfd5e36lr0.128-wd0.1-minlr0-warmup0-b10.8-b20.9-e1053e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon27ade5lr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-e1e972
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon32f61blr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-c15abf
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon45cb63lr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-9acb9b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon87b72elr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-8a4d9a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon076dd0lr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-07654a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon978ba9lr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-d1c853
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muona3753elr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-2408aa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muonbe2964lr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-764b29
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muonfa5af4lr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-07fc5f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muonbc742flr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-e61596
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muone42c7clr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-d56e40
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon556411lr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-bd403a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muonb7380elr0.016-wd0-minlr0-warmup0-b10.8-b20.98--856a75
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-muon8000c8lr0.016-wd0.2-minlr0-warmup0-b10.8-b20.9-60a749
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Table 84: Hyperparameter ablation for Muon on 130m on 2x Chinchilla Data

Nadam B1 B2 Decay(WSD) e 1 Schedule gnorm Mmin Bmuon €muon BSZ warmup A Loss Link

0.0024 0.8 0.98 0.8 le-15 0.008 linear 1 O 098 1e05 128 0 0.13369 0
0.0008 - - - - - - - - - - - - - 3385 1
00016 - - - - - - - - - - - - - 33713 2
- 09 - - - - - - - - - - - - 3372 3
- 095 - - - - - - - - - - - - 3373 4
- 098 - - - - - - - - - - - - 3375 5
- - 09 - - - - - - - - - - - 339 6
-~ 095 - - - - - - - - - - - 3377 7
- - - 0.2 - - - - - - - - - - 3404 8
- - - 0.4 - - - - - - - - - - 3380 9
- - - 0.6 - - - - - - - - - - 3371 10
- - - 1.0 - - - - - - - - - - 3374 11
- - - - le25 - - - - - - - - - 3370 12
- - - - 1e20 - - - - - - - - -3370 13
- - - - le-10 - - - - - - - - - 3369 14
- - - - - 0016 - - - - - - - - 3373 15
- - - - - 0032 - - - - - - — - 3406 16
- - - - ~ 0064 - - - - - - — - 3549 17
- - - - - 0128 - - - - - - - - 5932 18
- - - - - - - o - - - - - - 3371 19
- - - - - - - 20 - - - - - - 3370 20
- - - - - - - - - 08 - - - - 3417 21
- - - - - - - - - 09 - - - - 3385 2
- - - - - - - - - 095 - - - - 3371 23
- - - - - - - - - - 1e25 - - - 3370 24
- - - - - - - - - - le20 - - - 3370 25
- - - - - - - - - = lels - - - 3370 26
- - - - - - - - - - lel0 - - - 3370 27
- - - - - - - - - - - 25 - - 3400 28
- - - - - - - - - - - 512 - - 3465 29
- - - - - - - - - - - 1024 - - 3608 30
- - - - - - - - - - - - - 0 3431 31
- - - - - - - - - - - - - 023378 32
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon45194alr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-c1c97c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon3efb6clr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-a17a47
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muoneae139lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-c41ff5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon055381lr0.008-wd0.1-minlr0-warmup0-b10.9-b20.9-ce41d0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon1b4dealr0.008-wd0.1-minlr0-warmup0-b10.95-b20.-ce780d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muonc2fb90lr0.008-wd0.1-minlr0-warmup0-b10.98-b20.-b6c7cc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muoncb2d08lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-2b200f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon38610flr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-8ce9d3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muonf6c5c2lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-2406ea
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon294f8alr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-d0f758
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon27b9aelr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-f1ef5a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon322641lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-3d0985
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muonfadaa6lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-c07478
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon3576f8lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-741df0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muonf9afe0lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-fce4b0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muonf3214elr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-5d4d4f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon47b684lr0.032-wd0.1-minlr0-warmup0-b10.8-b20.9-9ff8e3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon8dfeeclr0.064-wd0.1-minlr0-warmup0-b10.8-b20.9-4639b6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muoncd7567lr0.128-wd0.1-minlr0-warmup0-b10.8-b20.9-94d384
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon62146clr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-272d38
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon56bcb9lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-458d8a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon2bb145lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-853273
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon1e4ecflr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-879792
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon4d5315lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-d3e612
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon7e15a1lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-0132f8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muona85b5alr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-c272e7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muonf5b405lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-bd4ae9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon90526elr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-316987
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon397840lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-5abd23
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon972c8blr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-f41012
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon479414lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-c30205
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon2c6c55lr0.008-wd0-minlr0-warmup0-b10.8-b20.98--1d92a5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-muon8527a8lr0.008-wd0.2-minlr0-warmup0-b10.8-b20.9-d76fe4
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Table 85: Hyperparameter ablation for Muon on 130m on 4x Chinchilla Data

Nadam B1 B2 Decay(WSD) e 1 Schedule gnorm Mmin Bmuon €muon BSZ warmup A Loss Link

0.0024 0.8 0.98 0.8 le-15 0.008 linear 1 0 095 le-05 128 0 0.1 3296 0
0.0008 - - - - - - - - - - - - - 3309 1
0.0016 - - - - - - - - - - - - - 3300 2
- 09 - - - - - - - - - - - - 3297 3
— 095 - _ — - — - - - - — - - 3299 4
~ 098 - - — - - - - - - - - - 3299 5
_ — 09 _ _ _ — - - - - - - - 3317 6
- - 095 - - - - - - - - - - - 3305 7
- - - 0.2 - - - - - - - - - - 3334 8
_ - 0.4 — - - - - - - - - - 3310 9
- - - 0.6 - - - - - - - - - - 3301 10
- - - 1.0 - - - - - - - - - - 3297 11
_ - _ - le-25 - - - - - - - - - 3297 12
_ - — 1le20 - - - - - - - - - 3.296 13
_ - - - le-10 - - - - - - - - - 3297 14
_ - — — 0.016 - - - - - - - - 3.306 15
_ - _ - - 0.032 - - - - - - - - 3347 16
_ - - - 0.004 - - - - - - - - 3431 17
_ - _ - - 0.128 - - - - - - - - 4.807 18
_ - — - - - 0 - - - - - - 329 19
_ - - - - - 20 - - - - - - 3.296 20
_ - - — - - - - 08 - - - - 3327 21
_ - — - - - - - - 09 - - - - 3.307 22
_ - - — - - - - 098 - — - - 3295 23
_ - - — - - - - - le25 - - - 3.296 24
_ - - - - - - - - le20 - - - 3296 25
_ - — — - - - - - le-15 - - - 3.296 26
_ - - - - - - - - le-10 - - - 3297 27
_ - - - - - - - - - 256 - - 3.308 28
- - - - - - - - - - - 512 - - 3.346 29
_ - - - - - - - - - 1024 - - 3420 30
_ _ _ _ _ _ - - - - - - 0 3352 31
_ _ _ _ — - - - - - - - 0.2 3.316 32
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz43402blr0.008-wd0.1-minlr0-warmup0-b10.8-b20-82a88f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz2bd448lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-9b764e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz68f5fdlr0.008-wd0.1-minlr0-warmup0-b10.8-b20-1395fd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonzbb0111lr0.008-wd0.1-minlr0-warmup0-b10.9-b20-e90842
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz5e66d9lr0.008-wd0.1-minlr0-warmup0-b10.95-b2-52e19f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz764f0blr0.008-wd0.1-minlr0-warmup0-b10.98-b2-60215f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonzdd254blr0.008-wd0.1-minlr0-warmup0-b10.8-b20-13830a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonza8c09blr0.008-wd0.1-minlr0-warmup0-b10.8-b20-9004a0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz92cf4alr0.008-wd0.1-minlr0-warmup0-b10.8-b20-bdd74a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz252576lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-5f8e54
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonzcbcf0elr0.008-wd0.1-minlr0-warmup0-b10.8-b20-b3af8f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonze94b59lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-fee6f0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz9a14ablr0.008-wd0.1-minlr0-warmup0-b10.8-b20-219e6f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz32b0f9lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-c69265
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz0cc0c3lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-afc344
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz04e7d1lr0.016-wd0.1-minlr0-warmup0-b10.8-b20-0bfb9c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz305b82lr0.032-wd0.1-minlr0-warmup0-b10.8-b20-c13c8a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonj4c9af2lr0.064-wd0.1-minlr0-warmup0-b10.8-b20-a5a6e2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonzc9fa46lr0.128-wd0.1-minlr0-warmup0-b10.8-b20-d85c56
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz9a2aablr0.008-wd0.1-minlr0-warmup0-b10.8-b20-abe5ba
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonzead85dlr0.008-wd0.1-minlr0-warmup0-b10.8-b20-1fe984
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz05d5f6lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-643f83
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz7f2e92lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-4ed3f2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonzf7964alr0.008-wd0.1-minlr0-warmup0-b10.8-b20-a9a044
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonzecb6c8lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-bc0c88
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonzf140a5lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-21ccc0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz9d74d8lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-76b637
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonzb8dbd0lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-bf5bd6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz4d5315lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-64c74e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonze4b457lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-4b4ebe
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonz35bd41lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-57a098
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonvbf1cfdlr0.008-wd0-minlr0-warmup0-b10.8-b20.9-ea634f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-muonzf7d090lr0.008-wd0.2-minlr0-warmup0-b10.8-b20-05f51f

Published as a conference paper at ICLR 2026

Table 86: Hyperparameter ablation for Muon on 130m on 8x Chinchilla Data

Nadam B1 B2 Decay(WSD) e 1 Schedule gnorm Mmin Bmuon €muon BSZ warmup A Loss Link

0.0024 0.8 0.98 1 le-15 0.008 linear 1 0 098 1e-05 128 0 0.1 3240 0
0.0008 - - - - - - - - - - - - - 3249 1
0.0016 - - — - _ - - - - - - - - 3243 2
- 09 - - - - - - - - - - - - 3240 3
— 095 - — - - - - - - - - - - 3240 4
— 098 - - - - - - - - - - - - 3241 5
_ ) - - - - - - - - - - - 3260 6
- - 095 - - - - - - - - - - - 3247 7
- - - 0.2 - - - - - - - - - - 3280 8
_ - _ 0.4 - - - - - - - - - - 3257 9
- - - 0.6 - - - - - - - - - - 3.248 10
- - - 0.8 - - - - - - - - - - 3242 11
_ - _ - le-25 - - - - - - - - - 3.238 12
_ - — 1le-20 - - - - — - - - - 3238 13
- - - - le-10 - - - - - - - - - 3241 14
_ - — - 0.016 - - - — — - - - 3253 15
_ - _ - - 0.032 - - - - - - - - 3298 16
_ - - - 0.004 - - - - - - - - 3407 17
_ - _ - - 0.128 - - - - - - - - 5.568 18
_ - - - - - 0 - - - - - - 3.240 19
_ - - - _ - 20 - - - - - - 3.239 20
_ - - — - - - - 08 - - - - 3.265 21
_ - - - - - - - 09 - - - - 3.250 22
_ - - — - - - - 095 - - - - 3.243 23
_ - - - - - - - - le25 - - - 3.239 24
_ - - — - - - - - le20 - - - 3.239 25
_ - - - - - - - - le-15 - - - 3.239 26
_ - - — - - - - - le-10 - - - 3.239 27
_ - - - - - - - - - 256 - - 3.240 28
_ - - - - - - - - - 512 - - 3.257 29
_ - - - - - - — — - 1024 - - 3.302 30
_ _ — - _ - - - - - - - 0 3.310 31
_ - - _ — _ - - - - - - 0.2 3.256 32
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon9841d7lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-6269f2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muondf893alr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-9ec54b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon5db4falr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-642691
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon84cfa5lr0.008-wd0.1-minlr0-warmup0-b10.9-b20.-e91d3e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon0df321lr0.008-wd0.1-minlr0-warmup0-b10.95-b20-df585f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muonfd2768lr0.008-wd0.1-minlr0-warmup0-b10.98-b20-ee9b19
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon6d8811lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-2cfe0a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon8b9bb9lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-74bf2d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon4353c9lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-66d626
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon019394lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-d9267d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muonc5c7a2lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-285fdb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon740327lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-5585f4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon438751lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-d942b8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muonadb698lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-d2374c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muoned85fdlr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-c84b6d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon106105lr0.016-wd0.1-minlr0-warmup0-b10.8-b20.-145c38
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon8561f0lr0.032-wd0.1-minlr0-warmup0-b10.8-b20.-2b4c80
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muonc0fdedlr0.064-wd0.1-minlr0-warmup0-b10.8-b20.-de3c13
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muona3b5c1lr0.128-wd0.1-minlr0-warmup0-b10.8-b20.-2bfad0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon3c0689lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-9eb7b5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muonaf4344lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-66a04c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon118538lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-1a35c1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon5b982elr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-f92115
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muonaaa155lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-1a184f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muonf5a17flr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-d3ea9f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muonba539dlr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-be254c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon76efcelr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-47ca65
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muond1317flr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-b6514e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon284dcblr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-103e2d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muonfc6df6lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-e8f442
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muonc12bf0lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-3a6695
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon20f1celr0.008-wd0-minlr0-warmup0-b10.8-b20.98-0351b6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-muon11e37alr0.008-wd0.2-minlr0-warmup0-b10.8-b20.-9c2c15

Published as a conference paper at ICLR 2026

Table 87: Hyperparameter ablation for Muon on 300m on 1x Chinchilla Data

Nadam B1 B2 Decay(WSD) e 1 Schedule gnorm Mmin Bmuon €muon BSZ warmup A Loss Link

0.0024 0.8 0.98 0.8 le-15 0.008 linear 1 0 098 1e-05 128 0 0.13224 0
0.0008 - - - - - - - - - - - - - 3232 1
0.0016 - - - - - - - - - - - - - 3225 2
- 09 - - - - - - - - - - - - 3226 3
— 095 - — - - - - - - - - - - 3226 4
— 098 - - - - - - - - - - - - 3227 5
_ ) - - - - - - - - - - - 3241 6
- - 095 - - - - - - - - - - - 3231 7
- - - 0.2 - - - - - - - - - - 3271 8
_ - _ 0.4 - - - - - - - - - - 3240 9
- - - 0.6 - - - - - - - - - - 3229 10
- - - 1.0 - - - - - - - - - - 3225 11
_ - - - le-25 - - - - - - - - - 3224 12
_ . - 1le-20 - - - - - - - - - 3224 13
_ - - - le-10 - - - - - - - - - 3225 14
_ - — — 0.016 - - - - - - - - 3.236 15
_ - - - - 0.032 - - - - - - - - 3.281 16
_ - - - 0.004 - - - - - - - - 4.695 17
_ - - - - 0.128 - - - - - - - - 5976 18
_ - _ - - - - 0 - - - - - - 3224 19
_ - — - - - - 20 - - - - - - 3225 20
_ - _ - - - = - - 08 - - - - 3257 21
_ - _ - - - - - - 09 - - - - 3235 22
_ - - - - - - - - 095 - - - - 3224 23
_ - _ - — - - - - - le25 - - - 3226 24
_ - _ - - - - - - - le20 - - - 3226 25
_ - _ — — - - - - - le-15 - - - 3226 26
_ - _ - - - - - - - le-10 - - - 3226 27
_ - _ - - - - - - - - 256 - - 3244 28
_ - — - - - - - - - - 512 - - 3301 29
_ - _ - - - - - - - - 1024 - - 3419 30
_ - — - — - - - - - - - 0 3.285 31
_ - — - - - - - - - - - 0.2 3234 32
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon103aa7lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-299b18
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muona697c4lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-58f541
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon801ddclr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-551f94
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon1fae7blr0.008-wd0.1-minlr0-warmup0-b10.9-b20.9-ce27cb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon478bc1lr0.008-wd0.1-minlr0-warmup0-b10.95-b20.-ead356
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muone28078lr0.008-wd0.1-minlr0-warmup0-b10.98-b20.-1e1d01
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon2aaf08lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-5e17f0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon21c0a4lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-c8ff38
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon0f2ff2lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-ed24ff
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muonc2da39lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-aa3a76
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon4ce9f6lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-073a16
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon202a7elr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-73a2de
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muone40a7blr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-033569
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon77a589lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-ccc1c0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon7e5c17lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-a739dc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon5f44d2lr0.016-wd0.1-minlr0-warmup0-b10.8-b20.9-e34d49
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muond0d176lr0.032-wd0.1-minlr0-warmup0-b10.8-b20.9-6c02c2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon587e80lr0.064-wd0.1-minlr0-warmup0-b10.8-b20.9-c81b6f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muona26da7lr0.128-wd0.1-minlr0-warmup0-b10.8-b20.9-8bdb6d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon157c7clr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-c25630
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon6f1c4clr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-0bdac2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muonb24f84lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-22bf93
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon607e74lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-4429b0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muonf6219clr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-370a77
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muonac34c0lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-467678
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muonbbf41alr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-bafb4a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon443e3alr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-e4049e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon369269lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-38146c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon4f0758lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-e54e80
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon3e237dlr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-27901a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon40d536lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.9-f7b0ee
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muonabb96blr0.008-wd0-minlr0-warmup0-b10.8-b20.98--2f3d20
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-muon174a96lr0.008-wd0.2-minlr0-warmup0-b10.8-b20.9-d21c0b

Published as a conference paper at ICLR 2026

Table 88: Hyperparameter ablation for Muon on 520m on 1x Chinchilla Data

Nadam B1 B2 Decay(WSD) e 1 Schedule gnorm Mmin Bmuon €muon BSZ warmup A Loss Link

0.0024 0.8 0.98 1 le-25 0.008 linear 1 0 098 le-05 128 0 0.1 3.073 0
0.0008 - - - - - - - - - - - - - 3076 1
0.0016 - - - - - - - - - - - - - 3072 2
- 09 - - - - - - - - - - - - 3073 3
— 095 - - - - - - - - - - - - 3.074 4
— 098 - - - - - - - - - - - - 3073 5
_ — 09 _ — _ — - - - - - - - 3.090 6
- - 095 - - - - - - - - - - - 3.080 7
- - - 0.2 - - - - - - - - - - 3134 8
_ - — 0.4 - - - - - - - - - - 3101 9
- - - 0.6 - - - - - - - - - - 3.086 10
- - - 0.8 - - - - - - - - - - 3.076 11
_ - - - le-20 - - - - - - - - - 3.074 12
_ - _ - le-15 - - - - - - - - - 3.073 13
_ - - - le-10 - - - - - - - - - 3.073 14
_ - — - 0.016 - - - — — - - - 3.095 15
_ - - - - 0.032 - - - - - - - - 3.147 16
_ - - - 0.004 - - - - - - - - 7.886 17
_ - - - - 0.128 - - - - - - - - 7.900 18
_ - _ - - - - 0 - - - - - - 3.072 19
_ - — - - - - 20 - - - - - - 3.071 20
_ - _ - - - - - - 08 - - - - 3.098 21
_ - - - - - - - - 09 - - - - 3.080 22
_ - - - - - - - - 095 - - - - 3.073 23
_ - _ - — - - - - - le25 - - - 3.072 24
_ - _ - - - - - - - le20 - - - 3.072 25
_ - _ — — - - - - - le-15 - - - 3.072 26
_ - _ - - - - - - - le-10 - - - 3.072 27
_ - _ - - - - - - - - 256 - - 3.080 28
_ - — - - - - - - - - 512 - - 3.115 29
_ - _ - - - - - - - - 1024 - - 3.188 30
_ - — - — - - - - - - - 0 3.134 31
_ - — - - - - - - - - - 0.2 3.091 32
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muonb6462flr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-bb54fc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muoned1be6lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-472a68
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muoncab636lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-df4920
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon3aa627lr0.008-wd0.1-minlr0-warmup0-b10.9-b20.-d88a74
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon6de49alr0.008-wd0.1-minlr0-warmup0-b10.95-b20-09ab54
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon73c7eelr0.008-wd0.1-minlr0-warmup0-b10.98-b20-25814b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon076a83lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-d5cd2a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon43dc84lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-b11016
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon7bf1dalr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-0591da
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon38778flr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-a2dc9e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon8eb81clr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-35dedc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon3d94a7lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-636a88
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muonfc4dd7lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-fa6779
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon284dcblr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-913bb6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muonc71f70lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-634a5c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon2ead91lr0.016-wd0.1-minlr0-warmup0-b10.8-b20.-d03e40
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muonf91fealr0.032-wd0.1-minlr0-warmup0-b10.8-b20.-531812
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muond9755blr0.064-wd0.1-minlr0-warmup0-b10.8-b20.-46abb1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon16543clr0.128-wd0.1-minlr0-warmup0-b10.8-b20.-225a93
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon3a141elr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-7c2cc6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muonc564eblr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-bfe40c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon21d94elr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-f4bbef
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon1de198lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-2eb67f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon6f490clr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-59ba2a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon72cb00lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-700a79
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon3db195lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-ceaf52
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon83b024lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-06e1cd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muonc83f11lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-b70e12
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muona62a25lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-97f566
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon3fa686lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-2400de
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon1aeff4lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-7d6c1a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muonde6262lr0.008-wd0-minlr0-warmup0-b10.8-b20.98-beffd0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-muon3e335flr0.008-wd0.2-minlr0-warmup0-b10.8-b20.-b2ac88
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E.10 SWEEPING RESULTS FOR SCION

Table 89: Hyperparameter ablation for Scion on 130m on 1x Chinchilla Data

Nadam 1 Decay(WSD) 1 Schedule gnorm Mmin Bmuon €scion BSZ warmup A Loss Link

0.0032 0.95 0.8 0016 lincar 1 0 095 le-l5 128 0  0.13477 0
0.0016 - - - - - - - - - - - 3477 1
0.0048 - - - - - - - - - - - 3481 2
0.0064 - - - - - - - - - -~ 3485 3
0.008 - - - - - - - - - - — 3488 4
0.0096 - - - - - - - - - - - 3490 5
- 08 - - - - - - - - - - 3493 6
- 09 - - - - - - - - - - 3479 7
- 098 - - - - - - - - - - 3479 38
- - 0.0 - - - - - - - - - 3779 9
- - 0.2 - - - - - - - - - 3525 10
- - 0.4 - - - - - - - -~ 3493 11
- - 0.6 - - - - - - - -~ 3480 12
- - 1.0 - - - - - - - - = 3477 13
- - - 0008 - - - - - - — - 3490 14
- - - 0032 - - - - - - - - 3509 15
- - - 0064 - - - - - - - - 5195 16
- - - 0128 - - - - - - -~ 6308 17
- - - - - o - - - - - - 3478 18
- - - - - 20 - - - - -~ 3478 19
- - - - - - - 08 - - ~ — 3480 20
- - - - - - - 09 - - -~ 3474 21
- - - - - - - 098 - - - - 3496 22
- - - - - - - - 1le20 - - - 3477 23
- - - - - - - = lel0 - - - 3477 24
- - - - - - - = 1e05 - - - 3477 25
- - - - - - - - - 25 - - 3505 26
- - - - - - - - - 512 - - 3583 27
- - - - - - - - -~ 1024 - - 3761 28
- - - - - - - - - - ~ 0 3537 29
30

- - - - - - - - - - = 02349
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion88e825lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-09a932
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion840d88lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-61f5f7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion8e26felr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-382d16
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scionf020a1lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-f5cf5d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sciona0879alr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-99b18a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion4bb4a4lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-e076fe
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion76ae21lr0.016-wd0.1-minlr0-warmup0-b10.8-gn1--382a96
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scione9cd68lr0.016-wd0.1-minlr0-warmup0-b10.9-gn1--16327d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion298bd3lr0.016-wd0.1-minlr0-warmup0-b10.98-gn1-ca3133
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scione7f648lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-c67748
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion1a724elr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-32726f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sciona3bd94lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-47edd4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion4f23ealr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-ec1bf5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sciond05cc9lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-e01433
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion0c58eflr0.008-wd0.1-minlr0-warmup0-b10.95-gn1-649961
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion96b754lr0.032-wd0.1-minlr0-warmup0-b10.95-gn1-c69eb3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion67b228lr0.064-wd0.1-minlr0-warmup0-b10.95-gn1-c13476
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion8f1585lr0.128-wd0.1-minlr0-warmup0-b10.95-gn1-6644ed
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion9c4dc9lr0.016-wd0.1-minlr0-warmup0-b10.95-gn0-5bdf0c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion304c58lr0.016-wd0.1-minlr0-warmup0-b10.95-gn2-f8f8e8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion79fee1lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-b7e1e6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion5684eclr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-1d55ac
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion52669clr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-0becd6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion2b053alr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-9c862f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scionbd616clr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-ddb0e6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sciond84c90lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-3f4d04
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion5a7263lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-4dcd4d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scionb67125lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-debbed
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scionb3e82dlr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-8a367e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion5931c7lr0.016-wd0-minlr0-warmup0-b10.95-gn1-s-e03372
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-scion6d1cdflr0.016-wd0.2-minlr0-warmup0-b10.95-gn1-78231c
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Table 90: Hyperparameter ablation for Scion on 130m on 2x Chinchilla Data

Nadam 51 Decay(WSD) 1 Schedule gnorm Mmin Bmuon €scion BSZ warmup A Loss Link

0.0032 0.95 1 0016 lincar 1 0 09 le15 128 0 0.13379 0
0.0016 - - - - - - - - - - -~ 3378 1
0.0048 - - - - - - - - - - - 3382 2
0.0064 - - - - - - - - - - - 338 3
0.008 - - - - - - - - - - - 338 4
0.0096 - - - - - - - - - - - 3388 5
- 08 - - - - - - - - —  — 3400 6
- 09 - - - - - - - - - - 3383 7
~ 098 - - - - - - - - - -3379 38
- - 0.0 - - - - - - - - - 3738 9
- - 0.2 - - - - - - - — - 3437 10
- - 0.4 - - - - - - - - - 3405 11
- - 0.6 - - - - - - - - - 3390 12
- - 0.8 - - - - - - - - - 3383 13
- - - 0.008 - - - - - - -~ 3390 14
- - - 0032 - - - - - - — — 3411 15
- - - 0064 - - - - - - - - 3513 16
- - - 0128 - - - - - - - - 6193 17
- - - - - o - - - - - - 3379 18
- - - - - 20 - - - - - - 3378 19
- - - - - - - 08 - - - - 3385 20
- - - - - - - 09 - - - - 3380 21
- - - - - - - 098 - - - - 3388 22
- - - - - - - = 1le20 - - - 3379 23
- - - - - - - = lel0 - -~ 3380 24
- - - - - - - = 1le05 - -~ 3380 25
- - - - - - -~ — 256 - - 3391 26
- - - - - - - - - 512 - - 3436 27
- - - - - - - - - 1024 - - 3532 28
- - - - - - - - - - — 0 3443 29
- - - - - - - - - - ~ 023401 30
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sciona647e8lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-9e502b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion0749aelr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-9268f7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scionecb2fclr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-4bd5ef
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion11cb39lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-7d2058
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scione17102lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-a96653
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scionf605fclr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-ae9ebc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scionb7ae93lr0.016-wd0.1-minlr0-warmup0-b10.8-gn1--6ad4dc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion6cb7fflr0.016-wd0.1-minlr0-warmup0-b10.9-gn1--4a658c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion277086lr0.016-wd0.1-minlr0-warmup0-b10.98-gn1-5c8c93
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion8f987elr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-0549f7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scionf8ad83lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-90f661
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scioncc0a59lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-8a6246
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion621619lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-ef5db1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sciona94de7lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-cd15b5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion2dd269lr0.008-wd0.1-minlr0-warmup0-b10.95-gn1-d01816
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion488fa3lr0.032-wd0.1-minlr0-warmup0-b10.95-gn1-e85b67
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion540487lr0.064-wd0.1-minlr0-warmup0-b10.95-gn1-e6f899
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion90c680lr0.128-wd0.1-minlr0-warmup0-b10.95-gn1-5c8212
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scione5e910lr0.016-wd0.1-minlr0-warmup0-b10.95-gn0-7a05f3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion319537lr0.016-wd0.1-minlr0-warmup0-b10.95-gn2-c45aff
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scionfaeeb3lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-d985d7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scionc0fc35lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-70508b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion382771lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-cad6c0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion98431elr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-1be7a9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scione949f4lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-de429b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion39d339lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-f7a7f0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion949b38lr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-1d499a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion697cdelr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-228b44
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion6ff86alr0.016-wd0.1-minlr0-warmup0-b10.95-gn1-31315c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion12ea16lr0.016-wd0-minlr0-warmup0-b10.95-gn1-s-98cd4d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-scion03a52blr0.016-wd0.2-minlr0-warmup0-b10.95-gn1-a7350e
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Table 91: Hyperparameter ablation for Scion on 130m on 4x Chinchilla Data

Nadam 51 Decay(WSD) 1 Schedule gnorm Mmin Bmuon €scion BSZ warmup A Loss Link

0.0016 0.98 1 0.008 linear 2 0 09 1le-15 128 0 0.1 3302 0
0.0008 - - - - - - - - - - - 3302 1
0.0024 - - - - - - - - - - - 3306 2
0.0032 - - - - - - - - - - - 3307 3
0.004 - - - - - - - - - - - 3306 4
0.0048 - - - - - - - - - - - 3307 5
- 08 - - - - - - - - - - 3331 6
- 09 - - - - - - - - - - 3314 7
- 095 - - - - - - - - - - 3306 8
- - 0.0 - - - - - - - - - 3584 9
- - 0.2 - - - - - - - - - 3340 10
- - 0.4 - - - - - — - - - 3317 11
- - 0.6 - - - - - - - - - 3307 12
- - 0.8 - - - - - - - - - 3.303 13
- - - 0.016 - - - - - - - - 3310 14
- - - 0.032 - - - - - - - - 3.361 15
- - - 0.064 - - - - - - - - 5.152 16
- - - 0.128 - - - - - - - - 5894 17
- - - - - 0 - - - - - - 3303 18
- - - - - 1.0 - - - - - - 3.303 19
- - - - - - - 038 - - - - 3.307 20
- - - - - - - 09 - - - - 3302 21
- - - - - - - 098 - - - - 3303 22
- - - - - - - - le20 - - - 3.302 23
- - - - - - - - le-10 - - - 3303 24
- - - - - - - - le05 - - - 3.302 25
- - - - - - - - - 256 - — 3.323 26
- - - - - - - - - 512 - - 3365 27
- - - - - - - - - 1024 - — 3447 28
- - - - - - - - - - - 0 3375 29
- - - - - - - - - - - 0.2 3.309 30
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion9698d1lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-7282fc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion9d476clr0.008-wd0.1-minlr0-warmup0-b10.98-gn-6116a3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sciona8b5aalr0.008-wd0.1-minlr0-warmup0-b10.98-gn-e47df7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scionb02b9dlr0.008-wd0.1-minlr0-warmup0-b10.98-gn-c39e4a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion38a308lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-1b6e87
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion0eab92lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-3e5a9b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion40e7b5lr0.008-wd0.1-minlr0-warmup0-b10.8-gn2-eda693
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion51153elr0.008-wd0.1-minlr0-warmup0-b10.9-gn2-da2cf1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sciond34ea1lr0.008-wd0.1-minlr0-warmup0-b10.95-gn-2dd73c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion1be043lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-629a0b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scionff2a74lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-70dbae
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion93c728lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-0b64cb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion232c0flr0.008-wd0.1-minlr0-warmup0-b10.98-gn-beec93
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion2554c3lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-0ecfe4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion7f272clr0.016-wd0.1-minlr0-warmup0-b10.98-gn-dfad11
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion2cfd93lr0.032-wd0.1-minlr0-warmup0-b10.98-gn-1524ed
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion39d76blr0.064-wd0.1-minlr0-warmup0-b10.98-gn-b75bde
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scionadd481lr0.128-wd0.1-minlr0-warmup0-b10.98-gn-7dc1e1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion6f1ab7lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-f7db0a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion9a40b3lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-ddc1ee
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scionb9d13elr0.008-wd0.1-minlr0-warmup0-b10.98-gn-60ca44
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion79d871lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-d7d690
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion7c7f25lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-78ad4e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion31bca7lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-c73231
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion95d589lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-16884a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion8d67e8lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-f7a59e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion7ca424lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-d5e3b1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion2cfaa6lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-e446fe
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scionafb44flr0.008-wd0.1-minlr0-warmup0-b10.98-gn-6aaf5e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-scion0b9b71lr0.008-wd0-minlr0-warmup0-b10.98-gn2--f9d527
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sciona5af5alr0.008-wd0.2-minlr0-warmup0-b10.98-gn-d9175f
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Table 92: Hyperparameter ablation for Scion on 130m on 8x Chinchilla Data

Nadam 51 Decay(WSD) 1 Schedule gnorm Mmin Bmuon €scion BSZ warmup A Loss Link

0.0016 0.98 1 0.008 linear 2 0 09 le05 128 0 0.13246 0
0.0008 - - - - - - - - - - - 3245 1
0.0024 - - - - - - - - - -~ 3250 2
0.0032 - - - - - - - - - - - 3249 3
0.004 - - - - - - - - - - - 3251 4
0.0048 - - - - - - - - - - - 322 5
- 08 - - - - - - - - - - 3275 6
- 09 - - - - - - - - - - 3257 7
- 095 - - - - - - - - - - 3249 3
- - 0.0 - - - - - - - - - 3558 9
- - 0.2 - - - - - - - - - 3288 10
- - 0.4 - - - - - - - - - 3266 11
- - 0.6 - - - - - - - - - 3255 12
- - 0.8 - - - - - - - - - 3249 13
- - - 0016 - - - - - - -~ 3265 14
- - - 0032 - - - - - - - - 3325 15
- - - 0064 - - - - - - -~ 5264 16
- - - 0128 - - - - - - -~ 6174 17
- - - - - o - - - - - - 3247 18
- - - - - 0o - - - - - - 3247 19
- - - - - - - 08 - - - - 3249 20
- - - - - - - 09 - - - - 3245 21
- - - - - - - 098 - - - - 3247 22
- - - - - - - = 1le20 - - - 3246 23
- - - - - - - = lels - -~ 3246 24
- - - - - - - = lel0 - - - 3247 25
- - - - - - -~ = 25 - - 3250 26
- - - - - - - - - 512 - - 3272 27
- - - - - - - - - 1024 - - 3319 28
- - - - - - - - - - - 0 3308 29
- - - - - - - - - - - 023261 30
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion51ccaelr0.008-wd0.1-minlr0-warmup0-b10.98-gn-4abd83
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scionpc9b6c6lr0.008-wd0.1-minlr0-warmup0-b10.98-g-847bd4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion2c2f99lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-297c7d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion6d330dlr0.008-wd0.1-minlr0-warmup0-b10.98-gn-ee71b4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion135c27lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-e8fbd7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion1fa022lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-bc1b5f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion1d7c34lr0.008-wd0.1-minlr0-warmup0-b10.8-gn2-fd6d80
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion766235lr0.008-wd0.1-minlr0-warmup0-b10.9-gn2-b7a715
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scionj3bd025lr0.008-wd0.1-minlr0-warmup0-b10.95-g-681640
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion5791a0lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-7d7f4f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sciona129e1lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-c5ab97
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scionk8eae89lr0.008-wd0.1-minlr0-warmup0-b10.98-g-10c992
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scionk6861bflr0.008-wd0.1-minlr0-warmup0-b10.98-g-c52551
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scione2dcaclr0.008-wd0.1-minlr0-warmup0-b10.98-gn-61fe4b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sciona69758lr0.016-wd0.1-minlr0-warmup0-b10.98-gn-84229e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion48e30elr0.032-wd0.1-minlr0-warmup0-b10.98-gn-b8cecb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion32f5fdlr0.064-wd0.1-minlr0-warmup0-b10.98-gn-4e855e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion14cd60lr0.128-wd0.1-minlr0-warmup0-b10.98-gn-100c56
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion217e03lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-7c4a34
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scionb1c7630lr0.008-wd0.1-minlr0-warmup0-b10.98-g-2ba973
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sciontc26c48lr0.008-wd0.1-minlr0-warmup0-b10.98-g-7baa87
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sciono046318lr0.008-wd0.1-minlr0-warmup0-b10.98-g-682eb4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sciono44ab05lr0.008-wd0.1-minlr0-warmup0-b10.98-g-665c33
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scionecd5b4lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-92c4e5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scionk08138alr0.008-wd0.1-minlr0-warmup0-b10.98-g-278e54
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion5d7828lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-94d764
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion8d67e8lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-fab0cb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion1842ealr0.008-wd0.1-minlr0-warmup0-b10.98-gn-7b77d6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sciono9fdb98lr0.008-wd0.1-minlr0-warmup0-b10.98-g-5de496
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scionbc1373elr0.008-wd0-minlr0-warmup0-b10.98-gn2-5e6a7c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-scion898306lr0.008-wd0.2-minlr0-warmup0-b10.98-gn-a11a2b
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Table 93: Hyperparameter ablation for Scion on 300m on 1x Chinchilla Data

Nadam 51 Decay(WSD) 1 Schedule gnorm Mmin Bmuon €scion BSZ warmup A Loss Link

0.0008 0.98 0.8 0.008 linear 2 0 09 1e-05 128 0 0.1 3.232

0

0.0016 — - - - - - - - - - 3237 1
0.0024 - - - - - - - - - - - 3242 2
0.0032 - - - - - - - - - -~ 3242 3
0.004 - - - - - - - - - 3241 4
0.0048 - - - - - - - - - - 3243 5
- 08 - - - - - - - = - -325% 6
- 09 - - - - - - - = -~ 3240 7
- 095 - - - - - - - - -~ 3236 8
- - 0.0 - - - - - - - - - 3497 9
- 0.2 - - - - - - - - - 3271 10
- - 0.4 - - - - - - - - - 3245 11
- - 0.6 - - - - - - - - - 323 12
- - 1.0 - - - - - - - - - 3237 13
- - - 0016 - - - - - = - - 3242 14
- - - 0032 - - - - - - - 3301 15
- - - 0064 - - - - - -~ 3400 16
- - - 0.128 - - - - - - 5627 17
- _ _ _ o - - - = - -~ 3233 18
- _ _ _ o - - - - - - 3233 19
- _ _ - - - 08 - - - - 3240 20
o _ _ - - - 095 - - - - 3231 21
- _ - - - - 098 - - - - 3236 22
- _ - - - -~ 1e20 - - - 3232 23
- _ - - - -~ leds - - - 3232 24
- _ _ - -~~~ lel0 - - - 3233 25
- _ _ _ - - - _ 2% - - 3259 26
- _ _ - - -~ Z 512 - - 3319 27
- _ _ _ -~~~ 1024 -~ 3432 28
o _ _ _ - - - - ~ 0 3303 29
- _ _ - - - - - ~ 023241 30
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond108279lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-99a9f4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-scionfa9d01lr0.008-wd0.1-minlr0-warmup0-b10.98-gn2-d33d38
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond6c4a32lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-c70e3a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond4688b4lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-cc3a61
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond8d54b4lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-e2040c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-scionda31eablr0.008-wd0.1-minlr0-warmup0-b10.98-gn-ed268b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond3c2ebclr0.008-wd0.1-minlr0-warmup0-b10.8-gn2-8c6e43
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond8d2973lr0.008-wd0.1-minlr0-warmup0-b10.9-gn2-1189a9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciondd97ff2lr0.008-wd0.1-minlr0-warmup0-b10.95-gn-16dc4b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond7cb949lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-78e5fe
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciondf6ecb9lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-cafe64
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond4823d5lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-330e18
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond582086lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-14e557
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciondaa2504lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-fbb75e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond859faelr0.016-wd0.1-minlr0-warmup0-b10.98-gn-e582af
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond99bb86lr0.032-wd0.1-minlr0-warmup0-b10.98-gn-1251a1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond92cc85lr0.064-wd0.1-minlr0-warmup0-b10.98-gn-c0733d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond02a6a1lr0.128-wd0.1-minlr0-warmup0-b10.98-gn-465361
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond8e7d0flr0.008-wd0.1-minlr0-warmup0-b10.98-gn-35a8c6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond35f816lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-b2bf17
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciondb93cablr0.008-wd0.1-minlr0-warmup0-b10.98-gn-7a2ff9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond26da5flr0.008-wd0.1-minlr0-warmup0-b10.98-gn-4234e5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciondba6c4clr0.008-wd0.1-minlr0-warmup0-b10.98-gn-60d1af
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond2cd962lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-9ae6b3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond1c6c6alr0.008-wd0.1-minlr0-warmup0-b10.98-gn-39d488
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciondbedd5alr0.008-wd0.1-minlr0-warmup0-b10.98-gn-03c420
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond8e6297lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-6108e9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond374b61lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-c7f214
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond7a848flr0.008-wd0.1-minlr0-warmup0-b10.98-gn-9d7008
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond3438f5lr0.008-wd0-minlr0-warmup0-b10.98-gn2--e2425a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sciond9f11fclr0.008-wd0.2-minlr0-warmup0-b10.98-gn-585125
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Table 94: Hyperparameter ablation for Scion on 520m on 1x Chinchilla Data

Nadam 51 Decay(WSD) 1 Schedule gnorm Mmin Bmuon €scion BSZ warmup A Loss Link

- - - - - - - - - 1024 - - 3.215
- - - - - - - - - - - 0 3.150
- - - - - - - - - - - 0.2 3.097

0.0008 0.98 1 0.008 linear 2 0 09 le05 128 0  0.13.080 0
0.0016 - - - - - - - - - -~ 3089 1
0.0024 - - - - - - - - - - - 3090 2
0.0032 - - - - - - - - - - -~ 3090 3
0.004 - - - - - - - - - -~ 3090 4
0.0048 - - - - - - - - - - - 3091 5
- 08 - - - - - - - - - - 3104 6
- 09 - - - - - - - - -~ 3090 7
~ 095 - - - - - - - - - - 3081 8
- - 0.0 - - - - - - - ~ — 3400 9
- - 0.2 - - - - - - - - - 3136 10
- - 0.4 - - - - - - - - - 3106 11
- - 0.6 - - - - - - - - - 3091 12
- - 0.8 - - - - - - - - - 308 13
- - - 0016 - - - - - - -~ 3105 14
- - - 0032 - - - - - - - - 3173 15
- - - 0064 - - - - - - — — 4420 16
- - - 0128 - - - - - - - - 1335 17
- - - - - o - - - - - - 3082 18
- - - - - 0o - - - - - - 3081 19
- - - - - - - 08 - - - - 3084 20
- - - - - - - 09 - - - - 3079 21
- - - - - - - 098 - - -~ 3086 22
- - - - - - - = 1le20 - - - 3081 23
- - - - - - - = lels - -~ 3081 24
- - - - - - - = lel0 - -~ 3080 25
- - - - - - - == 256 - - 3093 26
- - - - - - - - - 512 - - 3134 27
28

29

30
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scioncff10blr0.008-wd0.1-minlr0-warmup0-b10.98-gn-c03799
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sciona0c000lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-d5b09d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sciondcb087lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-292cdc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion52ef41lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-3e355e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion42bbdflr0.008-wd0.1-minlr0-warmup0-b10.98-gn-a79196
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion1a0f9alr0.008-wd0.1-minlr0-warmup0-b10.98-gn-6eb8c4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion6a83d1lr0.008-wd0.1-minlr0-warmup0-b10.8-gn2-b778f8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion8775a0lr0.008-wd0.1-minlr0-warmup0-b10.9-gn2-425030
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sciona6fcaalr0.008-wd0.1-minlr0-warmup0-b10.95-gn-87ceb2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion9ad7e2lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-89f482
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion31bf77lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-df286d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scionb32211lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-7512f5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion8a4cf6lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-6baf62
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion71dd21lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-26a277
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scionb6a4a1lr0.016-wd0.1-minlr0-warmup0-b10.98-gn-db98af
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion338c4elr0.032-wd0.1-minlr0-warmup0-b10.98-gn-1dc138
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion901078lr0.064-wd0.1-minlr0-warmup0-b10.98-gn-a88498
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion38a0f0lr0.128-wd0.1-minlr0-warmup0-b10.98-gn-df0a02
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion4e42fflr0.008-wd0.1-minlr0-warmup0-b10.98-gn-fc4022
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion9977calr0.008-wd0.1-minlr0-warmup0-b10.98-gn-ed9b95
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion63f66flr0.008-wd0.1-minlr0-warmup0-b10.98-gn-21681b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scionc12795lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-ec659b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion501dfalr0.008-wd0.1-minlr0-warmup0-b10.98-gn-a9913d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion2bd3fdlr0.008-wd0.1-minlr0-warmup0-b10.98-gn-03fce1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion9d476clr0.008-wd0.1-minlr0-warmup0-b10.98-gn-8744c9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion890acblr0.008-wd0.1-minlr0-warmup0-b10.98-gn-f305ce
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion277435lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-77a9f9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion78b03blr0.008-wd0.1-minlr0-warmup0-b10.98-gn-9b50fe
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion3c3da1lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-e9fde3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion042572lr0.008-wd0-minlr0-warmup0-b10.98-gn2--bcd543
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-scion697aa0lr0.008-wd0.2-minlr0-warmup0-b10.98-gn-dd38aa
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E.11 SWEEPING RESULTS FOR SOPHIA

Table 95: Hyperparameter ablation for Sophia on 130m on 1x Chinchilla Data

B1 Bo € ¥ n  BSZ warmup A\ Loss Link
095 0.9 1e-07 0.0125 0.004 128 4000 0 3544 0
0.8 - - - - - - - 3581 1
09 - - - - - - - 3546 2
098 - - - - - - - 3624 3
- 095 - - - - - - 3.546 1
- 098 - - - - - - 3553 2
- 099 - - - - - - 3563 3
- 0995 - - - - - - 3573 4
- - le-17 - - - - - 3559 1
- - le-12 - - - - - 3559 2
- - - 0.00625 - - - - 3546 1
- - - 0025 - - - - 3546 2
- - - 0.05 - - - - 3554 3
- - - - 0.002 - - - 3551 1
- - - - 0.008 - - - 3576 2
- - - - 0016 - - - 7769 3
- - - - 0032 - - - 7745 4
- - - - - - 500 - 7.754 1
- - - - - - 1000 - 7.824 2
- - - - - - 2000 - 3576 3
- - - - - - - 0.1 3.553 1
- - - - - - - 0.2 3.566 2
- - - - - - - 033579 3

79


https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiag67fd60lr0.004-wd0-minlr0-warmup4000-b10.95--7bdb33
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiagf9d750lr0.004-wd0-minlr0-warmup4000-b10.8-b-1d728f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiau81957flr0.004-wd0-minlr0-warmup4000-b10.9-b-743aad
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiagcf99e7lr0.004-wd0-minlr0-warmup4000-b10.98--b5b74a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiaud75557lr0.004-wd0-minlr0-warmup4000-b10.95--9bc769
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiag5970d9lr0.004-wd0-minlr0-warmup4000-b10.95--d5a961
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiagceaccflr0.004-wd0-minlr0-warmup4000-b10.95--4fb41c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiauf73bb0lr0.004-wd0-minlr0-warmup4000-b10.95--c36e04
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiag262464lr0.004-wd0-minlr0-warmup4000-b10.95--b0ffca
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiaga7912flr0.004-wd0-minlr0-warmup4000-b10.95--7bc0d4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiag18e1e9lr0.004-wd0-minlr0-warmup4000-b10.95--77a1bd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiage3d265lr0.004-wd0-minlr0-warmup4000-b10.95--b49616
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiag7b8220lr0.004-wd0-minlr0-warmup4000-b10.95--bcaa86
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiau26b00blr0.002-wd0-minlr0-warmup4000-b10.95--5fe952
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiag89efe6lr0.008-wd0-minlr0-warmup4000-b10.95--0cd475
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiag08e619lr0.016-wd0-minlr0-warmup4000-b10.95--9a3c93
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiag4429a5lr0.032-wd0-minlr0-warmup4000-b10.95--7aca97
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiagaa0223lr0.004-wd0-minlr0-warmup500-b10.95-b-4192ac
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiaub0f459lr0.004-wd0-minlr0-warmup1000-b10.95--b2eac4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiau5e660clr0.004-wd0-minlr0-warmup2000-b10.95--2ad339
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiagb3dd57lr0.004-wd0.1-minlr0-warmup4000-b10.9-e0cbb7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiag262a51lr0.004-wd0.2-minlr0-warmup4000-b10.9-508c87
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-2B-sophiag140385lr0.004-wd0.3-minlr0-warmup4000-b10.9-843326
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Table 96: Hyperparameter ablation for Sophia on 130m on 2x Chinchilla Data
81 Bo € 0% n  BSZ warmup A Loss Link

0.95 09 1e-07 0.0125 0.004 128 4000 0.1 3414 O

08 - - - - - - - 3.439
09 - - - - - - - 3416
098 - - - - - - - 3.469
- 095 - - - - - - 3414
- 098 - - - - - - 3418
- 099 - - - - - — 3.421
- 0995 - - - - - — 3.428
- - le-17 - - - - - 3.426
- - le-12 - - - - — 3.424
- - - 0.00625 3.416
0.025 3.415
- - - 0.05 - - - — 3.423
- - - - 0002 - - — 3417
- - - - 0.008 - - — 3.438
- - - - 0016 - - - 7.282
- - - - 0032 - - - 6.938
- 3.446
7.811
- - - - - - 1000 - 7.549
3.436
- - - - - - - 0 3.431
- - - - - - - 0.2 3415
- - - - - - - 0.3 3.419
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Table 97: Hyperparameter ablation for Sophia on 130m on 4x Chinchilla Data
61 Bo € ~ n  BSZ warmup A Loss Link

0.95 0.99 1e-07 0.0125 0.004 128 4000 0.2 3.330

08 - - - - - - - 3.351
09 - - - - - - - 3.332
098 - - - - - - - 3.371
- 09 - - - - - - 3.328
- 095 - - - - - - 3.328
- 098 - - - - - - 3.328
- = lel7 - - - - - 3.337
- - lel2 - - - - - 3.338
- 0.00625 3.330
- - - 0025 - - - - 3.330
- - - - 0002 - - - 3.329
- - - - 0016 - - - 7.059
- - - - 0032 - - - 6.664
- 256 3.340
- - - - - 512 - - 3.390
- - - - - - 500 - 7.345
- - - - - - 1000 7.022
- - - - - - 2000 3.349
- - - - - - - 0 3.367
- - - - - - - 0.1 3.330
- - - - - - - 0.3 3.332

o

W= W =N —= PR WRNDERND= W =W =
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophiaf95b3dlr0.004-wd0.1-minlr0-warmup4000-b10.95-187352
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia282c09lr0.004-wd0.1-minlr0-warmup4000-b10.8--b60356
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophiae5887flr0.004-wd0.1-minlr0-warmup4000-b10.9--0010c1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophiad61acalr0.004-wd0.1-minlr0-warmup4000-b10.98-0311d7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia27d93clr0.004-wd0.1-minlr0-warmup4000-b10.95-0c4238
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophiad1cb34lr0.004-wd0.1-minlr0-warmup4000-b10.95-298f3a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia7b63b9lr0.004-wd0.1-minlr0-warmup4000-b10.95-48c5c4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophiad39f61lr0.004-wd0.1-minlr0-warmup4000-b10.95-0b896b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia22c55alr0.004-wd0.1-minlr0-warmup4000-b10.95-a869ea
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia67c9f3lr0.004-wd0.1-minlr0-warmup4000-b10.95-c0203d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia71fcc7lr0.004-wd0.1-minlr0-warmup4000-b10.95-b2beb6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia44343dlr0.004-wd0.1-minlr0-warmup4000-b10.95-eb3b87
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia6a0777lr0.004-wd0.1-minlr0-warmup4000-b10.95-4324f1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia79c48clr0.002-wd0.1-minlr0-warmup4000-b10.95-b4ff84
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia684222lr0.008-wd0.1-minlr0-warmup4000-b10.95-6fdc65
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia1f0f26lr0.016-wd0.1-minlr0-warmup4000-b10.95-cb9dad
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia10be4clr0.032-wd0.1-minlr0-warmup4000-b10.95-802464
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophiab3dd57lr0.004-wd0.1-minlr0-warmup4000-b10.95-d5f058
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophiaf4e4f5lr0.004-wd0.1-minlr0-warmup500-b10.95--9d14ab
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia5ea55dlr0.004-wd0.1-minlr0-warmup1000-b10.95-f3f2af
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia31c239lr0.004-wd0.1-minlr0-warmup2000-b10.95-da09aa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophia7d16e4lr0.004-wd0-minlr0-warmup4000-b10.95-b-a90ebf
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophiaa16477lr0.004-wd0.2-minlr0-warmup4000-b10.95-26c88c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-5B-sophiac38c12lr0.004-wd0.3-minlr0-warmup4000-b10.95-aa41b5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophia420680lr0.004-wd0.2-minlr0-warmup4000-b10.9-95e0d1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam200bcelr0.004-wd0.2-minlr0-warmup4000-b10.-64829e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiamb9ea0dlr0.004-wd0.2-minlr0-warmup4000-b10.-05ae6d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam2761c5lr0.004-wd0.2-minlr0-warmup4000-b10.-5683e6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiamc45a60lr0.004-wd0.2-minlr0-warmup4000-b10.-c9c782
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiamba4c53lr0.004-wd0.2-minlr0-warmup4000-b10.-80e6d8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam0657f9lr0.004-wd0.2-minlr0-warmup4000-b10.-e83579
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam98a019lr0.004-wd0.2-minlr0-warmup4000-b10.-edcb0a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiame63af6lr0.004-wd0.2-minlr0-warmup4000-b10.-d35185
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiamb10b9alr0.004-wd0.2-minlr0-warmup4000-b10.-4aa147
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam032e0dlr0.004-wd0.2-minlr0-warmup4000-b10.-b9dfba
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam3685d5lr0.002-wd0.2-minlr0-warmup4000-b10.-f1e565
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam684f24lr0.016-wd0.2-minlr0-warmup4000-b10.-6d1fe0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam3beb76lr0.032-wd0.2-minlr0-warmup4000-b10.-31de08
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam060b57lr0.004-wd0.2-minlr0-warmup4000-b10.-f3b5aa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam2211e4lr0.004-wd0.2-minlr0-warmup4000-b10.-f633bb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiamcb63d7lr0.004-wd0.2-minlr0-warmup500-b10.9-ad427c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiama20637lr0.004-wd0.2-minlr0-warmup1000-b10.-8ef81c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam6051c1lr0.004-wd0.2-minlr0-warmup2000-b10.-3ac3ce
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam0dbf87lr0.004-wd0-minlr0-warmup4000-b10.95-18f4fc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam0ca1f6lr0.004-wd0.1-minlr0-warmup4000-b10.-810b8d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-10B-sophiam1a4eb8lr0.004-wd0.3-minlr0-warmup4000-b10.-c20359
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Table 98: Hyperparameter ablation for Sophia on 130m on 8x Chinchilla Data
b1 Bo € ~ n BSZ warmup A Loss Link

0.95 0.95 1e-07 0.0125 0.002 128 4000 0.2 3.259 0

08 - - - - - - - 3.291
09 - - - - - - - 3.265
- 09 - - - - - - 3.259
- 098 - - - - - - 3.260
- 099 - - - - - - 3.260
- le-17 - - - - - 3.266
- - lel2 - - - - - 3.265
- - 0.004 - - - 3.265

- - - - 0.008 - - - 3.308
- - 3.265
- - - - - - 1000 - 3.277
- - - - - - 2000 - 3.260
- - - - - - - 0 3.300

—_ 0 R = N = W) R = R =

Table 99: Hyperparameter ablation for Sophia on 300m on 1x Chinchilla Data
81 Bo € ¥ n  BSZ warmup A\ Loss Link

09 0.9 1e-07 0.0125 0.004 128 4000 0.1 3.267 O

08 - - - - - - - 3.288
095 - - - - - - - 71.390
098 - - - - - - - 7.525
- 095 - - - - - - 3.270
- 098 - - - - - - 3.275
- 099 - - - - - - 3.280
0995 - - - - - - 3.280
- - le-17 3.289
- - le-12 - - - - - 3.289
- - - 0.00625 - - - - 3.273
0.025 - - - - 3.271
- - - 0.05 - - - - 3274
- - - - 0002 - - - 3.276
- - - - 0.008 - - - 6.966
- - - - 0016 - - - 7.142
- - - - 0032 - - - 6.811
- - 3.298
- - - - - - 500 - 7.149
7.093
7.382
- - - - - - - 0 3.288
- - - - - - - 0.2 3.274
- - - - - - - 0.3 3.281
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophia8d270alr0.002-wd0.2-minlr0-warmup4000-b10.9-728991
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophiaaa290clr0.002-wd0.2-minlr0-warmup4000-b10.8-82d393
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophia87ebc2lr0.002-wd0.2-minlr0-warmup4000-b10.9-e413d1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophiaa3b59clr0.002-wd0.2-minlr0-warmup4000-b10.9-c08a34
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophia6c3357lr0.002-wd0.2-minlr0-warmup4000-b10.9-daeacb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophia38a997lr0.002-wd0.2-minlr0-warmup4000-b10.9-184cfb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophia50bc78lr0.002-wd0.2-minlr0-warmup4000-b10.9-206787
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophia80e81dlr0.002-wd0.2-minlr0-warmup4000-b10.9-43e123
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophia25d3f7lr0.004-wd0.2-minlr0-warmup4000-b10.9-28a07e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophia6ff3cdlr0.008-wd0.2-minlr0-warmup4000-b10.9-7fae63
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophia691ac3lr0.002-wd0.2-minlr0-warmup4000-b10.9-3787c0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophiab5fcd7lr0.002-wd0.2-minlr0-warmup1000-b10.9-3ccf1b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophia3e9b4alr0.002-wd0.2-minlr0-warmup2000-b10.9-3c0c63
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-21B-sophia711944lr0.002-wd0-minlr0-warmup4000-b10.95--9bfa5a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiafff382flr0.004-wd0.1-minlr0-warmup4000-b10.9-f1648d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiaf8a1eb4lr0.004-wd0.1-minlr0-warmup4000-b10.8-b88dc2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophia727e1alr0.004-wd0.1-minlr0-warmup4000-b10.95-6fbf63
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiaf5a4caalr0.004-wd0.1-minlr0-warmup4000-b10.9-3b3a58
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiaf5093aclr0.004-wd0.1-minlr0-warmup4000-b10.9-f76ba7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiaqd032adlr0.004-wd0.1-minlr0-warmup4000-b10.9-2f3128
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiaff4bc42lr0.004-wd0.1-minlr0-warmup4000-b10.9-3cffe0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiaf602b10lr0.004-wd0.1-minlr0-warmup4000-b10.9-9d3420
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophia145319lr0.004-wd0.1-minlr0-warmup4000-b10.9--aa98b0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiaf6afd56lr0.004-wd0.1-minlr0-warmup4000-b10.9-c96ddc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiaf1c8974lr0.004-wd0.1-minlr0-warmup4000-b10.9-61cb81
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophia0bdec2lr0.004-wd0.1-minlr0-warmup4000-b10.9--3e79ae
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiafb81f4clr0.004-wd0.1-minlr0-warmup4000-b10.9-d0e589
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiaf48caf2lr0.002-wd0.1-minlr0-warmup4000-b10.9-419131
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiaf7ddcdelr0.008-wd0.1-minlr0-warmup4000-b10.9-c2af56
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophia65eca1lr0.016-wd0.1-minlr0-warmup4000-b10.9--549c14
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiaf839d52lr0.032-wd0.1-minlr0-warmup4000-b10.9-48299d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiafa82475lr0.004-wd0.1-minlr0-warmup4000-b10.9-fdbea7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophia5bfed8lr0.004-wd0.1-minlr0-warmup500-b10.9-b-c70282
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiaq10b06blr0.004-wd0.1-minlr0-warmup1000-b10.9-64a74d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophia5959balr0.004-wd0.1-minlr0-warmup2000-b10.9--480e3d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiad11a0flr0.004-wd0-minlr0-warmup4000-b10.9-b2-ca019c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiaf66c842lr0.004-wd0.2-minlr0-warmup4000-b10.9-cd3965
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-6B-sophiabcf6b6lr0.004-wd0.3-minlr0-warmup4000-b10.9--8f044b
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Table 100: Hyperparameter ablation for Sophia on 520m on 1x Chinchilla Data
B1 B € v n  BSZ warmup A\ Loss Link

0.95 0.9 1e-07 0.0125 0.002 128 4000 0.3 3.106 O

08 - - - - - - - 3.125
09 - - - - - - - 3.109
098 - - - - - - - 3.133
- 095 - - - - - - 3.111
- 098 - - - - - - 3.111
- 099 - - - - - - 6.571
- - lel7 - - - - - 3.116
- - lel2 - - - - - 3.116
- 0.00625 3.107
- - - 0025 - - - - 3.107
- - - - 0.004 - - - 6.940
- - - - - - 1000 - 6.908
- - - - - - 2000 - 6.823
- - - - - - - 0 3.148
- - - - - - - 0.1 3.113
- - - - - - - 0.2 3.105

W == === WK = WK =

F HYPERPARAMETER ABLATION IN PHASE II
We reported the results for the optimizers we swept in Phase II. The result is formulated in the same way as in

Phase 1.

F.1 SWEEPING RESULTS FOR ADAMW

Table 101: Hyperparameter ablation for AdamW on 300m on 2x Chinchilla Data

b1 Ba € 7N Gnorm Mmin BSZ warmup A Loss Link
0.9 0.98 le-15 0.008 1 0 128 2000 0.13.166 0

- - 0004 - - - - - 3167 1
- _ - - - - 256 - - 3170 2
_ — - — - - - 0.2 3.183 3

Table 102: Hyperparameter ablation for AdamW on 300m on 4x Chinchilla Data
b1 B2 € 7 Gnorm Tmin BSZ warmup A Loss Link
0.9 0.98 1e-10 0.008 2 0 256 2000 0.13.094 O

- — - 0.004 - - - - - 3.101 1
- - - - - - 128 - - 3103 2
- _ — - - - - - 0.23.103 3
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophia651c9blr0.002-wd0.3-minlr0-warmup4000-b10.9-46bf7a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophiaded744lr0.002-wd0.3-minlr0-warmup4000-b10.8-48fa58
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophiaed133clr0.002-wd0.3-minlr0-warmup4000-b10.9-5c6e5d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophia573a3clr0.002-wd0.3-minlr0-warmup4000-b10.9-b85ec2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophiad6af81lr0.002-wd0.3-minlr0-warmup4000-b10.9-529318
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophia216d9elr0.002-wd0.3-minlr0-warmup4000-b10.9-9d3974
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophia96c899lr0.002-wd0.3-minlr0-warmup4000-b10.9-44bd90
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophia7e95a0lr0.002-wd0.3-minlr0-warmup4000-b10.9-a73991
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophia60cf61lr0.002-wd0.3-minlr0-warmup4000-b10.9-29e8f1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophia3cb06elr0.002-wd0.3-minlr0-warmup4000-b10.9-fe954a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophia2ff52dlr0.002-wd0.3-minlr0-warmup4000-b10.9-5a41f7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophiaa0c3e4lr0.004-wd0.3-minlr0-warmup4000-b10.9-44481e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophiaf5bf56lr0.002-wd0.3-minlr0-warmup1000-b10.9-004174
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophia9787f8lr0.002-wd0.3-minlr0-warmup2000-b10.9-184312
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophia803389lr0.002-wd0-minlr0-warmup4000-b10.95--bb80cc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophia875379lr0.002-wd0.1-minlr0-warmup4000-b10.9-29288d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-10B-sophiac53c62lr0.002-wd0.2-minlr0-warmup4000-b10.9-c330ae
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-adamwbd209alr0.008-wd0.1-minlr0.0-warmup2000-b10.-25750f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-adamw065712lr0.004-wd0.1-minlr0.0-warmup2000-b10.-593504
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-adamwdef996lr0.008-wd0.1-minlr0.0-warmup2000-b10.-75d2a3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-adamwb1b055lr0.008-wd0.2-minlr0.0-warmup2000-b10.-63e273
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-adamw5dcabdlr0.008-wd0.1-minlr0-warmup2000-b10.9--5e75fb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-adamwae7cf4lr0.004-wd0.1-minlr0-warmup2000-b10.9--ee3fd2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-adamw07fc6elr0.008-wd0.1-minlr0-warmup2000-b10.9--459481
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-adamw4476fflr0.008-wd0.2-minlr0-warmup2000-b10.9--1eec01

Published as a conference paper at ICLR 2026

Table 103: Hyperparameter ablation for AdamW on 300m on 8x Chinchilla Data
b1 Bo € 7 Gnorm Tmin BSZ warmup A Loss Link
0.9 0.98 1e-10 0.008 2 0 256 2000 0.13.043 0

- - - 0004 - - - - - 3042 1
- - - - - - 128 -  —3057 2
- - ~ 023.059 3

Table 104: Hyperparameter ablation for AdamW on 520m on 2x Chinchilla Data

b1 Ba € 7 Gnorm Mmin BSZ warmup A Loss Link
0.9 0.98 1e-10 0.004 1 0 256 1000 0.23.023 0

- — - - - - 128 - - 6.654 1
- - - - - - - - 0.1 3.025 2

Table 105: Hyperparameter ablation for AdamW on 520m on 4x Chinchilla Data
b1 B2 € 7 Gnorm Tmin BSZ warmup A Loss Link
0.9 0.98 1e-10 0.004 1 0 256 1000 0.12958 0

- - - 0008 - - - - - 7075 1
- - - - - 128 - - 7139 2
- - - - ~ 022962 3

Table 106: Hyperparameter ablation for AdamW on 520m on 8x Chinchilla Data

b1 Ba € 7N Gnorm Mmin BSZ warmup A Loss Link
0.9 0.98 1e-10 0.004 1 0 256 1000 0.12913 0

- - - 0.008 - - - - - 7.183 1
- _ - - - - 128 - - 6932 2
- — - - - - - - 0.2 2921 3

F.2 SWEEPING RESULTS FOR CAUTIOUS

Table 107: Hyperparameter ablation for Cautious on 300m on 2x Chinchilla Data

b1 B2 € 7 Ynorm Mmin BSZ warmup A Loss Link
0.98 0.98 1e-25 0.008 1 0 256 2000 0.13.165 0

- — 0.004 - - - - - 3175 1
- — — - - - 128 - - 3171 2

Table 108: Hyperparameter ablation for Cautious on 300m on 4x Chinchilla Data

b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.98 0.98 1e-25 0.008 1 0 256 2000 0.13.094 0

- - - 0004 - - - -~ 3098 1
- - -~~~ 128 - - 3114 2
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-adamw07fc6elr0.008-wd0.1-minlr0-warmup2000-b10.9--b38246
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-adamw2537edlr0.004-wd0.1-minlr0-warmup2000-b10.9--a59fd5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-adamw6a50aflr0.008-wd0.1-minlr0-warmup2000-b10.9--22e2a7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-adamw7d9e60lr0.008-wd0.2-minlr0-warmup2000-b10.9--dfe5c9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-adamws9d215dlr0.004-wd0.2-minlr0-warmup1000-b10.9-d16851
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-adamwsffc6bdlr0.004-wd0.2-minlr0-warmup1000-b10.9-646b5d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-adamws529f50lr0.004-wd0.1-minlr0-warmup1000-b10.9-c43fcb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-adamwbc2b89lr0.004-wd0.1-minlr0-warmup1000-b10.9--50dbd9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-adamwf6bfb1lr0.008-wd0.1-minlr0-warmup1000-b10.9--c0b516
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-adamwf14f39lr0.004-wd0.1-minlr0-warmup1000-b10.9--48b1c7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-adamwffc6bdlr0.004-wd0.2-minlr0-warmup1000-b10.9--69bc03
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-adamwf14f39lr0.004-wd0.1-minlr0-warmup1000-b10.9--84afa9
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-adamw166f50lr0.008-wd0.1-minlr0-warmup1000-b10.9--397bf5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-adamw2b7ec2lr0.004-wd0.1-minlr0-warmup1000-b10.9--01c1ad
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-adamw61633blr0.004-wd0.2-minlr0-warmup1000-b10.9--1a26e3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-cautious008d65lr0.008-wd0.1-minlr0-warmup2000-b10-69dcda
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-cautious188cablr0.004-wd0.1-minlr0-warmup2000-b10-be1c3d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-cautious820e4dlr0.008-wd0.1-minlr0-warmup2000-b10-fe955e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-cautious820e4dlr0.008-wd0.1-minlr0-warmup2000-b10-fe0a65
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-cautious2e72c8lr0.004-wd0.1-minlr0-warmup2000-b10-13950f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-cautious1c558clr0.008-wd0.1-minlr0-warmup2000-b10-69130a
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Table 109: Hyperparameter ablation for Cautious on 300m on 8x Chinchilla Data
b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.98 0.98 1e-25 0.008 1 0 256 2000 0.13.043 0

- -~ 0004 - - - ~ — 3041 1
- - - - - 128 - —3071 2

Table 110: Hyperparameter ablation for Cautious on 520m on 2x Chinchilla Data
b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.98 0.98 1e-25 0.008 1 0 256 2000 0.13.017 O

- - 0.004 - - - - - 3.019 1
- - 128 - - >10 2

Table 111: Hyperparameter ablation for Cautious on 520m on 4x Chinchilla Data
b1 Do € N Gnorm Nmin BSZ warmup A Loss Link
0.98 0.98 1e-25 0.004 1 0 256 2000 0.1295 O

- - - 0.008 - - - - - 2959 1
- - 128 - - 2971 2

Table 112: Hyperparameter ablation for Cautious on 520m on 8x Chinchilla Data
b1 Do € M Gnorm Mmin BSZ warmup A Loss Link
0.98 0.98 1e-25 0.004 1 0 256 2000 0.12910 O

- - - 0.008 - - - - - 2919 1
- - 128 - - 2931 2

F.3 SWEEPING RESULTS FOR LION

Table 113: Hyperparameter ablation for Lion on 300m on 2x Chinchilla Data
b1 Bo M Gnorm Mmin BSZ warmup A Loss Link
0.9 098 0.001 1 0 128 2000 0.73.170 0O

- 09 - - - - - - 3.189 1
- 095 - - - - - - 3175 2
- - 0.0005 - - - - - 3172 3
- - - - - 256 - - 3183 4
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-cautious1c558clr0.008-wd0.1-minlr0-warmup2000-b10-cae294
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-cautious3f9d23lr0.004-wd0.1-minlr0-warmup2000-b10-a68907
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-cautious41cea2lr0.008-wd0.1-minlr0-warmup2000-b10-d0662d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-cautiousc38916lr0.008-wd0.1-minlr0-warmup2000-b10-e8000b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-cautious1579b5lr0.004-wd0.1-minlr0-warmup2000-b10-ef172f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-cautiousgd91085lr0.008-wd0.1-minlr0-warmup2000-b1-65a0d4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-cautious553798lr0.004-wd0.1-minlr0-warmup2000-b10-e08bbe
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-cautiousd91085lr0.008-wd0.1-minlr0-warmup2000-b10-50463b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-cautious6977a2lr0.004-wd0.1-minlr0-warmup2000-b10-27d459
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-cautious66b1b7lr0.004-wd0.1-minlr0-warmup2000-b10-d99a40
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-cautious33285clr0.008-wd0.1-minlr0-warmup2000-b10-260c3f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-cautious8ee009lr0.004-wd0.1-minlr0-warmup2000-b10-2ee0a2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-lion5aad2alr0.001-wd0.7-minlr0-warmup2000-b10.9-b-b039e3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-lionb554b6lr0.001-wd0.7-minlr0-warmup2000-b10.9-b-44d68f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-lion1d519dlr0.001-wd0.7-minlr0-warmup2000-b10.9-b-2aa8be
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-liond0e427lr0.0005-wd0.7-minlr0-warmup2000-b10.9--07e662
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-lion804c87lr0.001-wd0.7-minlr0-warmup2000-b10.9-b-d99925
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Table 114: Hyperparameter ablation for Lion on 300m on 4x Chinchilla Data

81 B2 M Gnorm Mmin BSZ warmup A Loss Link
0.9 0.98 0.001 1 0 256 2000 0.73.100 O

- 09 - - - - - - 3114 1
- 095 - - - - - - 3.103 2
- - 0.0005 - - - - - 3105 3
- - - - - 128 - - 3.104 4

Table 115: Hyperparameter ablation for Lion on 300m on 8x Chinchilla Data

b1 DBs M Gnorm Nmin BSZ warmup A Loss Link
0.9 098 0.001 1 0 256 2000 0.73.046 0

- 09 - - - - - - 3.058 1
- 09 - - - - - - 3.050 2
- - 0.0005 - - - - — 3.043 3
- - - - - 128 - - 3.061 4

Table 116: Hyperparameter ablation for Lion on 520m on 2x Chinchilla Data

b1 B2 M Gnorm Mmin BSZ warmup A Loss Link
0.9 0.95 0.001 1 0 128 2000 0.63.029 0

- 09 - - - - - - 3.045 1
- 098 - - - - - - 7779 2
- - 0.0005 - - - - - 3.028 3
- - - - - 256 - - 3.030 4

Table 117: Hyperparameter ablation for Lion on 520m on 4x Chinchilla Data

B1 P2 N Guorm Tmin BSZ warmup A Loss Link
0.9 0.95 0.001 1 0 256 2000 0.62965 O

- 09 - - - - - - 2971 1
- 098 - - - - - - 2965 2
- - 0.0005 - - - - - 2966 3
- - - - - 128 - - 2975 4

Table 118: Hyperparameter ablation for Lion on 520m on 8x Chinchilla Data

b1 Bo M Gnorm Mmin BSZ warmup A Loss Link
0.9 0.95 0.0005 1 0 256 2000 0.62915 0

- 09 - - - - - - 2922 1
- 098 - - - - - - 2915 2
- - 0.001 - - - - - 2920 3
- - - - - 128 - - 2922 4
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-lion5aad2alr0.001-wd0.7-minlr0-warmup2000-b10.9-b-edb7fa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-lionb554b6lr0.001-wd0.7-minlr0-warmup2000-b10.9-b-4d69db
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-lion1d519dlr0.001-wd0.7-minlr0-warmup2000-b10.9-b-a24dd3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-liond0e427lr0.0005-wd0.7-minlr0-warmup2000-b10.9--ab64aa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-lioneb1a25lr0.001-wd0.7-minlr0-warmup2000-b10.9-b-8b79ae
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-lioneb1a25lr0.001-wd0.7-minlr0-warmup2000-b10.9-b-2006af
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-lion2962dblr0.001-wd0.7-minlr0-warmup2000-b10.9-b-5ec1df
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-lion2842d8lr0.001-wd0.7-minlr0-warmup2000-b10.9-b-df0b7e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-lion698f3blr0.0005-wd0.7-minlr0-warmup2000-b10.9--6f8954
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-lion875c0alr0.001-wd0.7-minlr0-warmup2000-b10.9-b-a1a7a1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-lion30535dlr0.001-wd0.6-minlr0-warmup2000-b10.9-b-c72b9c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-lion6d497blr0.001-wd0.6-minlr0-warmup2000-b10.9-b-deb100
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-lion70e78flr0.001-wd0.6-minlr0-warmup2000-b10.9-b-bd75ef
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-lion9e353dlr0.0005-wd0.6-minlr0-warmup2000-b10.9--0e18f5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-lion4bc061lr0.001-wd0.6-minlr0-warmup2000-b10.9-b-979e97
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-lion30535dlr0.001-wd0.6-minlr0-warmup2000-b10.9-b-b687e1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-lion6d497blr0.001-wd0.6-minlr0-warmup2000-b10.9-b-d19dd3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-lion70e78flr0.001-wd0.6-minlr0-warmup2000-b10.9-b-fa40d0
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-lion9e353dlr0.0005-wd0.6-minlr0-warmup2000-b10.9--e8f576
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-lion2b623elr0.001-wd0.6-minlr0-warmup2000-b10.9-b-f4b0ad
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-lionf86a38lr0.0005-wd0.6-minlr0-warmup2000-b10.9--54ea21
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-lion75027blr0.0005-wd0.6-minlr0-warmup2000-b10.9--094576
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-lion1c2a3blr0.0005-wd0.6-minlr0-warmup2000-b10.9--fdc97c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-lion2b623elr0.001-wd0.6-minlr0-warmup2000-b10.9-b-a6a1ef
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-liond118d4lr0.0005-wd0.6-minlr0-warmup2000-b10.9--8f527b
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F.4 SWEEPING RESULTS FOR MARS

Table 119: Hyperparameter ablation for Mars on 300m on 2x Chinchilla Data

pi e € Y 7 Gnorm "min BSZ warmup A Loss Link
0.98 0.99 1e-25 0.05 0.008 1 0 128 1000 0.1 3.158 0

09 - - - - - - - — - 3174 1
095 - - - - - - - - - 3156 2
- - - - 0004 - - - - - 3168 3
- - - - - - - 25 - - 3171 4
- - - - - - =~ 2000 - 3159 5
- - - - - = = - 4000 - 3.167 6

Table 120: Hyperparameter ablation for Mars on 300m on 4x Chinchilla Data

81 Bo € ¥ 7 Gnorm "min BSZ warmup A Loss Link
0.98 0.99 1e-25 0.05 0.008 1 0 128 1000 0.1 3.097 O

09 - - - - - - - - - 3111 1
095 - - - - - - - - - 3.096 2
- - - - 0.004 - - - - - 3.095 3
- - - - - - - 256 - - 3.098 4
- - - - - - - - 2000 - 3.097 5
- - - - - - - - 4000 - 3.101 o6

Table 121: Hyperparameter ablation for Mars on 300m on 8x Chinchilla Data

b1 Bo € vy 7N Gnorm Mmin BSZ warmup A Loss Link
0.98 0.99 1e-25 0.05 0.008 1 0 256 1000 0.1 3.040 O

09 - - - - - - - — - 3049 1
095 - - - - - - - ~ - 3038 2
- - - - 0004 - - - ~ — 3046 3
- - - - - - - 128 - -3050 4
- - -~ ==~ 2000 - 3.049 5
- - = - ===~ 4000 - 3.043 6

Table 122: Hyperparameter ablation for Mars on 520m on 2x Chinchilla Data

b1 Do € ¥ M Gnorm Mmin BSZ warmup A Loss Link
0.95 0.98 1e-25 0.025 0.008 1 0 256 2000 0.13.015 0

09 - - - - - - - - - 3019 1
098 - - - - - - - - - 3014 2
- - - - 0004 - - - - - 3019 3
- - - - - - - 128 - -302 4
- - - - - = = = 1000 - 3.023 5
— - = - ===~ 4000 - 3019 6
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-marskbb066blr0.008-wd0.1-minlr0-warmup1000-b10.98-f75ea4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-marsk83eefflr0.008-wd0.1-minlr0-warmup1000-b10.9--e2df5c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-marskb945b4lr0.008-wd0.1-minlr0-warmup1000-b10.95-2538fa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-marsfd64d98lr0.004-wd0.1-minlr0-warmup1000-b10.98-e0cf98
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-marsk65640blr0.008-wd0.1-minlr0-warmup1000-b10.98-745d48
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-marskf7adbelr0.008-wd0.1-minlr0-warmup2000-b10.98-b861e3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-marskcd8133lr0.008-wd0.1-minlr0-warmup4000-b10.98-8a3bc4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-mars3a0394lr0.008-wd0.1-minlr0-warmup1000-b10.98--79e319
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-mars4adeb3lr0.008-wd0.1-minlr0-warmup1000-b10.9-b-56d9fa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-mars0c24e7lr0.008-wd0.1-minlr0-warmup1000-b10.95--e508fb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-mars98645clr0.004-wd0.1-minlr0-warmup1000-b10.98--72b012
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-marsbb066blr0.008-wd0.1-minlr0-warmup1000-b10.98--71162e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-mars3f97e6lr0.008-wd0.1-minlr0-warmup2000-b10.98--d090a1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-mars9edcd4lr0.008-wd0.1-minlr0-warmup4000-b10.98--b278a3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-mars3a0394lr0.008-wd0.1-minlr0-warmup1000-b10.98--b18370
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-mars4c3c64lr0.008-wd0.1-minlr0-warmup1000-b10.9-b-ccb8c7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-mars1b232dlr0.008-wd0.1-minlr0-warmup1000-b10.95--2bd6f5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-mars0f0b4flr0.004-wd0.1-minlr0-warmup1000-b10.98--98eb68
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-marsac45felr0.008-wd0.1-minlr0-warmup1000-b10.98--af6362
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-marsfe179elr0.008-wd0.1-minlr0-warmup2000-b10.98--8b1315
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-mars529c1blr0.008-wd0.1-minlr0-warmup4000-b10.98--47eaf7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-mars1ddcddlr0.008-wd0.1-minlr0-warmup2000-b10.95--e9c503
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-mars95d994lr0.008-wd0.1-minlr0-warmup2000-b10.9-b-82302a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-mars1125cblr0.008-wd0.1-minlr0-warmup2000-b10.98--1a971c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-mars79301dlr0.004-wd0.1-minlr0-warmup2000-b10.95--3c45f1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-mars50507flr0.008-wd0.1-minlr0-warmup2000-b10.95--4cefa8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-marse5a362lr0.008-wd0.1-minlr0-warmup1000-b10.95--03de08
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-mars6baa9blr0.008-wd0.1-minlr0-warmup4000-b10.95--dcbf07
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Table 123: Hyperparameter ablation for Mars on 520m on 4x Chinchilla Data

b1 Bo € ¥ M Gnorm Mmin BSZ warmup A Loss Link
0.95 0.98 1e-25 0.025 0.008 1 0 256 2000 0.12955 0

09 - - - - - - - - - 2960 1
098 - - - - - - - - - 2953 2
- - - - 0004 - - - - - 2953 3
- - - - - - - 128 - - 2974 4
- - - - — -~ — 1000 - 2964 5
— - = == === 4000 - 2956 6

Table 124: Hyperparameter ablation for Mars on 520m on 8x Chinchilla Data

b1 Do € ol M Gnorm Mmin BSZ warmup A Loss Link
0.95 0.98 1e-25 0.025 0.004 1 0 256 2000 0.12906 0

09 - - - - - - - - -2908 1
098 — - - - - - - - -20906 2
- - - - 0008 - - - - —2917 3
- -~~~ -~ 128 - - 20916 4
- - - - -~~~ 1000 - 2906 5
-~~~ Z 4000 - 2907 6

F.5 SWEEPING RESULTS FOR NADAMW

Table 125: Hyperparameter ablation for NAdamW on 300m on 2x Chinchilla Data
b1 Do € M Gnorm Mmin BSZ warmup A Loss Link
0.95 0.98 1e-10 0.008 1 0 128 2000 0.13.160 O

- - 0.004 - - - - - 3160 1
- — - - - - 256 - - 3165 2

Table 126: Hyperparameter ablation for NAdamW on 300m on 4x Chinchilla Data
b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.95 0.98 1e-10 0.008 1 0 256 2000 0.13.09 O

- — - 0.004 - - - - - 3.097 1
- — - - - - 128 - - 3.098 2

Table 127: Hyperparameter ablation for NAdamW on 300m on 8x Chinchilla Data
b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.95 0.98 1e-10 0.008 1 0 256 2000 0.13.039 0

- - - 0004 - - - - - 3039 1
- - -~ _  _ 128 -  —305 2
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-mars50507flr0.008-wd0.1-minlr0-warmup2000-b10.95--b5cf73
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-marsffc1cflr0.008-wd0.1-minlr0-warmup2000-b10.9-b-c89306
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-mars10209dlr0.008-wd0.1-minlr0-warmup2000-b10.98--1ae65b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-marsf1861clr0.004-wd0.1-minlr0-warmup2000-b10.95--ff7186
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-marsf698a0lr0.008-wd0.1-minlr0-warmup2000-b10.95--039978
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-mars396887lr0.008-wd0.1-minlr0-warmup1000-b10.95--61c217
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-mars5f83cclr0.008-wd0.1-minlr0-warmup4000-b10.95--d5771f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-mars995e4flr0.004-wd0.1-minlr0-warmup2000-b10.95--18e62c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-mars277fd9lr0.004-wd0.1-minlr0-warmup2000-b10.9-b-4a0179
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-marsb6a610lr0.004-wd0.1-minlr0-warmup2000-b10.98--b56c02
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-marsf698a0lr0.008-wd0.1-minlr0-warmup2000-b10.95--ce7d2d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-marse53488lr0.004-wd0.1-minlr0-warmup2000-b10.95--77623f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-mars1c70a7lr0.004-wd0.1-minlr0-warmup1000-b10.95--ef2ded
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-mars8bc425lr0.004-wd0.1-minlr0-warmup4000-b10.95--65ac2e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-nadamwd89df2lr0.008-wd0.1-minlr0-warmup2000-b10.9-07cb43
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-nadamw59ffb0lr0.004-wd0.1-minlr0-warmup2000-b10.9-f2e4bd
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-nadamwf15cf6lr0.008-wd0.1-minlr0-warmup2000-b10.9-3065ca
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-nadamwd89df2lr0.008-wd0.1-minlr0-warmup2000-b10.9-c667e7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-nadamw59ffb0lr0.004-wd0.1-minlr0-warmup2000-b10.9-53a554
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-nadamw506173lr0.008-wd0.1-minlr0-warmup2000-b10.9-aa9d7a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-nadamw506173lr0.008-wd0.1-minlr0-warmup2000-b10.9-a344a3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-nadamw511d7blr0.004-wd0.1-minlr0-warmup2000-b10.9-9099f5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-nadamwfd0717lr0.008-wd0.1-minlr0-warmup2000-b10.9-5665cf
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Table 128: Hyperparameter ablation for NAdamW on 520m on 2x Chinchilla Data
b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.98 0.98 1e-10 0.004 1 0 128 4000 0.13.013 0

- -  — 0008 - - - - - 3023 1
- - -~  _Z 2% -  —3020 2

Table 129: Hyperparameter ablation for NAdamW on 520m on 4x Chinchilla Data
b1 Do € M Gnorm Mmin BSZ warmup A Loss Link
0.98 0.98 1e-10 0.004 1 0 128 4000 0.12955 O

- - - 0.008 - - - - - 2971 1
- - - - - - 256 - - 2954 2

Table 130: Hyperparameter ablation for NAdamW on 520m on 8x Chinchilla Data
b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link

0.98 0.98 1le-10 0.004 1 0 256 4000 0.12907 O
- - - 0.008 - - - - - 2910 1
- - - - - - 128 - - 2913 2

F.6 SWEEPING RESULTS FOR ADAM-MINI

Table 131: Hyperparameter ablation for Adam-Mini on 300m on 2x Chinchilla Data

b1 Bo € 7 Gnorm "min BSZ warmup A Loss Link
0.9 0.98 1e-25 0.004 2 0 128 2000 0.23.178 0

- - - 0002 - - - - - 3180 1
- - - - - - 256 - - 6960 2
— -~ - — = = — 4000 - 3.183 3
- - - - - - ~ 013179 4

Table 132: Hyperparameter ablation for Adam-Mini on 300m on 4x Chinchilla Data

b1 Bo € 7 Gnorm Tmin BSZ warmup A Loss Link
0.9 0.98 1e-25 0.004 2 0 128 2000 0.13.103 0

- - - 0002 - - - — - 3111 1
- - - - - - 256 - - 3109 2
- - - = - = - 4000 - 3.104 3
i ~ 023111 4
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-nadamw0a1fe6lr0.004-wd0.1-minlr0-warmup4000-b10.9-2d3f42
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-nadamw999646lr0.008-wd0.1-minlr0-warmup4000-b10.9-e42d78
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-nadamw98f1d8lr0.004-wd0.1-minlr0-warmup4000-b10.9-727fdb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-nadamwcf9d95lr0.004-wd0.1-minlr0-warmup4000-b10.9-40428f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-nadamwbd85falr0.008-wd0.1-minlr0-warmup4000-b10.9-2ceead
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-nadamw0a1fe6lr0.004-wd0.1-minlr0-warmup4000-b10.9-2395f8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-nadamwcf9d95lr0.004-wd0.1-minlr0-warmup4000-b10.9-d09912
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-nadamwpbd85falr0.008-wd0.1-minlr0-warmup4000-b10.-9c80f6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-nadamwpe2b0f0lr0.004-wd0.1-minlr0-warmup4000-b10.-262c7c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-mini9676c0lr0.004-wd0.2-minlr0-warmup2000-b10.9-b-80350d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-mini4cf513lr0.002-wd0.2-minlr0-warmup2000-b10.9-b-df6367
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-mini65d3bflr0.004-wd0.2-minlr0-warmup2000-b10.9-b-79c803
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-minic35a69lr0.004-wd0.2-minlr0-warmup4000-b10.9-b-05ae30
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-minif8c6e5lr0.004-wd0.1-minlr0-warmup2000-b10.9-b-aa6c53
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-mini09d394lr0.004-wd0.1-minlr0-warmup2000-b10.9-b-4e8de7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-mini5d38a2lr0.002-wd0.1-minlr0-warmup2000-b10.9-b-951b01
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-minid571a7lr0.004-wd0.1-minlr0-warmup2000-b10.9-b-e475d2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-mini0831d8lr0.004-wd0.1-minlr0-warmup4000-b10.9-b-41a654
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-mini891741lr0.004-wd0.2-minlr0-warmup2000-b10.9-b-a97787
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Table 133: Hyperparameter ablation for Adam-Mini on 300m on 8x Chinchilla Data

b1 Bo € 7 Gnorm Tmin BSZ warmup A Loss Link
0.9 0.98 1e-25 0.002 2 0 128 2000 0.23.049 0

- - - 0.004 - - - - - 3.064 1
- - - - - - 256 - - 3052 2
- - - - - - - 4000 - 3.050 3
- - - - - - - - 0.1 3.051 4

Table 134: Hyperparameter ablation for Adam-Mini on 520m on 2x Chinchilla Data

b1 B2 € N Gnorm Mmin BSZ warmup A Loss Link
0.9 0.98 1e-10 0.004 1 0 128 4000 0.1 3.027 0

- - - 0002 - - - - - 3031 1
- - - - - - 256 - - 3032 2
- - - - - -~ 2000 - 7359 3
- - - - - - ~ 023037 4

Table 135: Hyperparameter ablation for Adam-Mini on 520m on 4x Chinchilla Data

b1 B2 € N Gnorm Mmin BSZ warmup A Loss Link
0.9 0.98 1e-10 0.004 1 0 128 4000 0.1 2966 0

- - - 0002 - - - - - 2963 1
- - - - - - 256 - -2963 2
- - - - - - - 2000 - 7529 3
- - - - - - - - 022981 4

Table 136: Hyperparameter ablation for Adam-Mini on 520m on 8x Chinchilla Data

b1 Bo € 7 Gnorm "min BSZ warmup A\ Loss Link
0.9 0.98 1e-10 0.004 1 0 256 4000 0.12912 0

- - - 0002 - - - - - 2918 1
- - - - - - 128 - - 291 2
- - - - - - - 2000 - 7449 3
- - - - - - - ~  023.025 4

F.7 SWEEPING RESULTS FOR MUON

Table 137: Hyperparameter ablation for Muon on 300m on 2x Chinchilla Data

Nadam B1 B2 Decay(WSD) e n  Schedule gnorm Mmin Bmuon €muon BSZ warmup M\ Loss Link

0.0024 0.8 0.98 0.8 le-15 0.008 linear 1 0 098 le05 128 0  0.13.143 0
- - - - - 0004 - - - - - - - - 3144 1
- - - - - - - - - - - 2% - - 3145 2
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-minic8695flr0.002-wd0.2-minlr0-warmup2000-b10.9-b-952cc4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-minid13807lr0.004-wd0.2-minlr0-warmup2000-b10.9-b-c8b391
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-mini54b665lr0.002-wd0.2-minlr0-warmup2000-b10.9-b-bb57bb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-mini8ec643lr0.002-wd0.2-minlr0-warmup4000-b10.9-b-efe5ba
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-mini293878lr0.002-wd0.1-minlr0-warmup2000-b10.9-b-f38163
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-mini4e584elr0.004-wd0.1-minlr0-warmup4000-b10.9-b-eceb71
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-mini3dba17lr0.002-wd0.1-minlr0-warmup4000-b10.9-b-557d40
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-mini89512clr0.004-wd0.1-minlr0-warmup4000-b10.9-b-66cd27
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-mini5c5f85lr0.004-wd0.1-minlr0-warmup2000-b10.9-b-9ff993
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-miniqbb0854lr0.004-wd0.2-minlr0-warmup4000-b10.9--8a1042
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-minikdfe5aclr0.004-wd0.1-minlr0-warmup4000-b10.9--5de7af
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-minik6bf656lr0.002-wd0.1-minlr0-warmup4000-b10.9--a9507c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-minik4e584elr0.004-wd0.1-minlr0-warmup4000-b10.9--3eca5c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-minikb765f6lr0.004-wd0.1-minlr0-warmup2000-b10.9--520ca1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-miniba6697lr0.004-wd0.2-minlr0-warmup4000-b10.9-b-2db890
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-minidfe5aclr0.004-wd0.1-minlr0-warmup4000-b10.9-b-a76572
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-mini6bf656lr0.002-wd0.1-minlr0-warmup4000-b10.9-b-aa645d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-mini6698b4lr0.004-wd0.1-minlr0-warmup4000-b10.9-b-0f2989
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-minib765f6lr0.004-wd0.1-minlr0-warmup2000-b10.9-b-e401ae
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-miniba6697lr0.004-wd0.2-minlr0-warmup4000-b10.9-b-137303
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-muon5de1eclr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-049a9e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-muon3a0740lr0.004-wd0.1-minlr0-warmup0-b10.8-b20.-732319
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-muon103aa7lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-2cbfa9
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Table 138: Hyperparameter ablation for Muon on 300m on 4x Chinchilla Data
Nadam P1 B2 Decay(WSD) € n  Schedule gnorm Mmin Bmuon €muon BSZ warmup A Loss Link

0.0012 0.8 0.98 0.8 le-150.004 linear 1 0 098 1e05 128 0 0.13.079 0
- - - - - 0008 - - - - - - - - 308 1
- - - - - - - - - - - 25 - - 3083 2

Table 139: Hyperparameter ablation for Muon on 300m on 8x Chinchilla Data
Nadam P1 P2 Decay(WSD) € 1 Schedule gnorm Mmin Bmuon Emuon BSZ warmup A Loss Link

0.0024 0.8 0.98 0.8 1e-15 0.008 linear 1 0 098 1e05 256 0  0.13.032 0
- - - - - 0004 - - - - - - - -3029 1
- - - - - - - - -~ 128 - - 3049 2

Table 140: Hyperparameter ablation for Muon on 520m on 2x Chinchilla Data
TNadam /61 ﬁQ DCC&y(WSD) € n Schedule Ynorm Tmin ﬁmuon €Emuon BSZ warmup A Loss Link

0.0012 0.8 0.98 1 1e-25 0.004 linear 2 0 098 1e05 128 0  0.13.002 0
- - - - - 0008 - - - - - - - - 3008 1
- - - - - - - - - - - 25 - -300 2

Table 141: Hyperparameter ablation for Muon on 520m on 4x Chinchilla Data
Nadam P1 B2 Decay(WSD) € 1 Schedule gnorm Mmin Bmuon Emuon BSZ warmup A Loss Link

0.0024 0.8 0.98 1 1e-25 0.008 linear 2 0 098 1e05 256 0 012945 0
- - - - - 0004 - - - - - - - - 2044
- - - - - - - - - - 128 - - 2963 2

Table 142: Hyperparameter ablation for Muon on 520m on 8x Chinchilla Data
Nadam B1 B2 Decay(WSD) e 1 Schedule gnorm Mmin Bmuon €muon BSZ warmup M Loss Link

0.0024 0.8 0.98 1 1e-25 0.008 linear 2 0 098 1le-05 256 0 0.1 2906 0
_ - — - 0.004 _ - - - - - - - 2900 1
_ - — - _ - - - - - 128 - - 2930 2

F.8 SWEEPING RESULTS FOR SCION

Table 143: Hyperparameter ablation for Scion on 300m on 2x Chinchilla Data
TNadam 51 DeC&Y(WSD) n Schedule Ynorm TImin ﬂmuon €scion BSZ warmup A Loss Link
0.0008 0.98 0.8 0.008 linear 2 0 095 le-05 128 0 0.13.152 0

- - - 0004 - - - - - - - - 3153 1
- - - - - - - - 256 - - 3154 2
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-muon25115alr0.004-wd0.1-minlr0-warmup0-b10.8-b20.-f7ddef
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-muond28b65lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-55461d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-muon3a0740lr0.004-wd0.1-minlr0-warmup0-b10.8-b20.-e71893
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-muond28b65lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-3e14c1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-muont25115alr0.004-wd0.1-minlr0-warmup0-b10.8-b20-983da2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-muonta4ae77lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-41c572
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-muon7ace6clr0.004-wd0.1-minlr0-warmup0-b10.8-b20.-748517
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-muon92eab1lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-02816a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-muonfcc2a8lr0.004-wd0.1-minlr0-warmup0-b10.8-b20.-f61e26
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-muon92eab1lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-f2fd04
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-muonrde8a35lr0.004-wd0.1-minlr0-warmup0-b10.8-b20-0393ec
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-muonc58c06lr0.008-wd0.1-minlr0-warmup0-b10.8-b20.-dfd7f2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-muongc58c06lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-498482
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-muong0ea950lr0.004-wd0.1-minlr0-warmup0-b10.8-b20-9ac240
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-muong1d8a02lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-913852
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-scion4b55fclr0.008-wd0.1-minlr0-warmup0-b10.98-gn-2aec1d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-scionac146alr0.004-wd0.1-minlr0-warmup0-b10.98-gn-3fb1ff
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-scion26da5flr0.008-wd0.1-minlr0-warmup0-b10.98-gn-81fece
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Table 144: Hyperparameter ablation for Scion on 300m on 4x Chinchilla Data

Nadam /81 Decay(WSD) n SChedUIe Ynorm Mmin Bmuon €scion BSZ warmup A Loss Link

0.0008 0.98 1 0.008 linear 2 0 095 1e-05 256 0  0.13.08 0
- - - 0004 - - - - - - -~ 3099 I
- - - - - - - - - 128 - - 309 2

Table 145: Hyperparameter ablation for Scion on 300m on 8x Chinchilla Data

Nadam 1 Decay(WSD) 1 Schedule gnorm Mmin Bmuon €scion BSZ warmup A Loss Link

0.0004 0.98 0.8 0.004  linear 2 0 095 le-05 128 0 0.13.039 0

- - 0.008  — - - - - - - - 3057 1
_ _ _ - - - -~ 256 - - 3037 2

Table 146: Hyperparameter ablation for Scion on 520m on 2x Chinchilla Data

Nadam 1 Decay(WSD) n  Schedule gnorm Mmin Bmuon €scion BSZ warmup A Loss Link

0.0004 0.98 1 0.004 linear 2 0 095 1e-05 128 0  0.13.007 0
- - - 0.008 - - - - - - - - 3015 1
- - - - - - - - - 256 - - 302 2

Table 147: Hyperparameter ablation for Scion on 520m on 4x Chinchilla Data

Nadam 1 Decay(WSD) n  Schedule gnorm Mmin Bmuon €scion BSZ warmup A Loss Link

0.0008 0.98 1 0.008 linear 2 0 095 1e-05256 0 0.12952 0
- - - 0004 - - - - - - - - 2952 1
- - - - - - - - 128 - -2970 2

Table 148: Hyperparameter ablation for Scion on 520m on 8x Chinchilla Data

Nadam 1 Decay(WSD) n  Schedule gnorm Mmin Bmuon €scion BSZ warmup A Loss Link

0.0004 0.98 1 0.004 linear 2 0 095 1e-05 256 0  0.12904 0
- - - 0.008 - - - - - - - - 20913 1
- - - - - - - - - 128 - - 2913 2

F.9 SWEEPING RESULTS FOR KRON

Table 149: Hyperparameter ablation for Kron on 300m on 2x Chinchilla Data

B1 blocksize 1 gnorm Nmin NormGrad Blocking Init,. npe ppe BSZ Stepp. warmup A Loss Link

095 256 0.001 1 0 True True I 0201 128 2000 1000 0.7 3.151 O

- - 00005 - - - - - - - - - - - 3157 1
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-scion5f20d1lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-d1d7e4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-scion5f85f9lr0.004-wd0.1-minlr0-warmup0-b10.98-gn-af9727
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-scion488717lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-f0adfa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-scion0ebd9blr0.004-wd0.1-minlr0-warmup0-b10.98-gn-c7b0e6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-scion60ecb7lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-da458a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-scione51587lr0.004-wd0.1-minlr0-warmup0-b10.98-gn-55b3ad
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-scioni268e92lr0.004-wd0.1-minlr0-warmup0-b10.98-g-a22c53
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-scioni941d43lr0.008-wd0.1-minlr0-warmup0-b10.98-g-7f3250
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-scioni310e59lr0.004-wd0.1-minlr0-warmup0-b10.98-g-d42b8b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-scion941d43lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-ab5aa7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-scion268e92lr0.004-wd0.1-minlr0-warmup0-b10.98-gn-26c45d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-scion32fc90lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-202a50
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-scionbe58eblr0.004-wd0.1-minlr0-warmup0-b10.98-gn-7658bc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-scion32fc90lr0.008-wd0.1-minlr0-warmup0-b10.98-gn-2fad85
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-scion6cf4fblr0.004-wd0.1-minlr0-warmup0-b10.98-gn-ec60f2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-kronb21812lr0.001-wd0.7-b10.95-plr0.2-pis1-gn1-no-48c292
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-kron7436a9lr0.0005-wd0.7-b10.95-plr0.2-pis1-gn1-n-68efd2
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Table 150: Hyperparameter ablation for Kron on 300m on 4x Chinchilla Data

B1 blocksize 1 gnorm Nmin NormGrad Blocking Init,e npe ppe BSZ Stepp. warmup A Loss Link
0.95 256 0.0005 1 0 True True 1 0.2 0.1 128 2000 1000 0.7 3.083 0
- - 0001 - - - - - - - - - - - 309 I

Table 151: Hyperparameter ablation for Kron on 300m on 8x Chinchilla Data

B1 blocksize 1 gnorm Mmin NormGrad Blocking Init,. npe ppe BSZ Stepp. warmup A Loss Link
095 256 0.0005 1 0 True True 1 020.1 128 2000 1000 0.7 3.031 O
- - 0.001 - - - - - - - - - - - 3074 1

Table 152: Hyperparameter ablation for Kron on 520m on 2x Chinchilla Data

B1 blocksize 1 gnorm Mmin NormGrad Blocking Init,. npe ppe BSZ Stepp. warmup A Loss Link
0.95 256 0.0005 1 0 True True 1 020.1 128 2000 1000 0.5 3.009 0
- - 0.001 - - - - - - - - - - - 3.009 1

Table 153: Hyperparameter ablation for Kron on 520m on 4x Chinchilla Data
B1 blocksize 1 gnorm Nmin NormGrad Blocking Init,. npe ppe BSZ Stepp. warmup A Loss Link

095 256 0.0005 1 0 True True I 0201 128 2000 1000 052946 O

- - 0001 - - - - - - - - - - - 2950 1

Table 154: Hyperparameter ablation for Kron on 520m on 8x Chinchilla Data
B1 blocksize 1 gnorm Nmin NormGrad Blocking Init,. 7y ppe BSZ Stepp. warmup A Loss Link

095 256 00005 1 0 True True 10201 128 2000 1000 052900 0
- - 0001 - - - - - - - - - - - 2909 |
- - - - - - - - - - 256 - - - 2902 2

F.10 SWEEPING RESULTS FOR SOAP

Table 155: Hyperparameter ablation for Soap on 300m on 2x Chinchilla Data

b1 B2 blocksize € 1N Gnorm Nmin Blocking fpe Bshampoo BSZ warmup A Loss Link

0.95 099 512 1e-10 0.008 1 0 True 10 0.9 128 1000 0.1 3.147 O

- - 128 - - - - - - - - - - 3154 1
- - 256 - - - - - - - - - - 3150 2
- - - - 0004 - - - - - - - - 3147 3
- - - - - - - - - 256 - - 3153 4
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-kronb55572lr0.0005-wd0.7-b10.95-plr0.2-pis1-gn1-n-9479df
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-kron7aa525lr0.001-wd0.7-b10.95-plr0.2-pis1-gn1-no-127f30
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-kronabb76feelr0.0005-wd0.7-b10.95-plr0.2-pis1-gn1-0ed5c4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-kronk1aa5b2lr0.001-wd0.7-b10.95-plr0.2-pis1-gn1-n-e34850
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-krona6b124lr0.0005-wd0.5-b10.95-plr0.2-pis1-gn1-n-6acf07
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-kron680ae4lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-405d3d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-kronf21245lr0.0005-wd0.5-b10.95-plr0.2-pis1-gn1-n-e5e732
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-kron644022lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-bbd127
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-kronc2a9f5lr0.0005-wd0.5-b10.95-plr0.2-pis1-gn1-n-7f654e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-kronea1c73lr0.001-wd0.5-b10.95-plr0.2-pis1-gn1-no-82b169
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-kronf21245lr0.0005-wd0.5-b10.95-plr0.2-pis1-gn1-n-6bceac
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-soapefe4b166lr0.008-wd0.1-minlr0-warmup1000-b10.9-cebb81
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-soapeb93333lr0.008-wd0.1-minlr0-warmup1000-b10.95-feb227
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-soape1f2d4flr0.008-wd0.1-minlr0-warmup1000-b10.95-78cbf5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-soapef97cdfclr0.004-wd0.1-minlr0-warmup1000-b10.9-dec1d6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-12B-soape63ad3blr0.008-wd0.1-minlr0-warmup1000-b10.95-b1cbe1
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Table 156: Hyperparameter ablation for Soap on 300m on 4x Chinchilla Data

61 /82 blocksize € n Inorm Tlmin BlOCkil’lg fpc Bsha’mpoo BSZ warmup A Loss Link
0.95 099 512 1e-10 0.008 1 0 True 10 0.9 256 1000 0.1 3.084 O

- - 128 - - - - - - - - - - 308 1
- - 256 - - - - - - - ~ -~ 3084 2
- - - - 0004 - - - - - - - - 308 3
- - - - - - - - - - 128 - - 3091 4

Table 157: Hyperparameter ablation for Soap on 300m on 8x Chinchilla Data

B1 B2 blocksize e 7 Gnorm Nmin Blocking fic Bshampoo BSZ warmup A Loss Link
095099 512 1e-10 0.008 1 0 True 10 0.9 256 1000 0.1 3.030 O

- - 128 - - - - - - - - -~ 3034 1
- - 256 - - - - - - - - - - 3032 2
- - - - 0004 - - - - - - - - 3031 3
- - - - - - - - - - 128 - - 3043 4

Table 158: Hyperparameter ablation for Soap on 520m on 2x Chinchilla Data
51 B2 blocksize € 7 Ynorm "min BlOCking fpc Bshampoo BSZ warmup A Loss Link
0.950.99 512  1e-10 0.008 1 0 True 10 095 256 1000 0.1 3.004 O

- - 128 - - - - - - - - - - 3013 1
- - 256 - - - - - - - - - - 3010 2
- - - - 0004 - - - - - - -~ 3008 3
- - - - - - - - - 128 - - 30ll 4

Table 159: Hyperparameter ablation for Soap on 520m on 4x Chinchilla Data

51 52 blocksize € n 9norm Tlmin BIOCking fpc Bshampoo BSZ warmup A Loss Link
0.95 099 512 1e-10 0.004 1 0 True 10 095 256 1000 0.1 2944 0

- - 128 - - - - - - - - - - 2048 1
- - 256 - - - - - - - - - - 2945 2
- - - -~ 0008 - - - - - - - - 2949 3
- - - - - - - - - 128 - - 20946 4

Table 160: Hyperparameter ablation for Soap on 520m on 8x Chinchilla Data

b1 B2 blocksize € 1N Gnorm Nmin Blocking fpe Bshampoo BSZ warmup A Loss Link
0.950.99 512 1e-10 0.004 1 0 True 10 095 256 1000 0.1 2.899 0
- - - - 0.008 - - - - - - - - 2906 1

G HYPERPARAMETER ABLATION IN PHASE III 1.2B EXPERIMENTS

We reported the results for the optimizers we swept in Phase III. The result is formulated in the same way as in
Phase I.
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-soapeie4b166lr0.008-wd0.1-minlr0-warmup1000-b10.9-9894a6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-soapeib93333lr0.008-wd0.1-minlr0-warmup1000-b10.9-811046
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-soapei1f2d4flr0.008-wd0.1-minlr0-warmup1000-b10.9-63b43e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-soapei97cdfclr0.004-wd0.1-minlr0-warmup1000-b10.9-97c1bf
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-24B-soapeie57080lr0.008-wd0.1-minlr0-warmup1000-b10.9-7a725d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-soapeae57080lr0.008-wd0.1-minlr0-warmup1000-b10.9-f53d36
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-soape98b16alr0.008-wd0.1-minlr0-warmup1000-b10.95-76e70a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-soapec59568lr0.008-wd0.1-minlr0-warmup1000-b10.95-dc6b11
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-soape9f5a41lr0.004-wd0.1-minlr0-warmup1000-b10.95-c462c4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-48B-soapea631a39lr0.008-wd0.1-minlr0-warmup1000-b10.9-9b5fd4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-soapea9baa74lr0.008-wd0.1-minlr0-warmup1000-b10.9-7994bc
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-soapeaf56540lr0.008-wd0.1-minlr0-warmup1000-b10.9-f05b1f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-soapea3d9681lr0.008-wd0.1-minlr0-warmup1000-b10.9-efedef
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-soapea5a76ddlr0.004-wd0.1-minlr0-warmup1000-b10.9-f115eb
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-21B-soapeaef50b6lr0.008-wd0.1-minlr0-warmup1000-b10.9-8aed93
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-soapepde58c5lr0.004-wd0.1-minlr0-warmup1000-b10.9-c834a4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-soapedb348f5lr0.004-wd0.1-minlr0-warmup1000-b10.9-b0ebf2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-soaped5aacdclr0.004-wd0.1-minlr0-warmup1000-b10.9-94f724
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-soapepef50b6lr0.008-wd0.1-minlr0-warmup1000-b10.9-0c8c99
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-42B-soapepa7a19flr0.004-wd0.1-minlr0-warmup1000-b10.9-868eca
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-soapeaa7a19flr0.004-wd0.1-minlr0-warmup1000-b10.9-fe941f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-520m-85B-soapew298532lr0.008-wd0.1-minlr0-warmup1000-b10.9-59eeb6
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G.1 SWEEPING RESULTS FOR ADAMW

Table 161: Hyperparameter ablation for AdamW on 1.2b on 1x Chinchilla Data

81 Bo € 7 Gnorm Mmin BSZ warmup A\ Loss Link
0.9 098 1e-10 0.002 2 0 256 2000 022905 O

095 - - - - - - - - 2.905
098 - - - - - - - - 2.909
- 09 - - - - - - - 2914
- 09 - - - - - - - 2909
~ _ 1e25 - — - - - - 2.907
- - le20 - - - - - - 2907
le-ls - - - - - - 2907
- — - 0.004 - - - - - 2916
- - - 0008 - - - - - 1347
- - _ 0 - - - - 2909 10
- - - 2908 11
- = — - - - 128 - - 2904 12
- _ - - - 512 - - 2928 13
- - - - - 1024 - - 2985 14
- = — - - - - 500 - 2917 15
- _ - - - - - 1000 - 2910 16
- _ — - - - - 4000 - 2912 17
- - — - - - - 0 2946 18
- - - - - - - - 0.1 2916 19

O 00 JON N B~ W=~

Table 162: Hyperparameter ablation for AdamW on 1.2b on 2x Chinchilla Data
b1 o € 7 Gnorm Mmin BSZ warmup A Loss Link
0.9 0.98 1e-10 0.002 1 0 256 1000 0.22.83 0

Table 163: Hyperparameter ablation for AdamW on 1.2b on 4x Chinchilla Data
b1 B2 € 7 Gnorm Tmin BSZ warmup A Loss Link

0.9 098 le-10 0.002 1 0 256 1000 022787 O

Table 164: Hyperparameter ablation for AdamW on 1.2b on 8x Chinchilla Data

B P2 € N Gnorm "Mmin BSZ warmup A Loss Link
0.9 0.98 1e-10 0.002 1 0 256 1000 022752 O

G.2 SWEEPING RESULTS FOR NADAMW

Table 165: Hyperparameter ablation for NAdamW on 1.2b on 1x Chinchilla Data
b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link

0.98 0.98 1e-10 0.004 1 0 256 4000 0.12902 O
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamwf115b7lr0.002-wd0.2-minlr0-warmup2000-b10.9--387e9f
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamwf17f49lr0.002-wd0.2-minlr0-warmup2000-b10.95-444ce8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamwcce254flr0.002-wd0.2-minlr0-warmup2000-b10.9-744305
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamwf7d5fdlr0.002-wd0.2-minlr0-warmup2000-b10.9--2217ed
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamwa250dblr0.002-wd0.2-minlr0-warmup2000-b10.9--91a988
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamwfb226elr0.002-wd0.2-minlr0-warmup2000-b10.9--56cdf6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamw269849lr0.002-wd0.2-minlr0-warmup2000-b10.9--f1a022
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamwb9e3belr0.002-wd0.2-minlr0-warmup2000-b10.9--3d8fda
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamw1edd23lr0.004-wd0.2-minlr0.0-warmup2000-b10.-92a750
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamw4476fflr0.008-wd0.2-minlr0-warmup2000-b10.9--5acee7
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamw6b42falr0.002-wd0.2-minlr0-warmup2000-b10.9--cddeaa
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamw9d306elr0.002-wd0.2-minlr0-warmup2000-b10.9--c16926
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamwc221ealr0.002-wd0.2-minlr0-warmup2000-b10.9--d14fe4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamwb10b19lr0.002-wd0.2-minlr0-warmup2000-b10.9--2fcef1
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamwf0dd70lr0.002-wd0.2-minlr0-warmup2000-b10.9--751ff8
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamw82e04dlr0.002-wd0.2-minlr0-warmup500-b10.9-b-4a7d30
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamw613e35lr0.002-wd0.2-minlr0.0-warmup1000.0-b1-25ef51
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamwf0120blr0.002-wd0.2-minlr0-warmup4000-b10.9--72e36e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamw400796lr0.002-wd0-minlr0-warmup2000-b10.9-b2-78071b
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-adamw8fd298lr0.002-wd0.1-minlr0-warmup2000-b10.9--2ccc79
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-48B-adamw7ebb9alr0.002-wd0.2-minlr0.0-warmup1000-b10.-994f23
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-96B-adamw71c224lr0.002-wd0.2-minlr0.0-warmup1000-b10.-66682a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-193B-adamw1eeba1lr0.002-wd0.2-minlr0.0-warmup1000-b10-44a428
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-nadamwf62d1blr0.004-wd0.1-minlr0.0-warmup4000-b10-642070
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Table 166: Hyperparameter ablation for NAdamW on 1.2b on 2x Chinchilla Data
b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.98 0.98 1e-10 0.004 1 0 256 4000 0.12833 0

Table 167: Hyperparameter ablation for NAdamW on 1.2b on 4x Chinchilla Data
b1 Bo € 7 Gnorm Mmin BSZ warmup A Loss Link
0.98 0.98 1e-10 0.004 1 0 256 4000 0.12785 O

Table 168: Hyperparameter ablation for NAdamW on 1.2b on 8x Chinchilla Data
b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link
0.98 0.98 1e-10 0.004 1 0 256 4000 0.12749 0

G.3 SWEEPING RESULTS FOR SOAP

Table 169: Hyperparameter ablation for Soap on 1.2b on 1x Chinchilla Data

B1 (B2 blocksize e 7 Gnorm Nmin Blocking fic Bshampoo BSZ warmup A Loss Link

095099 512 1e-10 0.004 1 0 True 10 09 256 1000 0.1 2940 O

Table 170: Hyperparameter ablation for Soap on 1.2b on 2x Chinchilla Data

b1 B2 blocksize € 1N Gnorm Nmin Blocking fpe Bshampoo BSZ warmup A Loss Link
0.95 099 512 1e-10 0.004 1 0 True 10 0.9 256 1000 0.1 2.829 O

Table 171: Hyperparameter ablation for Soap on 1.2b on 4x Chinchilla Data

b1 B2 blocksize € 1N Gnorm Nmin Blocking fpe Bshampoo BSZ warmup A Loss Link
095 0.99 512 1e-10 0.004 1 0 True 10 0.9 256 1000 0.1 2783 0

Table 172: Hyperparameter ablation for Soap on 1.2b on 8x Chinchilla Data

Bl BQ blocksize € 7 Ynorm "min BlOCking fpc Bs}zampoo BSZ warmup A Loss Link
0.95 099 512 1e-10 0.004 1 0 True 10 0.9 256 1000 0.1 2.749 O

G.4 SWEEPING RESULTS FOR MUON

Table 173: Hyperparameter ablation for Muon on 1.2b on 1x Chinchilla Data
Nadam B1 B2 Decay(WSD) e 1 Schedule gnorm Mmin Bmuon €muon BSZ warmup M\ Loss Link
0.0012 0.8 0.98 1 le-15 0.004 linear 2 0 098 1le-05 256 0 0.1 2.891 0
- - - - - 0008 - - - - - - - - 2886 |
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-48B-nadamwcb7c09lr0.004-wd0.1-minlr0.0-warmup4000-b10-cf4ac5
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-96B-nadamw8e7088lr0.004-wd0.1-minlr0.0-warmup4000-b10-3c3e6a
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-193B-nadamwa486b9lr0.004-wd0.1-minlr0.0-warmup4000-b1-563e6e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-soapebf16d04f58lr0.004-wd0.1-minlr0.0-warmup1000--82b8d3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-48B-soapeweightf32ae127elr0.004-wd0.1-minlr0.0-warmup-000547
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-96B-soapeweightf321bf579lr0.004-wd0.1-minlr0.0-warmup-7fd4b6
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-193B-soapeweightf32ebf088lr0.004-wd0.1-minlr0.0-warmu-029405
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-muon42df73lr0.004-wd0.1-minlr0.0-warmup0.0-b10.8--70a4b4
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-24B-muonw84ef30lr0.008-wd0.1-minlr0.0-warmup0.0-b10.8-5ee5b3
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Table 174: Hyperparameter ablation for Muon on 1.2b on 2x Chinchilla Data

Nadam P1 B2 Decay(WSD) € n  Schedule gnorm Mmin Bmuon €muon BSZ warmup A Loss Link
0.0012 0.8 0.98 1 le-15 0.004 linear 2 0 098 1e-05 256 0 0.1 2.827 0
- 0.008 - - - - - - - 2833 1

Table 175: Hyperparameter ablation for Muon on 1.2b on 4x Chinchilla Data
Schedule gnorm Nmin Bmuon €muon BSZ warmup A Loss Link

Nadam 61 [7)2 DeCﬁy(WSD) € n
0.0012 0.8 0.98 1 le-15 0.004 linear 2 0 098 1le-05 256 0 0.1 2780 0
- 0.008 - - - - - - - - 2793 1

Table 176: Hyperparameter ablation for Muon on 1.2b on 8x Chinchilla Data
7 Schedule gnorm Mmin Bmuon €muon BSZ warmup M Loss Link

098 1le-05 256 0 0.1 2748 0

B2 Decay(WSD) e
le-15 0.004 linear 2 0

Nadam /81
0.0012 0.8 0.98 1

H HYPERPARAMETER ABLATION IN PHASE III 16X CHINCHILLA
EXPERIMENTS

H.1 SWEEPING RESULTS FOR ADAMW

Table 177: Hyperparameter ablation for AdamW on 130m on 16x Chinchilla Data
b1 B2 € 7 Gnorm "min BSZ warmup A Loss Link

0.9 0.98 le-10 0.008 1 0 256 1000 0.1 3207 O

Table 178: Hyperparameter ablation for AdamW on 300m on 16x Chinchilla Data
b1 Po € 7 Gnorm "min BSZ warmup A Loss Link

0.9 0.98 1e-10 0.004 2 0 256 2000 0.13.001 O

H.2 SWEEPING RESULTS FOR NADAMW

Table 179: Hyperparameter ablation for NAdamW on 130m on 16x Chinchilla Data
b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link

0.95 0.98 1e-10 0.008 1 0 256 2000 0.13200 O

Table 180: Hyperparameter ablation for NAdamW on 300m on 16x Chinchilla Data
b1 Bo € M Gnorm Mmin BSZ warmup A Loss Link

0.95 0.98 1e-10 0.004 1 0 256 2000 0.12998 O
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-48B-muon09cdeclr0.004-wd0.1-minlr0.0-warmup0.0-b10.8--4f2850
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-48B-muonforce3466c6lr0.008-wd0.1-minlr0.0-warmup0.0-b-6cf36e
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-96B-muon5ad2a1lr0.004-wd0.1-minlr0.0-warmup0.0-b10.8--05a146
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-96B-muonforced13606lr0.008-wd0.1-minlr0.0-warmup0.0-b-fc19f3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-1.2b-193B-muon4a7234lr0.004-wd0.1-minlr0.0-warmup0.0-b10.8-2335ab
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-42B-adamwdf6bfb1lr0.008-wd0.1-minlr0-warmup1000-b10.9-c5d61d
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-96B-adamwfcee97lr0.004-wd0.1-minlr0-warmup2000-b10.9--18b705
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-42B-nadamw6383f8lr0.008-wd0.1-minlr0-warmup2000-b10.9-d7e8d3
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-96B-nadamw860e52lr0.004-wd0.1-minlr0-warmup2000-b10.9-8d9fe1
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H.3 SWEEPING RESULTS FOR SOAP

Table 181: Hyperparameter ablation for Soap on 130m on 16x Chinchilla Data

B1 B2 blocksize e 1N Gnorm Nmin Blocking fpe Bshampoo BSZ warmup A Loss Link
095099 512 1e-10 0.008 1 0 True 10 098 256 1000 0.1 3.191 O

Table 182: Hyperparameter ablation for Soap on 300m on 16x Chinchilla Data

51 52 blocksize € n 9norm Tlmin BlOCkng fpc Bshampoo BSZ warmup A Loss Link
0.95 099 512 1e-10 0.004 1 0 True 10 0.9 256 1000 0.1 2.990 O

H.4 SWEEPING RESULTS FOR MUON

Table 183: Hyperparameter ablation for Muon on 130m on 16x Chinchilla Data

Nadam P1 B2 Decay(WSD) € n  Schedule gnorm Mmin Bmuon €muon BSZ warmup A Loss Link
0.0012 0.8 0.98 1 1e-25 0.004 linear 1 0 098 1e-05 128 0 0.1 3.192 0
- - - — 0008 - - - Tk2m 1

Table 184: Hyperparameter ablation for Muon on 300m on 16x Chinchilla Data
Nadam P1 B2 Decay(WSD) € 1 Schedule gnorm Mmin Bmuon €muon BSZ warmup A Loss Link
0.0012 0.8 0.98 0.8 le-15 0.004 linear 1 0 098 le-05 256 0 0.1 2991 0

I COMPARISON WITH PRIOR WORK

This paper benchmarks the performance of 11 proposed optimizers and show vastly different speed-up
ratio than prior works reported. In this section, we will compare the setup of our experiments with
prior works with the hope of understanding the difference.

1. Sophia Liu et al. (2024a) (2x) This work utilizes a small peak learning rate of learning rate
smaller than 6e-4 (similar to the one shown in Figure 1 Top Left). The reason for the small peak
learning rate is likely 2-fold: (i) the authors are training on a pretraining dataset PILE with lower
quality compared to the current pretraining dataset and (ii) in the implementation of Levanter that
the authors used, the data shuffling is not completely random and instead is correlated on every
compute node. Upon reproducing the results, we note that this difference can significantly impact
the stability of the training process and a complete random shuffling is crucial for the usage of a
large learning rate.

2. MARS Yuan et al. (2025) (2x) This papers considers a similar setup as Sophia and uses a similar
AdamW baseline. We note that in the first version of the paper, the authors also reported that
increasing the learning rate of AdamW to 3e-3 can significantly improve the performance of
AdamW (see Figure 6 of Yuan et al. (2025) arxiv version 1).

3. Soap Vyas et al. (2025) (1.4x) The actual speedup of Soap on 300M and 520M models are
1.2 to 1.3 %, which is only slightly lower than the claimed 1.4x speedup. We note that our
implementation of Soap is slightly different from the one used in the paper that we performs
blocking of weight in order to reduce the memory footprint and further uses bfloat16 for the
momentum in the 1.2B experiments. Both modifications may lead to slightly lower step-wise
performance.
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https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-42B-soape1786aelr0.008-wd0.1-minlr0-warmup1000-b10.95-c390d2
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-96B-soapef479bb0lr0.004-wd0.1-minlr0-warmup1000-b10.9-ef8190
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-42B-muona84ae6lr0.004-wd0.1-minlr0-warmup0-b10.8-b20.-7e0789
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-130m-42B-muoncedd383lr0.008-wd0.1-minlr0-warmup0-b10.8-b20-89555c
https://wandb.ai/marin-community/optimizer-scaling/runs/sweep-300m-96B-muonf26f61lr0.004-wd0.1-minlr0-warmup0-b10.8-b20.-ab5ce4
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4. Muon Jordan et al. (2024); Liu et al. (2025a) (2x) The speedup of Muon reported in different
works are vastly different. In the original Nanogpt speedrun, Muon achieves 1.3 x speedup over
AdamW. Later the reproduction of Kimi reported a much higher speedup of 2x. We note that the
Kimi version utilizes a notably low learning rate for AdamW (8e-4 to 9e-4 for model between
400M to 1.5B) in the scaling experiments. We also note that the smaller learning rate is important
for hyperparameter transfer from AdamW when roughly matching the update norm and AdamW
can perform better higher learning rate in our experiments. Further, their comparison of Muon and
AdamW on the MoE experiments compare two models with not fully decayed learning rate and
this may significantly favors Muon, as shown in Figure 1. It is later shown independently in the
work of Essential AI Al et al. (2025) that Muon’s token efficiency compared to AdamW is only
1.1to 1.2x.

5. Cautious Liang et al. (2025), Block-wise Learning Rate Adam Wang et al. (2025), FOCUS Liu
et al. (2025c¢) report 2x speedup over AdamW. These papers use a similar baseline as Sophia and
MARS.

6. SWAN Ma et al. (2025) and DION Ahn et al. (2025) report 2-3x speedup over AdamW. The
comparison between these two optimizers and AdamW is carried out on a smaller than 1x
Chinchilla regime, where the speed-up of matrix-based optimizer may be larger. We also note that
we didn’t consider the communication cost, which is the main focus of DION.

7. SPlus Frans et al. (2025) reports a 2x speedup over AdamW. This work considers an atypical
setup where the model is trained with a constant learning rate.

J  VALIDITY OF COORDINATE DESCENT

J.1 THEORETICAL GUARANTEES FOR COORDINATE DESCENT

Here, we provide a theoretical result showing that, assuming (i) each hyperparameter is discretized
densely enough, and (ii) the hyperparameter-to-loss function contains no saddle points, classical
results from block coordinate descent theory guarantee CD convergence to a locally optimal configu-
ration.

Definition 1 (Hyperparameter Search Space). The hyperparameter search space S is the set of all
possible hyperparameter configurations h = (hy, ..., hq) where all h; € [L;, R;] for some lower
and upper bounds L; and R;.

Definition 2 (Coordinate Descent). The coordinate descent (CD) algorithm with grid size § is an
iterative algorithm that minimizes a loss function L(h) through the following steps:

1. Discretize the search space S into a grid of size ¢ to get a set S = {h € S : h; =
Li + j6 for some j € {0, ..., Bizti}y,

2. Initialize h(®) = (hgo), cey héo)) randomly on the grid S;.

3. Update h§k+1) to the value in Ss that minimizes £L(h**1)) and at most one coordinate of
h**Y can be different from h(¥).

Run this procedure until the loss value converges.

Assumption 3 (Regularity of the hyperparameter-to-loss function). The hyperparameter-to-loss
Sfunction L : S — R satisfies the following conditions:

1. All stationary points are either strict local minimimizers or strict local maximizers.

VL(h) =0 = V2L(h}) = Aor V2L(RE) < —A.

2. The hyperparameter on the boundary is not coordinate-wise optimal in the sense that,
if h € Ss and h;y = L;, then VL(h); < 0. Similarly, if h € Ss and h; = R;, then
VL(h); > 0.

3. It is a C? smooth function, i.e., |VL(h) — VL(h')|2 < L|h — h'||2 and |V2L(h) —
V2L(W) |« < M||h — W|| for some constants L, M > 0 and all h,h’ € S;.
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Theorem 4. For any loss function L(h) that satisfies Theorem 3, there exists constant C, such that
the converged hyperparameter h found by the CD algorithm with grid size 6 (Theorem 2), there
exists a corresponding local minimum b’ of L(h) such that the regret on the loss value is bounded by

Cs2.
L(hy) — LK) < C52.

Proof. By Assumption 3, we know that the
Lemma 5. hj satisfies that |V L(h})||2 < dLd.

Proof. The proof is by contradiction. Suppose that |VL(h})|l2 > dLd. Then, there exists a
dimension ¢ such that |[VL(h});| > Lé. By symmetry, we can assume that VL(R}); > Ld.

We now discuss by cases, assume e; is the ¢-th standard basis vector.

» If b5 — de; € Ss, because L is smooth, we have the following inequality:

L§?
L(1; = bex) < £(R5) + VL) (—bei) + sl

L 2
< L(hy) — L2+ 2

2
< L(hy).
This contradicts the assumption that h is a converging point for the CD algorithm.

o If hj — de; ¢ S5, then let hp 5 on the boundary S satisfy that ||hg s — h}|2 < 0 and
(hp,s)i — (h}), is parallel to e;. By smoothness,

IVL(hp,s) — VL(h;)|l2 < L||hp,s — hi|2 < L.
Meanwhile, due to Assumption 3, we know that VL(hp s); < 0.
IVL(hs g) — VLMD > VLM): — (VL 5))s > L

This leads to a contradiction.
The proof is complete. ]

Further, we can show that the converged hyperparameter b is not close to any of the local maximizers
of L(h).

Lemma 6. For every minimizer h* of L(h), there exists a radius R = 4/ ﬁ > 0 around h*, the loss

L is locally \/2 strongly convex and satisfies the Polyak-Lojasiewicz condition at the ball B(h*, R).
N 1
L(h) = L{17) < 51 IVL(R) 13-

Symmetrically, for every maximizer h*, the negated loss —L is locally \/2 strongly convex and
satisfies the Polyak-Lojasiewicz condition at the ball B(h*, R).

Proof. Because h* is a minimizer, we have that VL(h*) = 0 and by Theorem 3, we know that
V2£(h*) = A\

Further as the loss L is C? smooth, we have that

Whe BN, R), [V2L() — V2L, < Mih— b3 < MR = .

Therefore, Vh € B(h*, R), V2L(h) = /2. Therefore, the Polyak-Lojasiewicz condition is satisfied
as the loss L is strongly convex when restricted to the ball B(h*, R). O
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We will first show that the converged hyperparameter A} is not close to any of the local maximizers
of L(h).

Lemma 7. There exists a radius R = 4/ ﬁ > 0,If h} is the converged hyperparameter found by the
CD algorithm with grid size 6, for any local maximizer ' of L(h), we have that |hs — I'||2 > R/2.

Proof. We will prove by contradiction. Suppose that |2} — h||s < R/2. By Lemma 6, we know that
the negated loss —L is /2 strongly convex. And by Lemma 5, we know that || VL(h})||2 < dLé.
Therefore, we know that h} will be closed to h’ as strong convexity of —L implies

2 2
Ih = sl < SIVEM)2 < SdL6.

Smoothness then implies that £(h}) is close to L(R').

2d2L3
A2

* L *
£(R5) = £(H) 2 =5 I = 3 = == 6%,

Further, we can show that for any h € (B(h', R) — B(W/, 4d(L/X)%/%5)) N S, the loss value will be
smaller than £(h}) due to the local strong concavity of L.

£(h) — L) < 0 — W

As
8d2L3
I = B3 = =02,
Then we have that,
N 242 L3
L(h}) > L(W) — " 52

A
> L(W) = S h = W3 > L(h).

As L(h}) is a converged point for the CD algorithm, we know that it has the smallest loss value in
the following set:
{h5 —ide; :i €Z}NS.

Let N = [4d(L/)\)?/? 4 17, when ¢ is small enough, we know either h; — Nde; or h% + Née; is
in the set {h} —ide; : i € Z} N S and the distance between either of them to A’ is smaller than R
and larger 4d(L/))?/25. This is a contradiction. The proof is then complete. O

Now we can prove the main theorem, showing that the regret on the loss value is bounded by C§2.
Now consider the set of all stationary points of £(h) to be S* = {h* : VL(h*) = 0} and define the

neighborhood of h* to be N(S*) = {h € S : 3h* € S*,||h — h*||2 < \/ 537 }- As the gradient of L

is continuous and S is compact, we know that there exists a lower bound on the gradient norm in
S — N(S5%), i.e., there exists a constant 7y > 0 such that

Vh e §— N(S*), [VL(R) 2 > 7.

For all 0 < g, by Lemma 5, we know that the converged hyperparameter A5 found by the CD

algorithm with grid size § satisfies that | VL(h})|l2 < dLdé < . Therefore, b} € N(S*). By Theo-
rem 7, we know that hJ is not close to any of the local maximizers of L(h). Therefore, there exists a

corresponding local minimizer A of £(h) such that ||k} — h}|l2 < /337

Further by Lemma 6, we know that
d*L?

1
®\ < *\ 12 < 2.
L(hg) = L) < S IVERDIE < S0
Therefore, the regret on the loss value is bounded by C'§2? with C' = d;§2 . O
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J.2  BENIGNITY OF THE HYPERPARAMETER OPTIMIZATION FROM PRIOR WORKS

Our theoretical result relies on the following benignity condition on the hyperparameter optimization
problems: all stationary points are strict local minima. While it is not computationally feasible to
check this condition for all hyperparameters, we investigate some prior works studying the interactions
between two hyperparameters and find that this condition is often satisfied when constrained to the
2-dimensional hyperparameter search space.

1. You et al. (2017; 2019); Marek et al. (2025); Li et al. (2025a) study the interactions between
batch size and learning rate. As shown in the Figure 1 of Li et al. (2025a), the loss surface is
near quasi-convex with respect to learning rate and batch size and only contains one basin.

2. Bergsma et al. (2025) study the interactions between weight decay and batch size. As shown
in the Figure 4 of Bergsma et al. (2025), the loss surface is near quasi-convex with respect
to weight decay and batch size and only contains one basin.

3. Marek et al. (2025) study the interactions between learning rate and 2. As shown in the
Figure 1 of Marek et al. (2025), the loss surface is near quasi-convex with respect to learning
rate and f3; is near quasi-convex and only contains one basin.

J.3  VALIDATION OF THE BENIGNITY OF THE HYPERPARAMETER OPTIMIZATION IN OUR
EXPERIMENTS

We validate the benignity of the hyperparameter optimization in our experiments by performing 2
dimensional sweeping for the hyperparameters in Muon 130M 1x Chinchilla regime. We consider the
following three pairs of hyperparameters: (learning rate, batch size), (learning rate, weight decay),
and (learning rate, WSD decay ratio). The results are shown in the Figure 10.

Heatmap: Loss by LR and BZ Heatmap: Loss by LR and WD Heatmap: Loss by LR and DR
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Figure 10: Validation of the benignity of the hyperparameter optimization in our experiments settings.
We observe that the loss surface is near quasi-convex with respect to the learning rate and other
hyperparameters. The blue star marks the optimal hyperparameter configuration in these sweeping
and it is the one we found by our coordinate descent procedure.

K ABLATIONS ON THE EFFECT OF BATCH SIZE

We conduct a sweep across different model sizes, training budgets, and batch sizes to understand how
the speedup between AdamW and Muon changes with the batch size. Due to time constraints, we
adopt the hyperparameter found in our experiments and only sweep the learning rate when we change
the batch size.

Our experiments cover 130M and 300M parameter models trained with varying Chinchilla ratios
using both AdamW and Muon optimizers. We also scale up to 1.2B parameter model in the 1x
Chinchilla ratio to further confirm the results. We first show the aggregated results on the best
performance of the two optimizers across different model sizes, training budgets, and batch sizes
in Figure 11. We observe two phenomena: (i) the loss values increase as the batch size increases
for both optimizers; (ii) Muon’s loss increases slower than AdamW’s, leading to a larger speedup
between the two optimizers as the batch size increases.

K.1 RESULTS FOR LEARNING RATE SWEEP

We make the following observations on how the learning rate scale with the batch size:
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Figure 11: Minimum achievable loss as a function of batch size for different model sizes and
Chinchilla ratios. We observe a general upward trend in the loss values as the batch size increases for
both optimizers but Muon’s loss decreases slower than AdamW'’s.
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Figure 12: Learning rate sweep results. Each subplot shows evaluation loss on C4 as a function of

learning rate (scaled by y/BatchSize/128) for different training budgets. Different colors represent
different batch sizes, with blue for Muon and red for AdamW.

* Square root scaling until critical batch size. We confirm prior works You et al. (2017;
2019); Marek et al. (2025) that the learning rate scales with the square root of the batch size
until a certain batch size is reached, where the optimal learning rate tends to a constant. We
observe this phenomenon in our experiments for both Muon and AdamW.

* Training budget effects: As the training budget increases (higher Chinchilla ratios), the
optimal learning rate tends to decrease, and the loss curves become less sensitive to learning
rate selection.

Based on our experiments, we provide the following recommendations for practitioners:

1. Batch Size Scaling:

* Use LRyew = LRypyse X /BatchSize,ey /BatchSizepsse

* Larger batch sizes (up to 512) can be used without performance loss when learning
rate is properly scaled

2. Optimizer Choice:
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* If the goal is to reach a decent loss as quickly as possible, use Muon with the largest
batch size can be potentially beneficial as this can combine the benefits of Muon in
larger batch size setting and Muon’s memory efficiency. This also reduces the step-wise
overhead of Muon over AdamW.

* If the goal is to reach the optimal loss given a fixed amount of data, use Muon with the
smallest batch size will likely lead to the best performance.

L ADDITIONAL EXPERIMENTS ON THE LEARNING RATE SCHEDULE USED FOR
MUON

In response to the reviewer’s problem on the linear learning rate schedule used for Muon, we
performed additional experiments to investigate the effect of the learning rate schedule. We consider
swapping the linear learning rate schedule with the cosine learning rate schedule in the Muon 130M
1x Chinchilla regime. The results are shown in the Figure 13. We observe very minimal difference in
the loss values between the two learning rate schedules (less than 2e-3 on the loss value).

Muon Cosine vs Linear Learning Rate Schedule
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Figure 13: Validation of the effect of the cosine learning rate schedule in the Muon 130M 1x
Chinchilla regime.

M COMPUTE BREAKDOWN

M.1 SUMMARY

* Total unique tuples: 150

e Total runs: 4,281

* Total tracked hours: 7542.52
« Total GFLOPs: 186.42T

H100 GPU HOURS (USING 989 TFLOPS As 1 H100 THROUGHPUT)

* H100 Equivalent Hours: 52,359.48
* H100 Equivalent Days: 2,181.64
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* H100 Equivalent Years: 5.98

M.2 PHASEI - 61 UNIQUE TUPLES

All 130m (except 42B and 48B), All 300m 6B, All 520m 10B

PHASE SUMMARY
e Total GFLOPs: 79.31T

Total Runs: 3,772

Total Hours: 5,456.01
H100 Equivalent Hours: 22,275.52
H100 Equivalent Years: 2.54

# Model Data

Optimizer GFLOPs Runs Hours

1
2
3

Nele BEN Mo NV, BN N

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

520m
520m
520m
130m
130m
130m
130m
520m
520m
520m
520m
520m
520m
130m
130m
130m
520m
130m
300m
130m
300m
300m
300m
130m
130m
300m
130m
130m
300m
300m
130m
130m
130m
130m
130m
300m
130m
130m
130m
130m

10B
10B
10B
21B
21B
21B
21B
10B
10B
10B
10B
10B
10B
21B
10B
10B
10B
21B
6B

10B
6B

6B

6B

10B
21B
6B

10B
10B
6B

6B

21B
10B
21B
21B
10B
6B

5B

2B

2B

2B

sophia 6.0T 129 704.55
scion 45T 76 110.03
mini 45T 90 150.58
soap 44T 130 383.35
sophia 4.0T 135 807.47
mars 29T 73 111.81
muon 26T 61 46.06
mars 24T 83 52.30
kron 24T 53 36.88
muon 23T 40 64.85
soap 22T 60 233.62
nadam 21T 37 33.01
adam 20T 46 33.66
scion 1.7T 81 79.11
scion 1.7T 95 73.27
soap 1.5T 126 283.55
cautious 1.5T 30 18.11
cautious 14T 38 57.20
sophia 1.4T 95 239.74
muon 1.3T 102 113.12
mars 12T 67 56.56
mini 12T 61 46.15
scion 1.2T 133 59.51
adam 1.1T 53 45.03
kron 1.0T 28 9.60
soap 1.0T 62 114.65
sophia 1.0T 72 133.75
mars 1.0T 48 54.55
cautious 9934B 55 35.11
adam 991.9B 47 29.86
nadam 951.5B 22 10.37
kron 936.9B 54 64.66
adam 908.3B 21 8.98
mini 874.6B 21 30.64
mini 802.5B 38 19.16
muon 766.3B 35 17.28
soap 745.4B 76 186.13
kron 706.1B 141 94.43
muon 671.0B 134 81.45
soap 565.3B 124 102.08

Continued on next page
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Table 185 — continued from previous page

# Model Data Optimizer GFLOPs Runs Hours
41 130m 2B  scion 544.8B 114 61.91
42 130m 5B  scion 543.0B 52 25.65
43 130m 5B  mars 532.6B 71 29.89
44 300m 6B  kron 503.6B 36 9.28
45 130m 2B  sophia 476.6B 103 133.70
46 130m 10B nadam 4758B 22 31.92
47 130m 10B cautious 4758B 22 37.10
48 300m 6B  nadam 459.8B 21 13.76
49 130m 5B  sophia 4283B 50 87.75
50 130m 5B  cautious 400.1B 37 15.60
51 130m 5B  muon 3784B 35 13.23
52 130m 2B  cautious 3542B 66 38.16
53 130m 2B adam 2082B 61 31.99
54 130m 198B adam 2812B 14 8.39
55 130m 5B  kron 2487B 25 8.03
56 130m 5B adam 2487B 23 11.60
57 130m 5B nadam 227.1B 21 7.10
58 130m 5B  mini 227.1B 21 8.03
59 130m 2B nadam 195.7B 43 21.50
60 130m 2B  mini 156.8B 32 13.67
61 130m 2B  mars 145.1B 31 15.52
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M.3 PHASE II - 54 UNIQUE TUPLES

All other 300m and 520m (except 96B and 171B)

PHASE SUMMARY
 Total GFLOPs: 70.98T
 Total Runs: 407
e Total Hours: 1,749.34

» H100 Equivalent Hours: 19,936.05
* H100 Equivalent Years: 2.28

# Model Data Optimizer GFLOPs Runs Hours

1 520m
2 520m
3 520m
4 520m
5 520m
6 300m
7 520m
8 520m
9 300m
10 520m
11 520m
12 520m
13 520m
14 520m
15 300m
16 520m
17 520m
18 300m
19 300m
20 300m
21 520m
22 520m
23 300m
24 520m
25 520m
26 520m
27 300m
28 520m
29 300m
30 520m
31 300m
32 300m
33 300m
34 300m
35 300m
36 300m
37 520m
38 520m
39 520m
40 300m
41 520m
42 520m

85B
85B
85B
85B
42B
48B
85B
85B
48B
85B
85B
42B
42B
42B
48B
85B
42B
48B
24B
12B
21B
21B
48B
42B
42B
21B
24B
21B
48B
42B
24B
48B
48B
24B
48B
24B
21B
42B
21B
12B
21B
21B

mini 6.8T
mars 6.2T
scion 4.8T
soap 4.2T
soap 3.2T
mini 2.8T
adam 2.8T
nadam 21T
mars 2.0T
muon 1.9T
cautious 1.9T
mini 1.9T
scion 1.9T
mars 1.7T
soap 1.6T
kron 1.5T
adam 14T
scion 1.4T
mini 1.3T
adam 1.2T
mini 1.1T
soap 1.0T
adam 1.0T
muon 1.0T
cautious 930.2B
scion 924.4B
soap 913.9B
mars 847.6B
muon 804.4B
nadam 726.5B
scion 706.7B
nadam 620.5B
cautious 618.1B
mars 613.0B
kron 525.5B
adam 493.5B
adam 484.4B
kron 484.4B
cautious 408.4B
mini 394.1B
nadam 363.3B
muon 363.3B

14 12.14
13 42.15
10 117.56
14 115.94
17 199.24
16 159.03
6 24.80
5 2225
12 83.16
6.14
1.56
7.24
70.32
2.53
64.89
103.75
35.14
21.83
13.11
19.60
20.59
73.19
26.27
22.76
27.42
9.76
63.52
7.57
29.87
23.79
22.70
21.27
23.69
8.48
19.21
22.71
16.16
16.26
2.95
16.15
11.28
1.22
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Continued on next page
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Table 186 — continued from previous page

# Model Data Optimizer GFLOPs Runs Hours
43 300m 12B mars 357.8B 12 16.32
44 300m 24B cautious 350.3B 4 13.28
45 300m 24B nadam 350.3B 4 1542
46 300m 12B soap 262.8B 12 41.53
47 300m 24B kron 262.7B 3 16.24
48 300m 24B muon 262.7B 3 17.06
49 520m 21B kron 242.2B 2 11.80
50 300m 12B scion 218.9B 5 196
51 300m 12B cautious 175.2B 4 343
52 300m 12B nadam 131.4B 3 131
53 300m 12B muon 131.4B 3 5098
54 300m 12B kron 131.4B 3 581
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M.4 PHASE III — 32 UNIQUE TUPLES

All 1.2B, 130m 42B, 520m 171B, 300m 96B

PHASE SUMMARY

» Total GFLOPs: 36.13T

e Total Runs: 102

e Total Hours: 337.17
» H100 Equivalent Hours: 10,147.90
* H100 Equivalent Years: 1.16

# Model Data Optimizer GFLOPs Runs Hours
1 1.2b 24B adam 8.9T 41 135.65
2 1.2b 193B muon 3.2T 3 11.88
31.2b 193B soap 29T 2 15.39
4 1.2b 193B adam 21T 2 1.13
512b 96B muon 2.1T 2 6.5
6 1.2b 193B nadam 21T 1 096
7 1.2b  96B soap 1.3T 2 1993
8 1.2b 96B nadam 1.1T 2 1.13
912b 96B adam 1.1T 2 842
10 1.2b 48B muon 1.1T 2 1.03
11 1.2b 48B soap 1.0T 3 26.58
12 520m 171B soap 968.7B 1 12.07
13 520m 171B kron 968.7B 1 037
14 520m 171B nadam 968.7B 1 934
15 1.2b 24B soap 693.8B 10 21.04
16 520m 171B adam 645.9B 1 12.08
17 520m 171B muon 600.7B 1 722
18 1.2b 48B nadam 528.5B 2 091
19 1.2b 24B muon 525.4B 2 137
20 1.2b 48B adam 525.4B 1 078
21 300m 96B adam 366.4B 2 079
22 300m 96B nadam 350.3B 1 11.23
23 300m 96B soap 350.3B 1 1.38
24 300m 96B kron 350.3B 1 0.39
25 300m 96B muon 350.3B 1 077
26 130m 42B muon 346.0B 8 11.42
27 1.2b 24B kron 262.7B 1 745
28 1.2b 24B nadam 262.7B 1 0.70
29 130m 42B soap 86.5B 1 771
30 130m 42B nadam 86.5B 1 0.39
31 130m 42B kron 86.5B 1 049
32 130m 42B adam 86.5B 1 040

* Total Unique Tuples (normalized): 147

Total GFLOPs: 186.42T
e Total Runs: 4,281

e Total Hours: 7,542.52

* H100 Equivalent Years: 5.98

H100 Equivalent Hours: 52,359.48
H100 Equivalent Days: 2,181.64
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