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ABSTRACT

While large and diverse datasets have driven recent advances in large models, iden-
tifying the optimal data mixture for pre-training and post-training remains a sig-
nificant open problem. We address this challenge with FASTMIX, a novel frame-
work that automates data mixture discovery while training only a single proxy
model. Instead of relying on predefined heuristics or resource-intensive simu-
lations, FASTMIX jointly optimizes mixture coefficients and model parameters,
substantially improving efficiency and scalability over prior approaches. At the
core of FASTMIX is a reformulation of mixture selection as a bilevel optimiza-
tion problem. Under this reformulation, we show that optimizing mixture ratios
is mathematically equivalent to assigning per-source loss weights under uniform
source sampling. This embeds the mixture coefficients directly into the differen-
tiable iterative optimization objective, enabling efficient, gradient-based optimiza-
tion of both mixture and model. To solve the optimization problem, FASTMIX
implements an approximate iterative optimization procedure, alternating between
(1) updating model parameters on data sampled according to current mixture ratios
(inner loop) and (ii) updating mixture ratios based on validation feedback (outer
loop). Across pre- and post-training, FASTMIX outperforms baselines while dras-
tically reducing search cost: in pre-training, it attains an average score of 48.2
with 1.3 GPU-hours (x550 vs. RegMix; x55 vs. CLIMB), and in post-training
(SFT) it leads with 65.4 with a +-5.5 gain over the next best, completing search in
2.2 GPU-hours compared to the 115 GPU-hours required by CLIMB/RegMix.

1 INTRODUCTION

The performance of large-scale models (Yang et al., 2024b; Dubey et al., 2024; Touvron et al., 2023;
Hu et al., 2024) depends critically on the data used for training. While large and diverse datasets
have driven recent advances, identifying the optimal data mixture for pre-training (Shukor et al.,
2025) and post-training (Dong et al., 2023) remains a significant challenge.

Popular methods such as manual trial-and-error (Yang et al., 2023; Tong et al., 2024) or proxy-based
methods (Liu et al., 2024; Diao et al., 2025) often do not scale well as models grow larger. For
example, proxy-based search methods such as RegMix (Liu et al., 2024) and CLIMB (Diao et al.,
2025) have demonstrated strong generalization and stability, yet they require training a large number
of proxy models during the search. This results in prohibitive computational overhead, making
mixture optimization increasingly impractical as both models and datasets continue to expand. The
central question is thus: how can we efficiently determine effective data mixtures for large-scale
training?

We address this challenge with FASTMIX, a novel framework that automates data mixture discovery
while training only a single proxy model. Instead of relying on predefined heuristics or resource-
intensive simulations, FASTMIX jointly optimizes mixture coefficients and model parameters, sub-
stantially improving efficiency and scalability over prior approaches. At the core of FASTMIX is a
reformulation of mixture selection as a weighted bilevel optimization problem in Eq.(2). Specifically,
we show that optimizing mixture ratios is mathematically equivalent to assigning per-source loss
weights under uniform source sampling. This reparameterization embeds the mixture coefficients
directly into the differentiable iterative optimization objective, enabling efficient, gradient-based op-
timization of both mixture and model. To solve the optimization problem (Maclaurin et al., 2015;
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Figure 1: Average Performance versus Time-cost (GPU Hours) comparison for various data mixture
strategies. (a) Pre-training: Our proposed FASTMIX (ours) method achieves the highest perfor-
mance with the lowest time-cost. The annotations highlight that it is up to 55x more time-efficient
than CLIMB (Diao et al., 2025) and 550 x more time-efficient than RegMix (Liu et al., 2024), while
providing a significant performance gain. (b) Post-training: In this setting, FASTMIX (ours) again
demonstrates state-of-the-art performance and time-efficiency, outperforming RegMix with a 52 %
reduction in time-cost and gaining an additional 5.5 performance points over CLIMB. This illus-
trates the superior trade-off between performance and time cost achieved by our method.

Franceschi et al., 2018), FASTMIX implements an approximate iterative optimization procedure,
alternating between (i) updating model parameters on data sampled according to current mixture
ratios (inner loop) and (ii) updating mixture ratios based on validation feedback (outer loop) via a
gradient-based optimizer (Kingma & Ba, 2014).

Extensive evaluations demonstrate that FASTMIX optimizes data mixtures across model scales and
tasks in both pre-training and post-training, outperforming baselines at a fraction of the computa-
tional cost (See Fig. 1). In pre-training, it delivers a top average score of 48.2 and rank 1 across
14 benchmarks (best on 9) with just 1.3 GPU-hours, achieving x550 faster than RegMix (Liu et al.,
2024) and %55 than CLIMB (Diao et al., 2025). In post-training (SFT), a math-tuned mixture gener-
alizes to coding and STEM-QA, reaching 65.4 (+5.5 over next best) in 2.2 GPU-hours versus more
than 115 GPU-hours for CLIMB/RegMix. Overall, FASTMIX makes mixture optimization practical
and scalable for next-generation large models.

2 RELATED WORK

The rapid progress of large models (Dubey et al., 2024; Touvron et al., 2023; Allal et al., 2024;
Yang et al., 2023; 2024a) relies heavily on strategically mixing data from diverse sources, spanning
languages (Yang et al., 2023), modalities (Gunasekar et al., 2023; Yang et al., 2024b), and difficulty
levels (He et al., 2025). This data mixture problem (Ge et al., 2024) presents fundamental challenges
not only in pre-training (Shukor et al., 2025; Dubey et al., 2024; Yang et al., 2024b) but also in post-
training (Dong et al., 2023; Ming et al., 2025; Tong et al., 2024). Early practice largely relied on
manual heuristics, which lack standardization and often fail to generalize across settings. More
recently, optimization-based approaches (Xie et al., 2024; Fan et al., 2023; Liu et al., 2024) have
been introduced to automate mixture selection.

Proxy-based methods (Xie et al., 2024; Liu et al., 2024; Diao et al., 2025) adopt a two-phase
design in which a proxy model is trained under candidate mixtures and its performance is used to
infer optimal sampling ratios. For example, DoReMi (Xie et al., 2024) trains a small proxy to adjust
domain weights based on relative losses, then reuses the optimized ratios to train a larger model.
RegMix (Liu et al., 2024) scales this idea by training hundreds of proxy models under different
ratios, fitting a regression model on the resulting mixture-performance pairs, and extrapolating the
optimal mixture. CLIMB (Diao et al., 2025) improves efficiency by iteratively refining the search
region, reducing the number of proxy models required. Other works (Ye et al., 2024a; Shukor
et al., 2025; Kang et al., 2024) study cross-scale transfer: Shukor et al. (2025) provide theoretical
and empirical evidence that mixtures found on small models generalize to larger ones, while Ye
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et al. (2024a); Kang et al. (2024) report functional relationships between mixture proportions and
performance.

In contrast, dynamic methods (Chen et al., 2024; Ming et al., 2025; Albalak et al., 2023) remove
the separate search phase by adjusting mixtures on the fly. IDEAL (Ming et al., 2025), for instance,
leverages influence functions (Koh & Liang, 2017) to estimate domain contributions to downstream
performance and to dynamically rebalance training data.

Overall, proxy-based methods such as RegMix and CLIMB generally achieve stronger and more
stable performance than dynamic approaches, but at substantial computational cost. Our method,
FASTMIX, preserves the reliability of proxy-based optimization while cutting search time from
hundreds of GPU-hours to nearly one, achieving both higher efficiency and stronger generalization.

3  FASTMIX

3.1 PROBLEM REFORMULATION WITH REPARAMETERIZATION

Data Mixture as a Bi-level Optimization Problem. Formally, data mixture optimization can be
posed as a bilevel optimization problem. Let D = {D1,..., Dy} be a collection of data sources
(or clusters), and let « € A C RF denote the mixture weights, where the feasible set A is the
probability simplex (o; > 0 and Zle o; = 1). Given mixture o and model parameters w, the
training objective is Lyin(D,w | «). Let w*(a) be the parameters obtained by (approximately)
optimizing this training objective under a.. The target is to find mixture weights a* that minimize
the validation loss, i.e., Larget(w) = £ya(V, w) evaluated at w* (cv):

k
min Lrarget (w*(a)) st w"(a) = argmin Ly, (D,w|oz), Zai =1, a; >20. (H
=1

where the inner-loop aims to find the optimal model weights w* («) by minimizing the training loss
on the dataset given mixture weights «. The outer-loop then seeks to optimize these mixture weights
« to minimize the model’s final loss on target tasks.

While the bi-level formulation is conceptually appealing, it is difficult to solve in practice. The crux
is handling the mixture weights «. Unlike model parameters w, which admit efficient gradient-based
updates, mixture (sampling) ratios are typically non-differentiable, precluding end-to-end backprop-
agation. Consequently, practitioners resort to greedy heuristics or policy-gradient (score-function)
updates to adjust . These procedures are sample-inefficient and scale poorly with the number of
data sources, turning mixture search into a dominant computational bottleneck.

Differentiable Formulation. Through a simple reparameterization, we recast the original bilevel
problem into a mathematically equivalent, fully differentiable objective. The key idea is to replace
stochastic sampling by mixture ratios with per-source, differentiable loss weights applied under uni-
form sampling, so that each sources contribution is controlled continuously via its weight, yielding
the following formulation:

k k
min Learget (w* (a)) st w'(a) = arg Hgnz i Lirain (Di7 w), Z a; =1, a; >0, )
i=1 i=1

where Lyqin(D;, w) denotes the models training loss on source D;, computed under uniform source
sampling (each source selected with probability 1/k). The inner-loop finds the optimal model
weights, w*(«), by minimizing a weighted sum of the training losses from k different data domains.
The data mixture weight av; serves as the weight for each domain’s loss. The outer-loop then aims to
optimize these proportions o to minimize the model’s loss on target tasks. This reparameterization
is key: rather than treating mixture ratios as non-differentiable sampling probabilities, we reinter-
pret them as continuous coefficients that scale each sources loss. Consequently, the mixture weights
a = (ai,...,q) are fully differentiable and amenable to gradient-based optimization. Standard
optimizers (e.g., SGD or Adam) can then jointly update the model parameters and the data weights,
enabling efficient end-to-end training.

Proof of equivalence. Let D = Ule D; denote the union of k data sources (or clusters), and let
a = (a1, ..,q) be mixture weights with >, a; = 1, oy > 0. To sample a training example x,
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Algorithm 1: FASTMIX Optimization Algorithm
0

1: Initialize model parameters w°, mixture weights o, inner-loop duration n; and outer-loop
duration ns.
cfort=0,1,..., 7 —1do

if (t) mod n; # 0 then

W N

4: // Inner loop: update model parameters (e.g., via the SGD optimizer, and we can change
this update rule to other optimizers, like Adam (Kingma & Ba, 2014))

5. wtt  wt — gt Ak, a%ﬁlmm(Di,w”)]

. w wt ’

6: else

7: /I Outer loop: update mixture weights (e.g., via the SGD optimizer, and we can change
this update rule to other optimizers, like Adam (Kingma & Ba, 2014))

O Larger witn2
8: at‘H —aot -t — 3(at )
9: endif
10: end for

final

11: Output: the optimized mixture weight ¢"™* after the final outer loop update.

first draw a source index ¢ ~ Cat(«), then sample x ~ D;. The training loss under this mixture
sampling is
k
Ligain(D,w | @) = ]EiNCat(a) Eznp; [Z(w, w)] = Z i Ligain(Di, w), 3
i=1
where ¢(z,w) is the per-example loss and Lyin(D;, w) = Eyp, [((x, w)] is the expected loss on
source D;. Thus, under mixture sampling, the expected training loss is a convex combination of the
per-source losses, with coefficients given by the mixture ratios.

3.2 HOW TO OBTAIN BETTER GENERALIZATION PERFORMANCE?

Like most AutoML algorithms, FASTMIX requires a search target, typically defined as a perfor-
mance metric on a held-out validation set. However, relying on validation performance alone can
lead to overfitting to quirks of the validation data and limited transferability to new scenarios. To
improve generalization, we propose two complementary strategies: (i) entropy-based regularization
to encourage diversity among mixture weights, and (ii) incorporating training loss into the search
target to balance validation and training signals.

Entropy-based regularization. Entropy regularization prevents the mixture distribution from col-
lapsing onto a narrow subset of data sources. Given mixture weights (v, .. ., a) across k sources,

we add the penalty Rentropy = Zle a; log a;;. Minimizing this term discourages overly peaked dis-
tributions, promoting more uniform weight allocation. This reduces sensitivity to spurious validation
patterns and improves robustness by leveraging multiple data sources.

Training loss as an auxiliary target. We further integrate the training loss into the search objective
to complement the validation signal. While the validation term reflects out-of-sample generalization,
the training term measures how effectively the model fits the mixture as a whole. Combining the
two reduces over-reliance on the limited validation set and guides the search toward mixture ratios
that generalize more reliably across both in-domain and out-of-domain data.

Joint objective. Together, entropy regularization and the auxiliary training loss yield the following
search objective:

k
Lurger(w) = byaa(w) + B Lugain(w) + A ailoga, O]

i=1
where 5 > 0 and A > 0 are trade-off hyperparameters. Empirically, A is set to a small value
(e.g., 107°) to encourage diversity without dominating the optimization, while 3 is most effective at
moderate values (e.g., 0.1). We provide a detailed sensitivity analysis of these hyperparameters in
our ablation studies. Overall, these two strategies substantially improve the generalization ability of
FASTMIX, enabling it to discover mixtures that not only perform strongly on validation benchmarks
but also transfer robustly to broader real-world applications.
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3.3 OPTIMIZATION

Although the reparameterized formulation enables end-to-end differentiation over both model pa-
rameters and data mixtures, the resulting bilevel problem is still difficult to solve directly. Accord-
ingly, we adopt an iterative procedure (Alg. 1) that alternates between updating the model parameters
and the mixture weights (Maclaurin et al., 2015; Liu et al., 2018; Pedregosa, 2016; Franceschi et al.,
2018). The two key steps are outlined below.

(i) Inner loop (network parameter update). Given current mixture weights !, the model param-
eters w are updated for n, steps via stochastic gradient descent (SGD) to minimize the weighted
training 108S Lyxin

8( Z?:l O‘E‘Ctrain(Di: wt))
ow? ’

where Lyin(D;, w) denotes the models training loss on source D;, computed under uniform source

sampling (each source selected with probability 1/k). This is repeated for n; iterations. Other

gradient-based optimizers, such as Adam (Kingma & Ba, 2014), are compatible with our framework.
After n; updates, we denote the resulting parameters as w! ",

t+1
w+

®

—w' —nl,

(ii) Outer loop (mixture weight update). The mixture weights o are then updated using validation
feedback Liyger- Specifically, the model is trained for n iterations with the previous mixture weights
o', and the resulting parameters w't™2 are evaluated on the validation loss Liarger. The mixture
weights are updated as:

t
t+1 t ¢ OLarget (w +n2)
. e

©)

In effect, a'*! is updated according to how the validation loss responds after 7 steps of training
under . This naturally assigns larger weights to data sources that contribute more to improving
validation performance. A key consideration is how the gradient is estimated, since this directly
impacts both the direction of updates and the efficiency of the search.

In the special case ny = 1 with SGD updates, the gradient of the validation loss with respect to o/
yields a closed-form solution:

a‘ctarget (wt+1) _ aﬁtarget(wt+1) 8wt+1

dat i+l Jal = _773; Valva(V, wt—H) * Vi Ligain (Di wt)y @)

where D; denotes the i-th training source. This shows that per-source training losses directly shape
the mixture gradients. The following derivation shows why the formula holds. Under the SGD up-
date rule, the weights w at time ¢ + 1 are updated based on the gradient of the loss function with re-
spect to the mixture coefficients a: w1 = wt—nt V,, [Zle Al Ligin(D;, w")]. Taking the deriva-

. . t+1
tive of w!™! with respect to af, we get: ag)a;‘ = a%g wt —nt, Vi (Z?zl o £[min(Dj,wt))}.

Since w! is independent of of, the derivative of the first term is zero. Due to the linearity of the deriva-

: . . t+1
tive and the sum, only the term corresponding to aﬁ remains, hence, agaé = —nfu V w Lirain (Di wt).

The formulation in Eq.(7) can be intuitively understood as follows: The gradient with respect to
«; is proportional to the alignment between (i) the validation gradient V,, ¢y, (V, wt“) and (ii)
the training gradient from source D;, V, Liain( D, wt). If these gradients are aligned (positive
dot product), the derivative — nfu Vwlyal - Vo Liain (D;, wt) is negative, so a gradient-descent step
on «; increases its weight, emphasizing sources whose updates also reduce the validation loss. If
they are opposed (negative dot product), the derivative is positive and a step decreases «;, down-
weighting sources that harm validation performance. Near-orthogonality yields small updates. Thus,
the procedure reallocates mass toward data sources whose training signals most effectively improve
the validation objective.

When ny > 1, deriving a closed-form gradient becomes intractable, requiring finite-difference ap-
proximations or similar techniques, which are often unstable and inefficient. In contrast, ny = 1
admits a closed-form gradient that is both computationally efficient and empirically effective. Addi-
tional discussion of the multi-step case is provided in the Sec.4.3.1.
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3.4 HANDLING NON-DIFFERENTIABLE CASES

Our optimization algorithm is designed for settings where both Liaree and Ly are differentiable.
However, in practice, non-differentiable situations may arise. We discuss two representative cases
below.

Non-differentiable targets. One common challenge arises when the objective function is non-
differentiable, such as when validation performance is measured by discrete metrics (e.g., accuracy)
rather than a smooth loss. A standard remedy is to apply finite-difference methods to approximate
gradients. However, our experiments show that these methods are often slow and suffer from numer-
ical instability. In such cases, we propose using a differentiable proxy objective, for instance, the
supervised fine-tuning (SFT) loss for question-answering tasks, which provides a smooth surrogate
while remaining aligned with the discrete evaluation metric. This approach has proven to be highly
effective in practice.

Long outer-loop horizons. Another challenge arises when the outer-loop duration parameter ns is
greater than one. In this case, computing the gradient of the mixture weights becomes intractable.
Without constraints on 1o, one would either need to rely on built-in mechanisms in PyTorch (Paszke
et al., 2019), such as backpropagation-through-time (BPTT), which quickly becomes prohibitively
memory-intensive in large-model settings, or fall back on general gradient-estimation techniques
such as finite differences, which again are slow and unstable. To avoid these pitfalls, we restrict
ny = 1 whenever possible, which not only yields a closed-form gradient but also delivers the most
stable and efficient optimization behavior.

4 EXPERIMENTS

To comprehensively evaluate the effectiveness of our proposed framework, we conduct experiments
on data mixture optimization across different stages of large language model (LLM) training, in-
cluding both pre-training and post-training. The compared methods cover a wide spectrum of ap-
proaches, ranging from human expert tuning to proxy-based search methods such as DoReMi (Xie
et al., 2024), RegMix (Liu et al., 2024) and CLIMB (Diao et al., 2025), and dynamic methods, in-
cluding ODM (Albalak et al., 2023) and IDEAL (Ming et al., 2025). The subsequent sections are
organized as follows: Section 4.1 presents results on pre-training mixture optimization. Section 4.2
reports experiments in post-training settings. Section 4.3 provides ablation studies.

4.1 PRE-TRAINING STAGE EXPERIMENTS

Setups. Following prior work (Liu et al., 2024), we conduct our experiments on the Pile dataset (Gao
et al., 2020), focusing on the 17 uncopyrighted subsets available on HuggingFace. For mixture
optimization in the pre-training stage, we employ small proxy models (e.g., 1M parameters) trained
on up to 1B tokens. To test the method’s generalization ability, consistent with Liu et al. (2024), we
use the loss on a representative and diverse part of the training data (the Pile-cc sub-set (Gao et al.,
2020)) as the search target. For FASTMIX, we employ only a single proxy model, whereas RegMix
uses 512 by following (Liu et al., 2024) proxy models and CLIMB uses 64 (Diao et al., 2025). For
the Human Heuristic baseline, we directly adopt the manually tuned mixture configuration reported
in (Liu et al., 2024) to ensure fairness. After the search stage, we use the mixture configurations
obtained by each method to train a 1B-parameter model on 25B tokens. For evaluation, we focus on
the accuracy of the pretrained model on a suite of downstream task benchmarks, including Social
IQA (Sap et al., 2019), HellaSwag (Zellers et al., 2019), PiQA (Bisk et al., 2020), et.al. In addition,
we also examine the time cost incurred by different methods during the search stage.

Results. As shown in Table 1, our proposed method, FASTMIX, demonstrates significant advan-
tages in both downstream task performance and computational efficiency compared to existing data
mixture strategies. It achieves the highest average performance score of 48.2 and the best average
rank of 1 across all 14 downstream benchmarks, outperforming strong baselines including CLIMB
(47.5) and RegMix (47.2). This top ranking underscores its consistent and robust generalization
capabilities, further evidenced by its leading results on 9 of the 14 individual tasks. Most notably,
FASTMIX offers a dramatic improvement in search efficiency, requiring only 1.3 GPU-hours to
identify the optimal mixture. This is orders of magnitude faster than other automated methods, such
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Table 1: Comparative evaluation of different data mixture strategies in the context of large-scale
pretraining, examining their impact on both downstream task performance and training efficiency.
The reported performance on each task is the average score from 0-shot to 5-shot settings.

Benchmark \ DoReMi ODM IDEAL RegMix CLIMB FASTMIX (Ours)
Social IQA (Sap et al., 2019) 33.4 33.7 32.5 33.8 34.2 33.6
HellaSwag (Zellers et al., 2019) 434 37.2 41.9 44.2 434 44.7
PiQA (Bisk et al., 2020) 68.3 64.4 64.9 68.0 67.9 69.8
OpenBookQA (Mihaylov et al., 2018) 30.3 30.0 29.6 30.3 29.3 31.5
Lambada (Paperno et al., 2016) 32.1 29.6 35.1 34.2 35.9 36.3
SciQ (Welbl et al., 2017) 81.6 79.8 75.3 82.8 82.4 82.2
ARC Easy (Clark et al., 2018) 50.6 47.9 50.1 51.7 51.1 52.5
ARC Challenge (Clark et al., 2018) 26.1 25.6 253 25.7 25.2 27.0
COPA (Roemmele et al., 2011) 68.5 68.2 65.1 70.2 70.7 70.5
RACE (Lai et al., 2017) 31.3 29.7 30.3 31.3 30.9 31.6
LogiQA (Liu et al., 2020) 26.4 25.6 26.9 25.8 27.7 28.1
QQP (Wang et al., 2018) 56.6 53.1 47.0 58.3 58.6 58.4
WinoGrande (Sakaguchi et al., 2021) 52.2 51.8 71.7 53.1 54.7 55.7
MultiRC (Khashabi et al., 2018) 53.8 53.3 49.4 51.7 53.2 534
Average Performance (1) | 468 44.9 46.0 472 475 48.2
Average Rank (]) | 4 6 5 3 2 1
Time-cost (GPU Hours) in Searching (}) | 7.4 ~0 ~0 720.5 71.9 1.3

as CLIMB (71.9 GPU-hours) and RegMix (720.5 GPU-hours), validating the efficacy of our sin-
gle proxy model and gradient-based optimization approach. Collectively, these results confirm that
FASTMIX not only discovers superior data mixture configurations but also drastically reduces the
computational overhead of the search process, offering a scalable and practical solution for large-
scale model training.

4.2 POST-TRAINING STAGE EXPERIMENTS

Setups. Building on our pre-training success, we next validated FASTMIX in the post-training stage,
aiming to optimize data mixtures for specialized tasks on the Qwen2.5-Math-Instruct 7B model
(Hui et al., 2024). For this study, we sourced supervised fine-tuning (SFT) data from eight distinct
domains, including Math (OpenR1-Math-220k (Open-R1 Team, 2024)), Code (the programming-
related subset from the OpenThoughts-114K (Guha et al., 2025)), Dialogue (ShareGPT (RyokoAl,
2023)), and STEM (Platypus (Lee et al., 2023)). Our optimization search objective was a 1:1
weighted sum of scores from two mathematical benchmarks, the simpler GSM8K (Cobbe et al.,
2021) and the more challenging gaokao2023en (MARIO-Math-Reasoning, 2023). To evaluate the
model’s generalization capabilities, we extended our test suite beyond math (MATH (Hendrycks
et al., 2021), AIME-24 (Jia, 2024)) to include tasks in coding (LiveCodeBench-v2 (Jiang et al.,
2024a)) and STEM question-answering (GPQA-Diamond (Rein et al., 2023)). A significant chal-
lenge in the post-training setting is the absence of very small (e.g., 10M parameter) proxy models.
Therefore, we had to conduct our search using proxy models of approximately 1 billion parame-
ters (Qwen2.5-1.5B-Instruct (Qwen et al., 2025)), with evaluation performed on larger models (7B).
This constraint exposed a critical limitation of resource-intensive methods (Liu et al., 2024; Diao
et al., 2025), which require training hundreds of proxy models. Given the immense computational
cost, our cluster was unable to support hundreds of full 1B-model training runs, so we had to re-
duce the number of proxy models for both RegMix and CLIMB to just 64. In contrast, FASTMIX’s
reliance on a single proxy model enabled it to operate efficiently within these resource limitations,
highlighting its superior scalability for larger-scale tasks.

Results. In the post-training (SFT) stage, the advantages of FASTMIX are further solidified, demon-
strating an even more dominant performance as shown in Table 2. Our method achieved the highest
score across all four benchmarks spanning mathematics, coding, and general question-answering,
resulting in a superior average performance of 65.4 and a top rank of 1, by a significant 5.5 point
lead over the next best method, CLIMB (59.9) (Diao et al., 2025). Crucially, these results highlight
the exceptional generalization capability of FASTMIX. While all automated methods used perfor-
mance on mathematics benchmarks (GSM8K and gaokao2023en) as the guidance signal for opti-
mization, FASTMIX not only excelled in the math domain but also achieved the best performance
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Table 2: Comparative evaluation of different data mixture strategies in the context of large-scale
post-training (SFT), examining the efficiency and downstream task performance.

Benchmark \ DoReMi ODM IDEAL RegMix CLIMB FASTMIX (Ours)
MATH (Hendrycks et al., 2021) 87.2 85.7 86.2 89.4 91.1 93.1
AIME-24 (Jia, 2024) 40.0 333 30.0 36.6 433 53.3
LiveCodeBench (Jiang et al., 2024a) ‘ 39.1 30.4 279 58.3 60.2 62.5
GPQA-Diamond (Rein et al., 2023) ‘ 48.4 50.7 52.3 49.4 45.0 52.8
Average Performance (1) | 536 50.0 49.1 58.4 59.9 65.4
Average Rank (|) \ 4 5 6 3 2 1
Time-cost (GPU Hours) in Searching (}) | 6.7 ~0 ~0 115.9 117.4 22

on LiveCodeBench (coding) and GPQA-Diamond (STEM QA). This strongly indicates that the data
mixture identified by FASTMIX avoids overfitting to the optimization signal and instead fosters a
more fundamental and comprehensive improvement in the model’s capabilities, all while maintain-
ing remarkable efficiency by completing its search in just 2.2 GPU hours, substantially faster than
RegMix (115.9 hours) and CLIMB (117.4 hours).

4.3 ABLATION STUDY

This section presents a comprehensive ablation study to validate the key design choices of our pro-
posed FASTMIX framework. All experiments were conducted in a pre-training setting, and the
reported results are the average accuracy across 14 benchmarks.

4.3.1 ABLATION FOR THE LOOP DURATION HYPER-PARAMETERS 11 AND ns.

The hyper-parameter n; represents the inner-loop duration, which is the number of steps the
model’s parameters are updated for each single update of the mixture weights. We ablated the
inner-loop duration (n;) to find the optimal update frequency for the model parameters in Fig.2(a).
Performance rose from 47.3 to a peak of 48.2 as n; increased from 1 to 20. The score then plateaued
and began to decline beyond n; = 40, suggesting that a moderately long inner loop is needed to
effectively learn from the mixture, while an overly long loop can lead to an insufficient searching
process.

The hyper-parameter ny represents the outer-loop duration, which determines how many inner-
loop steps occur before the mixture weights are updated based on the validation loss. Notably, we
can derive a closed-form solution for the mixture weight gradient only when ny = 1. For cases
where ny # 1, we must rely on general-purpose, but often inefficient, methods like finite-difference
algorithms, which we did not consider for our primary approach. Our experiments confirmed this
design choice in Fig.2(a). We tested no values of {1, 10, 20,40}, and the average performance was
highest with no = 1 at 48.1. Performance consistently decreased as n, increased, falling to 44.2 for
ng = 40. These results demonstrate that the efficiency and numerical stability of our closed-form
gradient are not only computationally beneficial but also lead to superior empirical performance.

4.3.2 ABLATION FOR THE REGULARIZATION TERMS.

First, we investigated the effect of the entropy regularization coefficient \. This term encourages
a diverse data mixture, preventing the model from focusing too heavily on a single data source.
We varied \ across a wide range, from 0.1 down to 10~7. As illustrated in Fig.2(b), the algo-
rithm’s performance is quite robust when X is less than 10~°. However, using an excessively large
A (e.g., 1.0) significantly disrupts the optimization process, causing the search to fail to converge
on a high-performing solution. This suggests that while some degree of regularization is beneficial,
a strong entropy penalty can prevent the algorithm from finding the truly optimal, and potentially
non-uniform, mixture.

Next, we ablated the coefficient for the auxiliary training loss 3, which helps guide the search
towards solutions that generalize well. We tested 5 values from 0.001 to 0.6. The results indicate
that a moderate value for (3 is optimal. Performance was highest when 3 was between 0.1 and 0.3,
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Figure 2: This figure presents a series of ablation studies to validate the design choices of our
proposed FASTMIX framework. (a) An analysis of the inner-loop (n1) and outer-loop (n2) durations.
(b) The effect of varying the entropy () and auxiliary training loss () coefficients. (c) A comparison
of the final search performance across multiple random initializations.

suggesting that a balanced signal from both the validation and training losses is crucial for finding
an effective data mixture. Values that are too small provide insufficient regularization, while values
that are too large might cause the model to over-optimize for the training distribution at the expense
of generalization. The trends for both A and 3 are clearly visualized in Fig.2(b).

4.3.3 ABLATION FOR THE INITIALIZATION.

We next investigated the impact of the initial solution on the search results for FASTMIX. We con-
ducted several experiments with different random initializations, and the results are presented in
Fig.2(c). As shown in the figure, our method demonstrates remarkable stability. Across 11 different
random initializations (labeled E0-E10), the final performance consistently remained high, with an
average score of 48.34 and a standard deviation of only 0.48. The results showed a tight clustering,
with the highest score at 49.25 and the lowest at 48.53. This consistency suggests that FASTMIX’s
optimization process is robust and largely independent of its starting point. In all cases, the perfor-
mance significantly surpassed the baseline RegMix method, which achieved a score of 45.44. This
robustness confirms that our gradient-based search effectively navigates the optimization landscape
to find high-quality solutions, regardless of the initial conditions.

5 CONCLUSION

We introduced FASTMIX, an efficient framework for discovering data mixtures for large-model
training. Our key contribution is a weighted bilevel reformulation of mixture selection: via a repa-
rameterization, optimizing sampling ratios becomes equivalent to learning per-source loss weights,
enabling mixture coefficients to be differentiable. This permits joint, gradient-based optimization of
both the model and the mixture using a single proxy model rather than hundreds. Across pre-training
and post-training, FastMix delivers superior accuracy with orders-of-magnitude lower search cost,
making data mixture optimization practical, scalable, and robust for next-generation LLMs.

Limitations and Future Work. Our current FASTMIX framework focuses on optimizing a static
data mixture that remains fixed throughout the training process. While this approach has proven
highly effective, a more dynamic mixture strategy could offer further improvements. Future work
will explore methods for optimizing a data mixture that adapts over time, such as by incorporating
curriculum learning principles. This would allow the model to learn from different data sources at
various stages of training, potentially accelerating convergence and enhancing performance.

Broader Impact. The development of FASTMIX has significant positive implications for the large
model training community. By automating and accelerating the data mixture optimization process,
our framework drastically reduces the computational resources and human effort required for this
critical task. This increased efficiency translates directly into reduced energy consumption and a
lower carbon footprint, promoting more environmentally sustainable Al research and development.

LLM-Usage Statement. The authors used a large language model to assist with language polishing,
grammar correction, and typo identification in this paper. The ideas, methodology, experimental
design, and results presented are the sole work of the authors.
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This research adheres to the ICLR Code of Ethics. The primary contribution of our work is to en-
hance the efficiency of the large model training process, which directly leads to a reduction in energy
consumption and computational resources. By making Al development more sustainable, we aim to
make a positive contribution to society. We acknowledge the importance of the responsible applica-
tion of this technology. Our research does not involve the collection or use of any new personally
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REPRODUCIBILITY STATEMENT

Our work is designed to be fully reproducible. We have provided detailed descriptions of our method-
ology, including the model architectures, training procedures, and hyperparameter settings, within
the main text and supplementary materials of this paper. Comprehensive ablation studies are also
included to demonstrate the robustness and influence of key components of our proposed approach.
To ensure the reproducibility of our results, the source code and datasets used in this study will be
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A MIXTURE VISUALIZATION

Following our post-training experiments, we conducted a detailed visualization and analysis of the
search results from four distinct algorithms: RegMix (Liu et al., 2024), CLIMB (Diao et al., 2025),
FastMix, and a control variant, FastMix without regularization (FastMix-no-reg). The final average
performance metrics revealed a clear hierarchy: RegMix achieved a score of 58.4, CLIMB reached
59.9, while the leading algorithm, FastMix, secured a significantly higher score of 65.4. FastMix-
no-reg trailed with a performance of 61.1. These performance figures, along with the underlying
data mixture proportions, are presented visually in Figure 3.
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Figure 3: Searching results visualization for four methods.

A careful examination of the visualization leads to a key observation: the mixture ratios identified by
the FastMix algorithm were notably more balanced than those produced by the other three methods.
This finding stands in stark contrast to the results from CLIMB and FastMix-no-reg, both of which
generated highly skewed distributions. In their respective outcomes, we noticed that the sampling
weights for critical data sources like STEM (Science, Technology, Engineering, and Mathematics)
and Dialog were reduced to nearly zero, indicating that these algorithms effectively neglected these
data types during their optimization process.

Conversely, the FastMix algorithm successfully avoided this "winner-take-all" scenario. By dis-
covering a more harmonious equilibrium across multiple data sources, it not only demonstrated its
inherent effectiveness but also provided compelling evidence for the necessity of the regularization
term we incorporated. The presence of this term was instrumental in constraining the algorithm, pre-
venting it from converging on overly biased, sub-optimal solutions and ensuring a more robust and
diverse set of search results. This ultimately led to the superior performance and a more desirable
data distribution.

We provide the visualization of the normalized source weights across the optimization steps in
Fig.4. It clearly illustrates the exceptional efficiency and stability of the FastMix search process.
The algorithm exhibits extremely rapid convergence, successfully identifying the near-optimal mix-
ture proportions within the first third of the search duration (approximately 3,000 to 4,000 steps).
Following this initial, aggressive adjustment periodwhere the Math domain quickly rises to domi-
nancethe mixture proportions rapidly plateau. This behavior showcases the inherent stability of our
hyper-gradient descent approach, as the mixture remains consistently stable for the remainder of the
optimization process. This ability to achieve convergence to a stable, effective mixture so early in
the search is crucial, as it drastically minimizes the computational overhead required compared to
simulation-based or two-stage methods.
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FastMix Search Dynamics Over Time
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Figure 4: This figure visualizes the evolution of the normalized source mixture proportions (o)
during the FastMix bilevel optimization search phase (total 10,000 steps). The Y-axis represents
the mixture weight (where the sum of weights equals 1.0 at every step), demonstrating how the
algorithm dynamically prioritizes high-value domains like Math while down-weighting others.

B HYPER-PARAMETER SETTINGS

When running pre-training experiments with FastMix, we carefully configured a specific set of hy-
perparameters to guide the training process. The proxy model underwent a substantial training
period of 100,000 iterations. To manage computational resources efficiently, we utilized a batch size
of 64, coupled with a gradient accumulation of four steps. This setup allowed for a larger effective
batch size while keeping memory usage in check. For updating the mixture weights, we employed
the Adam optimizer (Kingma & Ba, 2014) and the learning rate for this optimizer was set to a con-
servative value of 1 x 1076 to ensure stable convergence. Furthermore, we precisely configured the
optimizer’s internal hyperparameters: §; was set to 0.5 and (35 to 0.95, which influenced the decay
rates of the first and second moment estimates of the gradients. In addition, the inner loop duration,
n1, was set to 20, and the outer loop duration, no, was set to 1.

For the post-training experiments, a similar but distinct set of hyperparameters was used for the
FastMix algorithm. The training duration for the proxy model was significantly reduced to 10,000
iterations. The batch size remained consistent at 64. Just as in the pre-training phase, the Adam
optimizer (Kingma & Ba, 2014) was responsible for updating the mixture weights. The learning
rate was maintained at 1 x 1075, and the optimizer’s hyperparameters, 31 and 3, were kept at 0.5
and 0.95. The loop durations, n; and ng, were also identical to the pre-training settings, set at 20
and 1.

C FURTHER RELATED WORKS DISCUSSION

Here, we make some further discussion about some newly found related work references (Jiang
et al., 2024b; Ye et al., 2024b; Yen et al., 2025; Chen et al., 2025). Data Mixing Laws Ye et al.
(2024b) propose predictive mixing functions that estimate downstream performance as a function
of mixture proportions. By fitting these functions using a small number of sampled mixtures, the
method can extrapolate performance for unseen mixtures without fully training models on them.
This approach focuses on predictive modeling of the mixtureperformance relationship rather than
differentiable optimization. MFMS-GP Yen et al. (2025) formulates data mixture optimization as
a multi-fidelity, multi-scale Bayesian optimization problem. Instead of relying on deterministic
scaling-law curves, it adopts a probabilistic surrogate model that jointly captures uncertainty across
mixtures, model sizes, and training steps. The search is viewed as sequential decision-making un-
der uncertainty, enabling principled exploration of the mixture space. ADMIRE-BayesOpt Chen
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et al. (2025) similarly treats mixture selection as a black-box hyperparameter optimization prob-
lem and applies multi-fidelity Bayesian optimization to reduce the cost of evaluating large models.
ADMIRE explicitly studies cross-scale transferability of optimal mixtures and uses low-fidelity eval-
uations to accelerate the identification of promising mixture configurations for expensive, large-scale
training. These works form an important line of research exploring non-gradient, surrogate-based,
or Bayesian strategies for mixture optimization. In contrast, FastMix takes a fully differentiable
bilevel approach, directly optimizing mixture weights through hyper-gradients of the validation loss
using a single proxy model, which substantially reduces computational overhead while providing
task-driven mixture updates.

The final work is ADO Jiang et al. (2024b). ADO and FastMix share the high-level intuition of fa-
voring data that is more useful for learning, but they differ fundamentally in objective, formulation,
and optimization. First, in Target / Objective: ADO aims to optimize the data mixture to maximize
the in-training learning potential of each domain, as estimated via per-domain scaling laws. Its ob-
jective is driven by predicted future loss reduction under additional training on each source. FastMix
directly optimizes the data mixture to minimize a target/validation loss (or downstream metric). It
is explicitly task-driven, using feedback from a held-out validation set that matches the final deploy-
ment objective. Second, in Formulation: ADO uses an online heuristic based on estimated future
loss reduction from scaling laws. The update is derived from predicted losscompute trade-offs, but it
is not framed as solving a formal constrained optimization problem over mixture weights. FastMix
formulates data mixture optimization as a bilevel differentiable optimization problem, where mixture
weights are treated as learnable parameters via loss reweighting. The outer loop minimizes valida-
tion loss with respect to the mixture, while the inner loop updates model parameters on weighted
training data. Third, in Update Rule and Optimization Dynamics: ADO: (i) Updates the mixture
continually during training, based on the derivative of the scaling law and an EMA of past sampling
statistics; (ii)Mixture changes are analytic/heuristic and do not involve backpropagation through
mixture parameters. FastMix: (i) Updates the mixture in the outer loop using gradient descent on
validation loss o <— a— UMZ(Q)) with a closed-form hyper-gradient when the outer-loop horizon
is 1; (ii) This yields a principled, fully differentiable procedure that can be seen as efficient bilevel
AutoML with a single proxy model. Fourth, in Philosophy and Practical Role: ADO is an on-
line, zero-extra-search, dynamic curriculum that adapts mixtures on the fly during training, driven
by scaling-law predictions of future loss decrease. FastMix is an efficient bilevel mixture search that
runs once with a proxy model, finds a task-optimal mixture, and then freezes this mixture for final
training. This separates mixture search from large-scale training, keeping the search cost extremely
small. Fourth, in Empirical comparison: We implemented ADO under our evaluation protocol
and compared it to ODM (another dynamic data-mixing method), IDEAL, RegMix, CLIMB, and
FastMix, in both pre-training and post-training settings. These results in Table 3 show that while
ADO is a strong dynamic sampling baseline with negligible search overhead, FastMix consistently
achieves higher downstream performance in both pre-training and post-training regimes, while still
incurring only a small search cost (using a single proxy model).

Table 3: Performance Comparison with ADO Baseline

Method ADO ODM IDEAL RegMix CLIMB FastMix (ours)
Pre-training 45.8 44.9 46.0 47.2 47.5 48.2
Post-training ~ 53.2 50.0 49.1 58.4 59.9 65.4

D A DYNAMIC ADAPTATION OF FASTMIX

Our primary focus in this work is on fixed mixture policies, a design choice that reflects the practical
constraints and prevalent methodology in industrial-scale LLM training, where data mixtures are
typically static or organized into a small number of coarse stages. The core objective of FastMix is
to significantly enhance the performance and computational efficiency of this widely adopted static-
mixture paradigm. As a valuable extension, we adapted FastMix to a dynamic version, enabling the
mixture ratios to change iteratively throughout the training process. A straightforward implemen-
tation involves periodically recomputing the mixture: every K training steps, the system computes
a new policy that serves as the optimal configuration for the next training segment. This process
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effectively turns the fixed search into a dynamic curriculum. Importantly, this dynamic scheme nat-
urally degenerates to our original static approach when the update interval K is set equal to the total
number of training iterations. This extension allows us to investigate the optimal balance between
static efficiency and dynamic curriculum learning.

To better understand the implications of this extension, we evaluated the periodic-update strategy in
the pre-training setting. The results, detailed in Table 4, indicate a strong sensitivity to the update
frequency K: when K is too small, corresponding to very frequent re-optimization, performance
drops substantially (41.5 at K = 1), suggesting that aggressively dynamic mixtures can destabilize
the learning process. Performance steadily improves as K increases and transitions toward the static
regime, peaking at X' = max-iter/50 with a performance of 48.9, corresponding to a moderately
dynamic but not aggressively changing mixture. Importantly, our default fully static approach (K =
max-iter) achieves highly competitive results (48.2), only slightly below the best dynamic setting.
These findings lead to three main conclusions: 1) The most dynamic scheme is not necessarily the
best, as rapidly changing mixtures can undermine stable representation learning. 2) An intermediate
"sweet spot" exists between fully static and fully dynamic policies. 3) FastMixs static optimization
already operates near this optimal performance region, thereby explaining its robust results achieved
with minimal search complexity.

Table 4: Performance vs. Dynamic Update Frequency (K steps)

K U S0 "o - Moo MSee Miee Mg maxiter (Fixed)
Performance 415 437 459 476 485 489 483 484 482
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