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Abstract

Training large language models (LLMs) poses
unique challenges due to their increasing pa-
rameter counts and heterogeneous architectures.
While adaptive optimizers like AdamW help
adapt parameter-wise gradient variations, they
struggle to estimate learning rates across LLM
parameters efficiently, which causes training in-
stability, inefficient convergence, and poor com-
patibility with parameter-efficient fine-tuning
(PEFT) techniques such as LoRA. Inspired by
the low-rank properties of LLMs, we introduce
Scaling with Gradient Grouping (SGG), an op-
timizer wrapper that exploits the inherent low-
rank structures to adapt learning rates through
gradient clustering and cluster-specific scaling.
SGG groups gradients into K clusters per T’
iterations and computes cluster-specific statis-
tics to calibrate step sizes, simplifying learning
rate estimation from a high-dimensional prob-
lem to tractable low-dimensional ones. As a
modular wrapper, SGG integrates effortlessly
with mainstream optimizers while maintain-
ing PEFT compatibility. Experiments on C4,
GLUE, and Alpaca show that SGG consistently
achieves faster convergence and lower losses
compared to existing methods. Furthermore,
SGG’s robustness across varying batch sizes
and learning rates makes it a promising choice
for efficient and effective LLM optimization.

1 Introduction

Optimization techniques have long served as the
cornerstone in today’s deep learning systems, en-
abling the training of increasingly powerful large
language models (LLMs) that drive breakthroughs
across various domains. Among these, adaptive
optimizers (Kingma and Ba, 2015; Loshchilov and
Hutter, 2019; You et al., 2020) stand out due to
their ability to dynamically adjust learning rates
for each parameter, which is beneficial given the
heterogeneous LLM architectures (Liu et al., 2020;
Zhang et al., 2025b; Li et al., 2024c). Yet, as LLMs

scale to billions of parameters, these approaches
may impose substantial memory overhead due to
the storage of gradient statistics (e.g., first/second
moments), which limits their practical applicability,
especially for resource-constrained scenarios.

To deal with this cost, parameter-efficient fine-
tuning (PEFT) (Hu et al., 2021; Dettmers et al.,
2024) has garnered increasing attention, which ex-
ploits the intrinsic low-rank structure within LLMs
to reduce trainable parameters. However, such an
efficiency often comes at the price of performance
degradation compared to their full-rank counterpart
(Table 4), while requiring extra architecture modifi-
cation through auxiliary low-rank branches. In par-
allel, efforts have been made for memory-efficient
optimizers (Shazeer and Stern, 2018; Luo et al.,
2023; Zhu et al., 2024a), which aim to compress
optimizer states by approximating gradient statis-
tics. Though memory-efficient, specific gradient
information might be discarded due to the heuristic
priors, resulting in inconsistent performance across
tasks (Table 5). This leaves practitioners at a dead-
lock: either accept performance drop with LoRA,
or incur unstable gains via gradient decomposition.

In this paper, we argue that while each model
parameter requires its own gradient statistics, LLM
training may benefit from striking a balance be-
tween naive per-parameter tuning and fixed global
ones. On the one hand, recent studies show that
attention and MLP layers exhibit distinct yet inter-
nally consistent gradient behaviors (Li et al., 2024c;
Zhang et al., 2025b), revealing significant patterns
that previous methods fail to exploit. This observa-
tion aligns well with the low-rank priors in LLM pa-
rameters, where a small parameter count could play
a dominant role in model capacity. Thus, naively
tuning gradient statistics for each parameter may
not only waste resources but destabilize the train-
ing, as outliers and noisy gradients may influence
the optimization process (Zhao et al., 2024a; Nasiri
and Garraghan, 2025), as summarized in Table 1.
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Figure 1: Clustering Phenomenon in LLM Pre-training with LLaMA-1B on C4. Selecting parameters from the
12-th FFN layers, (a) and (b) visualize distributions of parameter-wise gradients g¢ and the corresponding adaptive
learning rates o at the 5k-th iteration, where SGG captures two clusters of gradients and scaling with two groups of
learning rates. (c¢) shows group-wise (or layer-wise) Lo-grad norm distributions of all layers, where SGG captures
the inherent heterogeneous patterns of different layers with group-wise learning rate scaling.

Along this line, we first conduct pilot studies
with LLaMA-1B (in Figure 1) to examine gradient
statistics distributions during LLLM training. Inter-
estingly, it shows consistent salient patterns with
a few distinct peaks, which lines up with our intu-
ition above. This suggests that per-parameter learn-
ing rate adaptation may be redundant, and there
is room for improving efficiency along this line.
Based on these insights, we introduce Scaling with
Gradient Grouping (SGG), an optimizer wrapper
that bridges this gap by unifying sparse gradient
patterns with learning rate adaptation. As shown in
Algorithm 1, SGG dynamically groups parameter-
wise gradients of each layer through mini-batch
K-Means clustering. Subsequently, it employs me-
dian absolute deviation (MAD) to measure and
calibrate learning rates for each group. Thus, SGG
achieves a balance between global and local adap-
tation while mitigating training instability.

Experiments on C4, GLUE, and Alpaca show
that SGG not only improves convergence but natu-
rally aligns with the low-rank priors of PEFT up-
dates, achieving superior match with PEFT tech-
niques (Table 4). More importantly, SGG operates
as a plug-and-play module, providing compatibility
with mainstream optimizers and PEFT techniques
without architecture modifications.

Our contributions can be summarized as follows:

* We introduce SGG, an optimizer wrapper

that leverages gradient clustering and cluster-
specific scaling to adaptively adjust learning
rates for robust and effective LLM training.

* We show that SGG is compatible with exist-
ing optimizers and PEFT techniques, offering a
plug-and-play solution without extensive modi-
fications to the overall LLM training pipeline.

* Through extensive experiments on C4, GLUE,
and Alpaca, we demonstrate that SGG can

bring faster convergence, lower loss values,
and reduced oscillation compared to state-of-
the-art methods for LLM training.

2 Methodology

2.1 Problem Defenition

In this subsection, we first preview the key steps of
mainstream optimizers with Algorithm 1, to clarify
how SGG integrates as a plug-and-play module.

The initial optimization step computes gradients
g; with respect to model parameters ¢; from the [-th
layer. This procedure is typically carried out itera-
tively using gradient-based optimizers. At iteration
¢, the computation of gradient g} is given by:

9" = V,un (6", D) (1)

where D denotes the training dataset and 6;‘1 is
the identical parameter updated at last iteration.
Next, momentum estimation introduces historical
gradient information to stabilize updates. As for
vanilla SGD (Sinha and Griscik, 1971), this step is
trivial (m’lt = g}), while momentum-based optimiz-
ers employ exponential moving averages (EMA) to
smooth out short-term fluctuations:

ml(t) = MomentumEstimate(gl(t),ml(tfl), B1) ()

where (1 controls the retention of past gradients
and mf_l is the momentum output from last it-
eration. Subsequently, adaptive optimizers (e.g.,

Adam and AdaGrad) compute parameter-specific
rates using second-moment estimates:

al(t) = LREstimate(al(t_l),ml(t),52777(t)) €)

where 7, indicates the scheduled global learning
rate at iteration ¢ and (1 is the decay rate similar to



Table 1: Overview of Optimization Algorithms from several aspects, including typical optimizers (Opt.), PEFT
techniques, and optimizer wrapper. We take a neural network layer W' € R™*" (m < n) as an example with LoRA
rank 7 < m and the cluster number K < m, where the weight and optimization states are considered. (a) As for
optimization properties, we consider the cost of Adaptive Learning Rate (LR), where the extra state is used for its
estimation (e.g., second-order moment (2"%-moment), Non-negative Matrix Factorization (NMF), and SGG’s cluster
indices). (b) For LLM’s low-rank property, we consider the way and cost of utilizing low-rank priors. (¢) As for
performance, we report the averaged PPL (%)J and Accuracy (%)t for C4 pre-training in Table 4 and GLUE SFT in
Table 5 with the GPU memory in PyTorch implementation, where Adam (full-rank) is regraded as our baseline.

Type Method| Adaptive LR Basic State  Extra State  |Low-Rank Plugin Extra Branch| C4] GLUE{ GPU Memory
Classical Opt. SGD X Weight & Grad. X X X X - -0.50 2mn
Adaptive LR Opt. Adam |Param-wise mn Weight & Grad. 2"'-Moment mn X X X 23.36 86.24 3mn
Efficient Opt. CAME |Param-wise mn Weight & Grad. NMF 2(m + n) NMF X X -1.64 -0.85 2mn+2(m+n)
PEFT LoRA X Full-rank Grad. X LoRA 4 (m + ’rL) +5.06 -0.31 +3T’(7n + n)
Opt. Wrapper SGG | Group-wise K Optimizer Indices (mn + K)|Clustering v X -1.99 +1.00 +0

Algorithm 1 Scaling with Gradient Grouping

Require: Parameters {6;}{, global learning rate 7, opti-
mizer momentum (81, 82), learning objective £, dataset
D, cluster number K, cluster indices C, recluster interval
T, scaling factor S, scaling EMA decay (3.
Ensure: Optimized model parameters 6.
1: Initialize:
2: RandomInit({6y};) > Model parameters
3 {0 > Adaptive learning rates
4 {G}, +0 > Cluster assignment
5: {SIM, 1 > Cluster scaling factor
6: for each iterationt =1,2,...do
7 n' < LearningRateScheduler(1, t)
8 for each layer{ = 1,2,..., L do
9 Gradient Computation

10: gt « Vglt—lﬁ(et717p)

11: Momentum Estimation

12: mj < MomentumEstimate(g{,m| ", 51)

13: Learning Rate Adaptation

14: aj < LREstimate(a} ", m], B2,7")

15: ift mod T == 0 then > Re-clustering
16: Assign Gradient Clusters

17: C; + GradientCluster(m}, K)

18: Update Scaling Factors

19: S} «+ ScaleUpdate(C}, g7, B3)

20: end if

21: Apply Cluster-Specific Scaling

22: af + of - S[C} > Cluster-wise scaling
23: Parameter Updates

24: 0f 6’;_1 —af -m}

25: end for

26: end for

B1. In contrast, non-adaptive methods use sched-
uled global rates here (af = n'). As aforemen-
tioned, this step faces the challenges of increasing
memory overhead, especially for large models.
The final step applies the learning rate scaled
momentum «} - m! to parameter updates:

® @

el(t) = ez(t_l) — Q-

“)
where the update rule is shared across optimizers,
differing only in how the m} and ! are derived.
As an optimizer wrapper, our SGG operates on
optimizer’s internal states (m}, a}) without modify-

ing the optimization pipeline. Thus, it allows seam-
less integration with any optimizer implementing
the above steps, from SGD to Adam-mini (Zhang
et al., 2024). In the following sections, we detail
the clustering methods and scaling factor updates.

2.2 Gradient Grouping

As mentioned in Section 1, we suggest that LLM
optimization requires a middle ground between per-
parameter adaptation and global statistics. To vali-
date this, we conduct empirical analysis of gradient
statistics with LLaMA-1B pretraining on C4.

As shown in Figure 1, we obtain several ob-
servations: (i) Low-Rank Clustering: Both layer-
and parameter-wise gradients form 2-4 dominant
clusters per layer, with attention and MLP layers
exhibiting distinct distributions. (ii) Outlier Impact:
Less than 20% of parameter-wise gradients account
for most of the distribution, which may negatively
influence parameter-wise adaptation.

These findings demonstrate that existing per-
parameter learning rate tuning methods could be
redundant for LLM training, as a large number of
model parameters exhibit negligible updates. In-
stead, treating gradients as more coarse-grained
clusters, where parameters within a group share
similar optimization dynamics, could potentially
offer a promising path to reduce computation cost
while improving robustness. Therefore, we de-
sign GradientCluster(m}, K) in Algorithm 1, a dy-
namic grouping strategy that maps parameter-wise
gradient of each layer to K clusters via mini-batch
K-means. We also conduct experiments in Figure 2
to show the effectiveness of mini-batch K-means.
By grouping gradients with similar characteristics,
SGG reduces sensitivity to sparse gradients, en-
abling more stable learning rate adjustments.



2.3 Scaling Factor Estimation

Then, we design ScaleUpdate(C/, gf, 33) to pro-
duce the accurate scaling factor S} of gradient clus-
ters at iteration ¢. It contains two sub-tasks: (i)
presenting the variability and statistical properties
of gradients with a robust measure; (ii) estimating
and updating the scaling factor stability.

Table 2: Analysis of Statistics for group-wise gradiant
estimation in SGG, where parameter-wise degenerated
to Adam-like baseline. Validation Perplexity (PPL)/ is
reported with C4 pre-trained LLaMA architecture.

Statistic‘Param-wise‘Mean Var. Sign(Var.) L2-norm MAD
60M ‘ 34.06 ‘30.68 31.17 3075  30.89 30.34

1B 1556 |14.63 14.72 14.68 14.66 14.56

As for the measure of each gradient cluster,
we investigate several commonly adopted statis-
tics that reflect the significance of gradients, in-
cluding Mean, Variance (like the second mo-
ment used in Adam), Sign of Variance (used in
SignSGD (Bernstein et al., 2018)), and L2-norm
(used in LARS (Ginsburg et al., 2018)) in Table 2.
Since gradients within the same cluster should
share similar structural properties, we propose Me-
dian Absolute deviation (MAD) as a robust esti-
mation of the status difference of each group. For
each cluster index ¢ € K of I-th layer, MAD; . can
be computed as follows:

MAD] . = median (|m] — median(mj - Cf[c])|) ,
4)
where Cf[c] denotes the selected mask of the c-
th cluster of the [-th layer, As shown in Table 2,
MAD captures the statistical difference between
the whole layer and each cluster, offering the best
validation performance. Subsequently, the scaling
factor Sj[c] for cluster ¢ can be computed as the
inverse of MAD to ensure the group with higher
gradient variability obtains smaller weights:

1

SHe] = ———,
1l MAD] _ + ¢

(6)

where ¢ = 1078 is a small constant for numerical
stability. As for stable updating, the scaling factors
are updated periodically every T iterations using
EMA update to smooth out short-term fluctuations:

1

tra _ p qt—1 _ .
Silel = B3-S [+ (1—Bs) 7MADZ7Z+E7

(7

where (3 denotes EMA decay controlling the im-
pact of history accumulation.

Table 3: Performance Gains and Costs of SGG. Val-
idation Perplexity (PPL)J, total training hours and the
peak GPU memory are reported with LLaMA-1B on
C4. GPU and CPU versions of SGG store the extra opti-
mization state in GPU and CPU memory, respectively.

Method ‘ PPL Training Time Memory
Adam 15.56 110h 7.8G
Adam+SGG (GPU) |+6.5% (-1.01) +1.8% (+2h) +4.3G
Adam+SGG (CPU) |+6.5% (-1.00) +8.2% (+9h) +0.0G
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Figure 2: Analysis of Clustering Strategies in SGG
with LLaMA-1B on C4. Validation Perplexity| and
total pre-training hours| are reported, where Mini-batch
K-Means achieves the best trade-off between PPL and
the additional clustering costs (the lowest bar).

As for practical implementation, there are two
trade-off problems between performances and ef-
ficiency in SGG. (i) How to choose clustering
methods with a certain reclustering interval 7'?
We consider four popular clustering methods, K-
Means (MacQueen et al., 1967), Mini-batch K-
Means (Sculley, 2010), GMM (Kambhatla and
Leen, 1994), and DBSCAN (Ester et al., 1996), and
choose the mini-batch K-Means because of its bal-
ance between performance and computional costs,
as shown in Figure 2. We empirically design a flex-
ible schedule that set the interval 1" as 10% of the
total training iterations, as verified in Figure 5. (ii)
Where to store the clustering indices {C;}L , and
scaling factors {S;}, and compute clustering?
As shown in Table 3, we compare the performance,
training time, and GPU memory of putting them
on GPU or CPU. We found that the peak memory
of computing GPU clustering is remarkable while
storing {C;}2_, and {S;}, in the CPU memory
will not delay the training. Therefore, we use the
CPU version that performing clustering and storing
extra optimization states on CPU, which does not
require extra GPU memories and increase negligi-
ble training time, as summarized in Table 1.

3 Experiments

3.1 Experimental Setup

Task Information. To verify performance gains
and generalizability of SGG, we choose 20 pub-
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Figure 3: C4 Pre-training with LLaMA using full-rank and LoRA optimization methods. (a) and (b) show the fast
convergence and performance gains over the baseline (Adam or LoRA) with SGG. (¢) shows SGG yields consistent
performance gains over LoRA, which orthogonally captures low-rank properties from gradients.

lic datasets for experiments, including large lan-
guage datasets, Vision Question Answering (VQA)
datasets, and standard multimodal large language
model (MLLM) evaluation benchmarks. (1) Pre-
training on C4: We utilized the en subset of the
C4 dataset, a cleaned and high-quality version of
Common Crawl’s web corpus, which has been fil-
tered for toxic content (Kopf et al., 2023). (2) SFT
on GLUE Benchmark: We fine-tuned our model
on the GLUE benchmark, a widely-used evalua-
tion framework for NLP tasks such as sentiment
analysis, question answering, and textual entail-
ment (Wang, 2018). (3) PEFT with Commonsense
Reasoning Tasks: Building on the LLM-Adapters
framework (Hu et al., 2023), we evaluated PEFT
methods on LLaMA across 8 Commonsense Rea-
soning (CS) datasets: BoolQ (Clark et al., 2019),
PIQA (Bisk et al., 2020), SIQA (Sap et al., 2019),
HellaSwag (Zellers et al., 2019), WinoGrande (Sak-
aguchi et al., 2021), ARC (ARC-Easy and ARC-
Challenge) (Clark et al., 2018), and OBQA (Mi-
haylov et al., 2018). (4) RLHF with DPO: Us-
ing the TRL library, we implemented RLHF with
DPO to align the model with human preferences.
The Qwen2.5 0.5B model was trained on the ul-
trafeedback_binarized dataset, which includes bi-
nary preference labels (von Werra et al., 2020).
(5) Comparison of MLLM Tasks: including VQA
benchmarks such as GQA (Hudson and Manning,
2019), TextVQA (Singh et al., 2019), SciVQA'
(evaluation on the imageset of ScienceVQA) (Lu
et al., 2022), VQAv2 (Goyal et al., 2017), and
Vizwiz (Gurari et al., 2018), as well as MLLM
evaluation benchmarks including POPE (Li et al.),
MMBench (Liu et al., 2025), MMBench-Chinese
(MMBench®™) (Liu et al., 2025), SEED/ (Li et al.,
2023), and MME (Perception) (Yin et al., 2023).

Implementation Details SGG is implemented in
PyTorch, compatible with mainstream optimizers
by several lines of code and no network modifica-

Table 4: Comparison Results of LLaMA Pre-training
on C4 with full-rank and low-rank optimization. The
validation Perplexity (%)l is reported for scaling-up
parameters. Bold and green types denote the best results
and performance gains compared to related baselines.

Method Date | 60M 130M 350M 1B
Pre-training with Full-Rank Optimizers

Adam ICLR’15 | 34.06 25.08 18.80 15.56
Adam-mini ICML24 | 34.10 24.85 19.05 16.07
LAMB ICLR’20 | 33.04 24.37 18.26 15.84
LION NeurIPS’23| 32.42 24.05 18.10 15.47
Adam+SGG Ours 30.34 23.32 17.34 14.56
A Gain -3.72 -1.76 -1.46 -1.00
Pre-training with Memory-efficient Optimizers

Adafactor ICML’18 |32.57 23.98 17.74 15.19
Low-Rank arXiv’22 | 78.18 4551 37.41 34.53
CAME ACL’23 | 31.37 2338 17.45 14.68
CAME+SGG Ours 30.15 2291 17.09 14.35
A Gain -1.22 -0.46 -0.36 -0.33
APOLLO MLSys’25 [31.55 22.94 16.85 14.20
APOLLO+SGG  Ours 30.18 22.52 16.54 13.95
A Gain -1.37 -042 -0.31 -0.25
Low-Rank Pre-training

LoRA ICLR’22 |34.99 33.92 25.58 19.21
ReLoRA ICLR’23 |37.04 29.37 29.08 18.33
GaLore ICML’24 |34.88 25.36 18.95 15.64
LoRA+SGG Ours 30.62 23.62 17.86 14.73
A Gain -4.37 -10.30 -7.72 -4.48
Training Tokens 1.1B 22B 64B 13.1B

tions. Key hyperparameters include cluster number
K € {2,3}, recluster interval 7" is 10% of total
iterations, and scaling EMA decay 83 = 0.9, em-
pirically tuned for balancing both efficiency and
performance. Clustering indices and scaling fac-
tors can also be stored in CPU memory to avoid
GPU overhead, ensuring scalability. We reproduce
results with gray and blue backgrounds, while other
results are taken from their official papers. All ex-
periments are conducted with A100-80G GPUs and
reported with three runs.

3.2 Comparison Results with LL.LMs

Pre-training on C4. Following GaLore (Zhao
et al., 2024a), we employ LLaMA-based architec-



Table 5: Comparison Results of GLUE Benchmark with full-rank and low-rank (LoRA) SFT. Top-1 accuracy
(%)7 is reported for all sub-tasks, while bold and green types denote the best results and relative performance gains.

Optimizer Rank ‘ CoLA STS-B MRPC RTE SST2 MNLI QNLI QQpP Average
Full-Rank SFT

SGD Full | 62.12 90.73 87.74 79.06 94.26 87.53 92.29 92.22 85.74
AdamW Full | 62.24 90.92 91.30 79.42 94.57 87.18 92.33 92.28 86.24
LAMB Full | 62.09 90.59 88.72 75.45 94.72 87.71 92.42 91.46 85.40
CAME Full | 62.16 90.43 89.02 75.94 94.61 87.13 92.31 91.54 85.39
APOLLO Full | 62.45 90.70 90.36 77.53 94.58 87.57 92.40 92.12 85.96
SGD+SGG Full | 63.70 +1.58 90.92 +0.19 88.50 +0.76 79.42 +0.36 94.61 +0.35 87.97 +0.44 92.62 +0.33 92.67 +0.45 (86.30 +0.56
AdamW+SGG  Full | 63.36 +1.12 91.22 +0.30 92.65 +1.35 80.87 +1.45 95.58 +1.01 88.32 +1.14 92.88 +0.55 93.32 +1.04 |87.28 +1.00
LAMB+SGG Full | 62.47 +0.38 90.90 +0.31 89.46 +0.74 76.53 +1.08 94.95 +0.23 87.81 +0.10 92.89 +0.47 91.78 +0.32 (85.85 +0.45
Low-Rank SF1T

SGD (LoRA) 4 16032 90.31 87.75 79.06 94.27 87.39 92.16 91.89 85.39
AdamW (LoRA) 4 | 61.38 90.57 91.07 78.70 92.89 86.82 92.18 91.29 85.61
LAMB (LoRA) 4 | 6151 90.33 89.46 74.73 94.27 87.51 92.48 91.57 85.23
DoRA 4 16038 90.50 88.24 74.73 93.69 - 92.59 - -
GaLore (LoRA) 4 | 60.35 90.73 92.25 79.42 94.04 87.00 92.24 91.06 85.89
SGD+SGG 4 | 61.57 +1.25 90.50 +0.19 88.50 +0.75 80.14 +1.08 94.61 +0.37 87.65 +0.26 92.37 +0.21 92.24 +0.35 |85.95 +0.56
AdamW+SGG 4 6236 +0.98 91.10 +0.53 92.12 +1.05 80.51 +1.81 95.06 +2.17 88.18 +1.36 92.62 +0.44 93.06 +1.77 |86.88 +1.27
LAMB+SGG 4 | 6247 +0.96 90.90 +0.57 89.46 +0.30 75.53 +0.80 94.95 +0.34 87.73 +0.12 92.92 +0.41 91.78 +0.36 |85.72 +0.49
SGD (LoRA) 8 |60.57 90.29 88.48 79.42 94.32 87.44 92.23 92.10 85.61
AdamW (LoRA) 8 | 61.83 90.80 91.90 79.06 93.46 86.94 92.25 91.22 85.93
LAMB (LoRA) 8 | 61.89 90.78 89.21 79.42 94.61 87.61 92.51 91.42 85.35
DoRA 8 | 58.36 90.63 88.97 75.09 93.81 - 92.68 - -
GaLore (LoRA) 8 | 60.06 90.82 92.01 79.78 94.38 87.17 92.20 91.11 85.94
SGD+SGG 8 | 61.61 +1.04 90.63 +0.34 89.46 +0.98 80.87 +1.45 94.61 +0.29 87.93 +0.49 92.53 +0.30 92.48 +0.38 (86.27 +0.66
AdamW+SGG 8 |62.36 +0.53 91.10 +0.30 92.12 +0.22 80.51 +1.45 95.06 +1.60 88.17 +1.23 92.65 +0.40 92.85 +1.63 (86.85 +0.92
LAMB+SGG 8 | 62.47 +0.58 90.90 +0.12 89.46 +0.25 76.53 +1.80 94.95 +0.34 87.85 +0.24 92.87 +0.36 91.78 +0.36 (85.85 +0.50

tures for full-rank and low-rank pre-training on
C4, maintaining consistent hyperparameters across
model sizes while tuning learning rates individu-
ally. Experiments are conducted in BF16 format for
memory efficiency, with learning rates calibrated
within a fixed computational budget. Results show
that integrating SGG with various optimizers con-
sistently reduces validation perplexity (Table 4) and
accelerates convergence (Figure 3), highlighting its
efficacy as a plug-in optimization method. Further
details are provided in appendix.

SFT on GLUE Benchmark. We fine-tuned the
pre-trained ROBERTa-base model on GLUE tasks
using SFT. Experimental results demonstrate that
integrating SGG with various optimizers signifi-
cantly boosts performance in both full-rank and
low-rank SFT scenarios (Table 5). Notably, SGG
consistently enhances accuracy across multiple
GLUE tasks, with AdamW+SGG achieving par-
ticularly significant improvements. For instance,
in the MRPC task, AdamW+SGG achieves gains
of +1.35% (full-rank) and +1.05% (low-rank, rank
4). The MNLI task also shows substantial improve-
ments, with increases of +1.14% (full-rank) and
+1.36% (low-rank, rank 4). This plug-and-play
approach demonstrates versatility and robustness
across diverse rank constraints.

PEFT with Commonsense Reasoning Tasks.
Following LL.M-Adaptor, we evaluate eight CS

tasks with top-1 accuracy (%) and GPU memory
consumption, where LLaMA-7B is fine-tuned by
AdamW on a unified training set with the LoRA
rank » = 32 and evaluated with each sub-set. As
shown in Table 6, SGG improves LoRA by +2.9 %
and outperforms or achieves competitive perfor-
mances among classical PEFT baselines (Prefix (Li
and Liang, 2021), Series (Houlsby et al., 2019), and
Parallel (He et al., 2021)) and latest PEFT meth-
ods (DoRA, GaLore, and Fira (Chen et al., 2024)).
View Table A3 and Appendix A for details.

Table 6: Comparison Results of LLaMA PEFT on
Commonsense Reasoning datasets. The accuracy (%)t
of six selected datasets and the average (AVG) results
of eight datasets are reported, and Table A3 shows full
results. Bold and green types denote the best results
and performance gains over the baseline.

Method BoolQ PIQA SIQA WG Arc-E OBQA‘AVG
Parallel 679 764 78.8 78.9 73.7 752 \72.2
LoRA 689 80.7 774 788 778 748 T4
DoRA 69.7 834 786 810 819 792 |784
Gal.ore 69.5 82.0 75.1 18.0 80.7 78.0 |62.7
Fira 694 82.6 780 81.2 822 80.8 |76.9
LoRA+SGG| 70.3 83.6 78.8 809 815 79.0 77.6
A Gain +1.4 429 +14 +2.1 +3.7 +4.2 ‘+2.9

RLHF with DPO. Following the default TRL li-
brary settings, including optimization hyperparam-
eters and the training pipeline, the effectiveness
of DPO in improving preference alignment was
systematically evaluated while maintaining com-
putational efficiency. As shown in Table 8, the



Table 7: Comparison of MLLLM Tasks with LLaVA
variants and diverse optimizers. Top-1 accuracy (%)7 is
reported for selected tasks, AVG denotes the averaged
results, and Table A6 shows full results. MMB and
MMB®N indicate MMbench and MMbench (Chinese).

Image Question Answering Benchmarks

Optimizer — AVG
GQA VizWiz SciVQA! VQATMMB MMB®N POPE
BLIP-2 410 196 610 425 | — - 853 -—
InstructBLIP  |49.2 345 605 50.1 [36.0 237 79.8 47.7
Qwen-VL 593 352 671 63.8 |382 74 - -
TinyLLaVA 620 — 69.1 591 |669 — 864 —
MoE-LLaVA  |62.6 — 703 570|680 — 857 —
LLaVA-Phi - - 684 486(598 — 850 —

LLaVA-NeXT |64.2 57.6 70.1 649 | 674 60.6 86.5 67.3
LLaVA-MOD |58.7 39.2 68.0 585|663 619 87.0 62.8
LLaVA-KD-2B |62.3 44.7 64.7 534 1640 63.7 863 62.7
LLaVA-v1.5 Full-Rank SFT

AdamW 62.0 50.0 66.8 582 | 643 583 859 63.6
Adafactor 62.7 48.2 70.7 57.1 | 66.1 604 86.0 64.5
LAMB 43.8 533 61.5 434 | 432 418 81.2 52.6
AdamW+SGG |62.4 50.1 68.8 584 | 656 599 86.6 64.5
A Gain +0.4 +0.1 +2.0 +0.2 |+1.3 +1.6 +0.7 +0.9
Adafactor+SGG| 62.8 50.6 71.6 573 1 66.3 60.8 86.0 65.1
A Gain +0.1 +24 +0.9  +0.2 | +0.2  +04 +0.0 +0.6
LAMB+SGG |44.0 533 61.8 435 | 433 419 813 52.7
A Gain +0.2  +0.0 +0.3  +0.1 [ +0.1 +0.1 +0.1 +0.1
LLaVA-v1.5 Low-Rank SFT (AdamW)

LoRA 63.0 478 68.4 582 | 66.1 589 86.4 64.1
LoRA+SGG 634 51.0 70.1 58.6 | 66.7 594 86.6 65.1
A Gain +0.4 +2.2 +1.5 404 | +0.6 +0.5 +0.2 +1.0
LLaVA-v1.5 8-bit Low-Rank SFT (AdamW)

Q-LoRA 543 50.7 66.4 52.5 |56.0 49.8 829 589

Q-LoRA+SGG |55.1 51.3 66.7 53.0 | 56.1 51.0 834 59.5
A Gain +0.8 +0.6 +0.3 +0.5 | +0.1 +0.2 +0.5 +0.6

combination of AdamW with SGG achieved the
highest Top-1 accuracy of 72.02% using LoRA
training, demonstrating a significant gain of 1.80 %
compared to the baseline.

3.3 Comparison Results with MLLMs

Following LLaVA-v1.5, the MLLM models in-
clude a pre-trained Vicuna-v1.5-7B (Chiang et al.,
2023), a pre-trained 2xMLP, and a pre-trained
CLIP (Radford et al., 2021), which is supervised
fine-tuned for one epoch with a batch size of 64.
As for the Full-Rank SFT, we consider AdamW,
Adafactor, and LAMB as the baseline optimizers,
whose details of optimizer hyperparameters and
training settings are provided in Table AS, and
also display results of mainstream MLLM meth-
ods. As shown in Table 7, results of VQA and
benchmark tasks verify that SGG could improve
AdamW by +0.9% with 64.5 average performance.
With Adafactor, SGG could get extra +0.6 % per-
formance compared to the vanilla one, especially
on VizWzi VQA task, SGG brings +2.4% capabil-
ity. To further validate the effectiveness of SGG
with PEFT and low-bit quantization scenarios, we

Table 8: Comparison Results of DPO Tasks with
Qwen2.5-0.5B using full-rank and LoRA training. Top-
1 accuracy (%) is reported, while bold and green types
denote the best results and gains compared to baselines.

Optimizer Full-Rank LoRA
SGD 70.10 69.73
AdamW 71.39 70.22
LAMB 70.82 70.39
SGD+SGG 70.82 +0.72| 70.76 +1.03
AdamW+SGG | 71.85 +0.47| 72.02 +1.80
LAMB+SGG | 71.32 +0.50| 71.28 +0.89

conduct SFT with LoRA and 8-bit Quantization
LoRA (Q-LoRA (Dettmers et al., 2024)) with the
rank 7 = 128 and the scaling factor o = 256. Ta-
ble 7 shows that SGG achieves an average 65.1
score and brings additional performance gains over
LoRA of +2.2% on the VizWiz task. With QLoRA
(8-bit) SFT, SGG also brings +0.6 % performance
gain. Please refer to Table A6 for full results.

3.4 Analysis of Learning Rate Scaling

The relationship between batch size and learning
rate (LR) is a critical focus in the LLM community
due to its significant impact on training efficiency
and stability. A key challenge is the surge phe-
nomenon (Li et al., 2024b), where the optimal LR
for Adam-like optimizers varies with batch size dif-
ferently, complicating large-scale distributed train-
ing and requiring careful hyperparameter tuning to
prevent instability or suboptimal convergence. Tak-
ing SFT on Alpaca (Taori et al., 2023) with Adam
as an example, Figure 4 shows that SGG yields ro-
bust validation loss across varying batch sizes and
learning rates, even with extremely large batch size
of 4096 and LR of le-1. It suggests that SGG effec-
tively mitigates gradient outliers and dynamically
adjusts LRs, ensuring consistent and significant
loss convergence within controlled batch size and
LR configurations. Refer to Appendix C for details.

3.5 Ablation Study

We analyze SGG’s clustering designs and hyper-
parameters from two aspects. Regarding cluster
scaling, Table 9 shows that the cluster number K
can be easily tuned in {2,3} for diverse tasks ac-
cording to the warnings from mini-batch K-Means.
The interval 1" can be robustly determined as 10%
of total training iterations, e.g., T = 1k iterations
for LLaMA-60M in Figure 5(a). For scaling decay
(s, Figure 5(b) verifies its choice as 0.9.
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Validation Perplexity (%)

SFT Learning Rate
Figure 4: Scaling-up Learning Rate with diverse batch
sizes with Qwen2.5-0.5B SFT on Alpaca. Validation
lossy is plotted with Adam and Adam+SGG. SGG offers
robust performance gains even under extreme settings.

Table 9: Ablation Study of the cluster number K (task-
relevant) in SGG with various tasks, where ERR denotes
the running error of mini-batch K-Means.

Task |  Model [K=I(Adam) K=2 K=3 K=4
c4l LLaMA-60M 341 303 30.8 ERR
c4l LLaMA-130M| 251 233 235 ERR
GLUE (MNLD)T | RoBERT-Base | 872 88.3 87.9 ERR
MLLMt LLaVA-1.5-7B| 636 64.2 64.5 64.3

4 Related Work

Efficient Optimization. Adaptive learning rate
optimizers (Loshchilov and Hutter, 2019) are
widely used in LLM training for balancing conver-
gence and generalization, yet they struggle to scale
effectively due to their dependence on global gra-
dient statistics, which overlook the heterogeneous
nature of LLM gradients (Zhao et al., 2024b; Zhang
et al., 2025b). This heterogeneity, coupled with the
low-rank structure of LLM parameters, often leads
to inefficient updates and suboptimal convergence
(Chen et al., 2024; Zhao et al., 2024a). Traditional
methods like Adam exhibit limitations in handling
LLM gradient dynamics under low-rank constraints
(Li et al., 2024a), prompting the development of
memory-efficient optimizers such as BAdam (Luo
et al., 2025) and LISA (Pan et al., 2025). Tech-
niques like Adam-mini (Zhang et al., 2024) and
APOLLO (Zhu et al., 2024a) further demonstrate
that reduced learning rates or SGD-like memory
footprints can achieve competitive performance.
However, challenges persist, particularly in scal-
ing optimization for large models, as evidenced
by the surge phenomenon in optimal learning rate
and batch size scaling (Li et al., 2024b). Innova-
tions like SPAM (Huang et al., 2025) and CAME
(Luo et al., 2023) introduce momentum reset and
confidence-guided strategies to stabilize training.
SGG addresses these issues by clustering gradi-

—e— LLaMA-60M /
320 —e— LLaMA-130M 304
31.0 B 24.2
220
<
5
25
5236
235 24

230 232
17100 1720 110 1 o9
Reclustering T Interval
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—e— LLaMA-60M
—e— LLaMA-130M

099 0939
Scaling Decay Beta3

(a) Recluster Interval T° (b) Scaling Decay (3

Figure 5: Ablation Study of two robust hyper-
parameters in SGG with LLaMA pre-training on C4.

ents and applying cluster-specific scaling, ensuring
tailored learning rates for each parameter group.

Parameter-efficient Fine-tuning. LLM appli-
cations have advanced significantly through
Parameter-efficient Fine-tuning (PEFT), with
LoRA (Hu et al., 2021) emerging as a cornerstone
technique. LoRA reduces the computational cost
by learning fewer trainable parameters, which are
low-rank perturbations to pre-trained weights. Re-
cent extensions, such as DoRA variants (Liu et al.,
2024c; Nasiri and Garraghan, 2025), further en-
hance adaptation efficiency while maintaining per-
formance. However, LoRA and its variants face
notable limitations: reliance on Dropout for reg-
ularization often fails in short training regimes
(Kamalakara et al., 2022), suboptimal initializa-
tion slows convergence in sparse data scenarios,
and static scaling factors hinder adaptive learning
rate tuning (Dettmers et al., 2023). Efforts like
LoRA+ (Hayou et al., 2024) and LoRA-XS (Batazy
et al., 2024) address some issues but remain chal-
lenged in multi-modality perception tasks (Ma
et al., 2024) and broader PEFT applications (Zhang
et al., 2025a). These limitations highlight the need
for low-rank optimization that is migratable and ad-
justs learning rates with low-rank properties, which
could be overcome with the gradient clustering and
cluster-specific scaling techniques in our SGG.

5 Conclusion

This paper introduces an efficient optimizer wrap-
per SGG that captures the inherent low-rank prop-
erties of LLM structures to estimate group-wise
adaptive learning rates through gradient cluster-
ing and cluster-specific scaling. Extensive exper-
iments across LLM pre-training, SFT and DPO
fine-tuning, and MLLM applications verify the con-
sistent performance gains of SGG upon popular
optimizers and LoRA with ignorable extra costs.



6 Limitations

Border Impact. As LLM applications extend,
the efficient algorithm of resource-constrained and
large-scale optimization grows vital. Our proposed
SGG offers a new angle for developing efficient
and migratable optimizers by employing gradient
clustering to estimate adaptive learning rates rather
than applying NMF in parameter or gradient statis-
tic estimation like LoRA variants and memory-
efficient optimization. It makes SGG highly ver-
satile and integrates seamlessly with full-rank op-
timizers, memory-efficient optimizers, and LoRA
algorithms to achieve significant performance gains
across various LLM & MLLM applications with
minimal extra cost.

Limitations and Future Works. While SGG
demonstrates promising results in improving the ef-
ficiency and stability of LLM training, several limi-
tations warrant further investigation. First, the cur-
rent gradient grouping mechanism relies on heuris-
tic clustering algorithms, which may not fully cap-
ture the nuanced gradient patterns in more com-
plex architectures. Future work could explore more
sophisticated clustering techniques or even learn-
able grouping strategies to enhance adaptability.
Second, SGG’s performance has been primarily
validated on a limited set of benchmarks; extend-
ing evaluations to a broader range of tasks and
model architectures would provide deeper insights
into its generalizability. Lastly, the computational
overhead of gradient clustering, though minimal,
could be further optimized for extremely large-
scale models. Addressing these limitations could
pave the way for more robust and scalable opti-
mization frameworks in the future.
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Appendix
A Implementation Details

SGG is implemented in PyTorch and seamlessly in-
tegrates with mainstream optimizers such as SGD
and Adam, requiring no modifications to the net-
work architecture and only minimal changes to the
optimization loop. Key hyperparameters include
the number of clusters K € {2, 3}, the recluster
interval T (typically set to 10% of the total train-
ing iterations), and the scaling factor EMA decay
B3 = 0.9. These hyperparameters are empirically
tuned to balance computational efficiency and opti-
mization performance. To ensure scalability, clus-
tering indices and scaling factors are stored in CPU
memory, reducing GPU memory overhead while
maintaining efficient access during training. This
design choice allows SGG to handle large-scale
models without significant memory bottlenecks.

The core of SGG involves grouping gradients
into clusters and applying cluster-specific scaling
factors to the learning rates. For optimizers like
Adam, the momentum estimates m} (which pro-
vide a smoothed representation of the gradients) are
flattened and clustered instead. The clustering is
performed using the MiniBatchKMeans algorithm
from the sklearn library, which is efficient and
suitable for large datasets. During clustering, the
flattened gradients or momentum estimates are re-
shaped into a 2D array of shape (N, 1), where N is
the total number of elements in the gradient tensor.
After clustering, each gradient element is assigned
to a cluster, and the scaling factors S; are updated
using an EMA of the median gradient magnitudes
within each cluster. These scaling factors are then
applied to the learning rates during the parameter
update step, enabling adaptive and cluster-specific
optimization. The entire process is computationally
efficient, with clustering performed on the CPU and
only the final scaling factors transferred to the GPU
for parameter updates.

B Evaluation Setups and Experimental
Results

B.1 LLM Pre-training on C4

We conducted extensive pre-training experiments
on LLaMA-based large language models using the
C4 dataset. The C4 dataset, a meticulously cleaned
and processed version of Common Crawl’s web
corpus, serves as a benchmark for pre-training lan-
guage models and learning word representations.
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To closely replicate real-world pre-training condi-
tions, we implemented a no-repetition training pro-
tocol over a substantial data volume, scaling our ex-
periments across model sizes up to 7 billion param-
eters. We provide a comprehensive overview of
the LLaMA architecture and the specific hyperpa-
rameters employed during pre-training (Tabel A1).
The hyperparameters are standardized across all
model sizes, with a maximum sequence length
of 256 tokens and a batch size of 131,000 tokens.
Across all experiments, we implemented a learning
rate warmup phase for the initial 10% of the train-
ing steps, followed by a cosine annealing schedule
that gradually reduces the learning rate to 10% of
its initial value.

For each model size (ranging from 60 mil-
lion to 1 billion parameters), we performed
a systematic hyperparameter search to iden-
tify the optimal learning rate from the set
{0.01,0.005, 0.001, 0.0005,0.0001}, with selec-
tion criteria based on validation perplexity. No-
tably, SGG demonstrated remarkable robustness
to hyperparameter variations, maintaining stable
performance across different model sizes with a
consistent learning rate.

B.2 LLM SFT on GLUE Benchmark

The GLUE benchmark, a widely-used evaluation
framework for NLP tasks such as sentiment anal-
ysis, question answering, and textual entailment
(Wang, 2018), serves as a robust platform for as-
sessing model performance. In this study, we fine-
tuned the pre-trained RoBERTa-Base model on the
GLUE benchmark using the Hugging Face imple-
mentation. The model was trained for 30 epochs
with a batch size of 16 for all tasks, except for
CoLA, which utilized a batch size of 32. We metic-
ulously tuned the learning rate and scale factor
for the SGG optimization technique. Table A2 de-
tails the hyperparameters employed for fine-tuning
RoBERTa-Base with SGG.

The results, as presented in Table 5, demon-
strate the efficacy of SGG in enhancing model
performance across various GLUE sub-tasks. No-
tably, SGG consistently improves the top-1 ac-
curacy when applied to different optimizers, in-
cluding SGD, AdamW, and LAMB. For instance,
SGD+SGG achieves a significant performance gain
of +1.58 on CoLA and +0.76 on MRPC com-
pared to the standard SGD optimizer. Similarly,
AdamW+SGG shows remarkable improvements,
with gains of +1.45 on RTE and +1.01 on SST2.



Table Al: Hyperparameters of LLaMA models for evaluation.

Params Hidden Intermediate Heads Layers Steps Data Amount
60M 512 1376 8 8 10K 1.3B
130M 768 2048 12 12 20K 2.6B
350M 1024 2736 16 24 60K 7.8B
1B 2048 5461 24 32 100K 13.1B
Table A2: Hyperparameters of fine-tuning RoBERTa base.
MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B
Batch Size 16 16 16 32 16 16 16 16
# Epochs 30 30 30 30 30 30 30 30
Learning Rate ~ 2E-05 1E-05 3E-05 3E-05 1E-05 1E-05 1E-05 2E-05
Rank Config. Full
Max Seq. Len. 512
Batch Size 16 16 16 32 16 16 16 16
# Epochs 30 30 30 30 30 30 30 30
Learning Rate  2E-05 1E-05 3E-05 3E-05 1E-05 1E-05 1E-05 2E-05
Rank Config. r=4
Max Seq. Len. 512
Batch Size 16 16 16 32 16 16 16 16
# Epochs 30 30 30 30 30 30 30 30
Learning Rate  2E-05 2E-05 2E-05 3E-05 1E-05 2E-05 2E-05 3E-05
Rank Config. r=2_8
Max Seq. Len. 512

These enhancements underscore the advantage of
SGG in stabilizing and accelerating the conver-
gence of gradient-based optimization methods, par-
ticularly in low-rank settings where computational
efficiency is crucial. The consistent performance
gains across multiple tasks and optimizers high-
light SGG’s potential as a robust technique for fine-
tuning large-scale language models, making it a
valuable addition to the NLP toolkit.

B.3 LLM PEFT with Commonsense
Reasoning Tasks

Following LLM-Adaptor (Hu et al., 2023), we
evaluate eight Commonsense Reasoning tasks
with top-1 accuracy (%) and GPU memory con-
sumption, including BoolQ (Clark et al., 2019),
PIQA (Bisk et al., 2020), SIQA (Sap et al., 2019),
HellaSwag (Zellers et al., 2019), WinoGrande (Sak-
aguchi et al., 2021), ARC-Easy (ARC-E) and
ARC-Challenge (ARC-C) (Clark et al., 2018),
and OBQA (Mihaylov et al., 2018). As SFT se-
tups in LLM-Adaptor, we combine the training
datasets from all sub-tasks to fine-tune the pre-
trained LLaMA-7B for 3 epochs using AdamW
optimizer with a basic learning rate of 1e-4, a batch
size of 32, the rank » = 32. Then, we evalu-
ate each sub-task individually using its respective
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testing dataset. Three classical PEFT baselines,
Prefix-tuning (Prefix) (Li and Liang, 2021), Series
Adapter (Series) (Houlsby et al., 2019), and Paral-
lel Adapter (Parallel) (He et al., 2021), and three
popular PEFT methods, DoRA (Liu et al., 2024c),
Galore (Zhao et al., 2024a), and Fira (Chen et al.,
2024), are compared in Table A3. Our SGG con-
sisently improves eight sub-tasks over LoRA by
+2.9% without extra GPU memory, achieving com-
petitive performances with well-designed PEFT
methods with LORA+SGG.

B.4 LLM RLHF with DPO

In our experiments, we employed the Direct Prefer-
ence Optimization (DPO) approach to fine-tune
the Qwen2.5-0.5B model using the ultrafeed-
back_binarized dataset, which contains binary pref-
erence labels that facilitate the alignment of the
model with human preferences (von Werra et al.,
2020). The training process was conducted using
both full-rank and LoRA strategies, with the latter
being particularly effective in reducing the number
of trainable parameters while maintaining compet-
itive performance. The hyperparameters for the
training included a learning rate of 5.0 x 10~ for
full-rank training and 5.0 x 10~ for LoRA, with
a single training epoch and a batch size of 2 per de-



Table A3: Full Comparison Results of LLaMA PEFT on eight commonsense reasoning datasets with the accuracy
(%) and the GPU memory/, where only the weights and optimization states are considered. ChatGPT results are
obtained by Zero-shot CoT with gpt-3.5-turbo API. Bold and green types denote the best results and performance

gains compared to related baselines.

Model PEFT Memory |BoolQ PIQA SIQA HellaSwag WinoGrande Arc-E Arc-C OBQA |Average
ChatGPT — — 73.1 854 68.5 78.5 66.1 89.8 799 748 77.0
Prefix 0.05G | 643 76.8 73.9 42.1 72.1 729 540 60.6 64.6
Series 042G | 63.0 79.2 763 67.9 75.7 745 571 724 70.8
Parallel 149G | 679 764 78.8 69.8 78.9 737 573 752 72.2
LoRA 0.35G | 68.9 80.7 774 78.1 78.8 778 613 748 74.7
LLaMA-7B DoRA 0.26G | 69.7 834 78.6 87.2 81.0 819 66.2 79.2 78.4
GaLore 0.26G | 69.5 820 75.1 322 18.0 80.7 65.8 78.0 62.7
Fira 0.26G | 694 826 78.0 76.8 81.2 822 644 80.8 76.9
LoRA+SGG 0.35G | 70.3 83.6 78.8 81.7 80.9 81.5 653 79.0 77.6
A Gain +0.00 | +1.4 +29 +14 +3.6 +2.1 +3.7 +4.0 +4.2 +2.9

vice. Gradient accumulation was set to 8 steps, and
gradient checkpointing was enabled to optimize
memory usage.

The optimization process utilized several opti-
mizers, including SGD, AdamW, and LAMB, with
and without the addition of the SGG (Stochastic
Gradient with Gain) technique. As shown in Ta-
ble 8, the inclusion of SGG consistently improved
the Top-1 accuracy across all optimizers. For in-
stance, AdamW with SGG achieved a Top-1 accu-
racy of 71.85% in full-rank training, representing
a gain of 0.47 % over the baseline AdamW. Simi-
larly, in LoRA training, AdamW with SGG reached
72.02%, a significant improvement of 1.80% com-
pared to the baseline. These results underscore
the advantage of SGG in enhancing the optimiza-
tion process, particularly in scenarios where com-
putational efficiency and model performance are
critical.

The LoRA configuration used a rank (r) of
32 and alpha (o) of 16, which provided a bal-
ance between model complexity and performance.
The evaluation strategy was set to steps, with
evaluations conducted every 50 steps, and log-
ging was performed every 25 steps to moni-
tor the training progress. The output direc-
tory was designated as Qwen2-0.5B-DPO, and the
no_remove_unused_columns flag was enabled to
retain all columns in the dataset during training.

B.5 MLLM SFT with LLaVA Variants

To validate the generalization capability of the
SGG-equipped optimizer, we also verify it on some
variants of LLaVA (Liu et al., 2024b). i.e. LLaVA-
v1.5-7b, LLaVA-LoRA, LLaVA-v1.3. And we
choose some mainstream multi-modal LLMs at Ta-
ble 7, e.g. BLIP (Li et al., 2022), InstructBLIP (Dai

et al., 2023), Qwen-VL (Bai et al., 2023), Qwen-
VL-Chat, mPLUG-OwI2 (Ye et al., 2024), and
some variant of LLaVA, Tiny-LLaVA (Zhou et al.,
2024), MoE-LLaVA (Lin et al., 2024), LLaVA-
Phi (Zhu et al., 2024b), LLaVA-NeXT (Liu et al.,
2024a), LLaVA-MOD (Shu et al., 2024), and
LLaVA-KD-2B (Cai et al., 2024).

Setup and Settings: Following the LLaVA-
v1.5, we use a pre-trained Vicuna-v1.5-7B (Chiang
et al., 2023) as the language decoder. A pre-trained
2xMLP as the connector to align the visual tokens
to text tokens. The connector was trained by the
LCS-558K datasets for one epoch. For the visual
encoder, CLIP (Radford et al., 2021) encodes and
extracts the visual representation from the images.
In our experiments, we validate three different op-
timizers: AdamW, Adafactor, and LAMB. The de-
tails of the optimizer hyperparameters and some
training settings are shown in Table AS.

Supervised Fine-tuning: We keep the visual
encoder frozen and update the parameters of the
connector and LLM for training. For the Full-Rank
Supervised Fine-Tuning (SFT), the learning rate
was set to 2e-5, the batch size was 64, and train-
ing one epoch on 1llava-v1.5-mix665k dataset.
To further validate the effectiveness of SGG in
the light parameters and low-bit quantization sce-
nario, we conducted an experiment to train the
Low-Rank (LoRA) and 8-bit Quantization LoRA
(Q-LoRA (Dettmers et al., 2024)) SFT method.
These methods have unique advantages in param-
eter efficiency and training speed. For the LoORA
and Q-LoRA SFT, the rank r of LoRA is 128, the
learning rate scaling factor « is 256, the batch size
set is 64, and training one epoch. These low-rank
methods are based on the LLaVA-v1.5.

Results: Table 7 and Table A6 present the re-



Table A4: Full Comparison Results of LLaMA Pre-training on C4 using full-rank and memory-efficient
optimization with model size ranging from 60M to 1B. The validation perplexity (PPL)] and GPU memory (Mem.)J,
are reported, where only the weights and optimization states are considered for the memory. Bold and green types
denote the best results and performance gains compared to related baselines.

Method Date 60M 130M 350M 1B
PPL Mem. PPL Mem. PPL Mem. PPL Mem.
Adam ICLR’25 | 3406 036G 25.08 0.76G 18.80 2.06G 15.56 7.80G
Adam-mini ICML'24 | 34.10 0.23G 2485 048G 19.05 132G 16.07 4.75G
LAMB ICLR’20 | 33.04 036G 24.37 0.77G 1826 207G 1584 781G
LION NIPS’23 | 3242 0.36G 24.05 0.75G 18.10 2.05G 1547 7.73G
Adam+SGG Ours 30.34 036G 2332 0.76G 17.34 2.06G 14.56 7.80G
A Gain -3.72  +0.00 -1.76 +0.00 -146 +0.00 -1.00 +0.00
Adafactor ICML’18 | 32.57 0.24G 2398 0.61G 17.74 153G 15.19 6.65G
Low-Rank arXiv’22 | 78.18 0.26G 4551 0.54G 3741 1.08G 34.53 3.57G
CAME ACL23 3137 025G 2338 0.62G 1745 1.55G 14.68 6.70G
CAME+SGG Ours 30.15 025G 2291 0.62G 17.09 1.55G 14.35 6.70G
A Gain -1.22  +0.00 -046 +0.00 -0.36 +0.00 -0.33 +0.00
APOLLO MLSys’25 | 31.55 0.24G 2294 052G 16.85 1.22G 1420 4.38G
APOLLO+SGG Ours 30.18 0.24G 22,52 0.52G 16.54 122G 1395 4.38G
A Gain -1.37 +0.00 -042 +0.00 -0.31 +0.00 -0.25 +0.00
LoRA ICLR’22 | 3499 036G 3392 0.80G 2558 1.76G 19.21 6.17G
ReLoRA ICLR’23 | 37.04 036G 29.37 0.80G 29.08 1.76G 18.33 6.17G
Galore ICML’24 | 34.88 0.24G 2536 0.52G 1895 1.22G 15.64 4.38G
GaLore+SPAM ICLR’25 | 3239 0.24G 2398 0.52G 1828 1.22G 14.73 6.17G
LoRA+SGG Ours 30.62 036G 23.62 0.80G 17.86 1.76G 14.73 6.17G
A Gain -4.37 +0.00 -10.30 +0.00 -7.72 +0.00 -4.48 +0.00
Training Tokens 1.1B 2.2B 6.4B 13.1B
30 m  Adam 32518 m  Adafactor
32.5 ¢ Adam-mini 300 4 CAME
A LAMB A APOLLO
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Figure Al: Parameter Scaling-up on C4 pre-training with various optimization methods.

sults of SGG on VQA and benchmark tasks. Ta-
ble 7 shows the results of seven representative tasks,
while Table A6 displays the full results of nine
tasks. For the Full-Rank SFT, on the AdamW op-
timizer, SGG achieves 64.5 average performance
on the 7 different tasks, which brings +0.9 % per-
formance compared to the AdamW baseline. On
the Adafactor, SGG could get extra +0.6% per-
formance compared to the vanilla Adafactor, es-
pecially on VizWzi VQA task, SGG could bring
+2.4% capability. With LAMB+SGG, our perfor-
mance can reach 52.7. For the LoRA SFT, our SGG
could achieve 65.1 scores, and on the VizWiz task,
it brings additional performance gains of +2.2%.
For the 8-bit experiments, Table 7 shows that our
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SGG with AdamW could also bring some perfor-
mance.

C Empirical Analysis
C.1 Analysis of Gradient Clustering

Figure 1 illustrates the gradient clustering phe-
nomenon observed during the pre-training of the
LLaMA-1B model on the C4 dataset, focusing
on gradients, adaptive learning rates, and gradient
norms. LLMs exhibit unique gradient dynamics
due to their massive scale, sparse activations, and
hierarchical structure. SGG leverages these char-
acteristics to improve optimization efficiency and
convergence. Gradients in LL.Ms often follow a
heavy-tailed distribution, with a small fraction of



Table AS: Details of the hyperparameters for the opti-
mizers and experiment settings.

Method ‘ AdamW  Adafactor LAMB
Modules and datasets
LLM Vicuan-v1.5-7B
Vision encoder CLIP-L-336px
Connector 2xMLP
Pretrain data LCS-558K
SFT data 1lava-v1.5-mix665k
Basic SFT settings
Learning rate 2e? 2e70 2e~°
Batch size 64 64 64
Betas (0.9, 0.999) X (0.9, 0.999)
Epsilon le=® (1730, 1e73) le=6
Weight decay X X X
LR scheduler Cosine Cosine Cosine
Warmup ratio 0.03 0.03 0.03
Clip threshold X 1.0 X
Clamp value X X 10
Cluster number 3 3 2
Recluster interval 1,000 1,000 1,000
Decay rate (0.95,0.9) (0.95,0.9) (0.95,0.9)
Low-Rank hyperparameters
LoRA (r=128, a=256) v X X
8bit LoRA (r=128, a=256) v X X

parameters contributing disproportionately to the
overall gradient magnitude. SGG addresses this by
flattening gradients into high-dimensional vectors
and applying clustering algorithms (e.g., k-means)
to group parameters with similar behaviors. This
results in two distinct clusters: one for parameters
with large gradients (associated with salient fea-
tures or rare tokens) and another for those with
smaller gradients (associated with frequent but less
informative tokens). Adaptive learning rates are
then computed separately for each cluster, ensur-
ing stability for parameters with large gradients
and faster convergence for those with smaller gra-
dients. This contrasts with baseline methods that
apply uniform learning rates, failing to account for
the heavy-tailed gradient distributions typical of
LLM:s.

Figure 3(c) depicts the layer-wise Lo-gradient
norm distributions across all layers of the LLaMA-
1B model. Gradient norms vary significantly across
layers due to the hierarchical nature of LLMs. Ear-
lier layers (e.g., embedding and low-level trans-
former layers) exhibit smaller gradient norms, as
they focus on general syntactic and semantic pat-
terns. In contrast, deeper layers (e.g., higher-level
transformer layers) tend to have larger gradient
norms, as they model complex, context-dependent
relationships. SGG captures these patterns by
grouping parameters based on gradient norms and
applying layer-wise learning rate scaling. This en-
sures earlier layers receive larger updates for faster
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learning of general patterns, while deeper layers
receive smaller updates to maintain stability and
prevent overfitting. Baseline methods, which lack
such adaptive scaling, often struggle to optimize
all layers simultaneously, leading to suboptimal
convergence and poor generalization.

The clustering of gradients, adaptive learning
rates, and gradient norms in LLMs are deeply inter-
connected phenomena. The heavy-tailed gradient
distribution directly influences adaptive learning
rates, as parameters with large gradients are as-
signed smaller learning rates to prevent instability.
This, in turn, affects gradient norms, as learning
rate scaling impacts the magnitude of parameter
updates. SGG’s ability to capture these relation-
ships and adaptively scale learning rates based on
gradient clustering and norm distributions leads to
more stable and efficient optimization compared
to baseline methods. Furthermore, the hierarchi-
cal structure of LLMs introduces additional com-
plexity, as different layers exhibit distinct gradient
behaviors. SGG addresses this by leveraging layer-
wise clustering and scaling, ensuring each layer
is optimized according to its specific role. This
is particularly critical for LLMs, where the inter-
play between low-level and high-level features is
essential for capturing the nuances of natural lan-
guage. By preserving the inherent structure of the
optimization landscape, SGG not only improves
convergence but also enhances the model’s ability
to generalize to unseen data.

C.2 Analysis of Learning Rate Scaling

We analyze the impact of learning rate scaling
on the validation perplexity of the Qwen2.5-0.5B
model fine-tuned on the Alpaca dataset. The ex-
periments were conducted with varying batch sizes
{128, 512, 1024, 2048, 4096} and learning rates
{le-1, le-2, le-3, le-4, 1e-5}, using both the Adam
optimizer and Adam with SGG. The model was
trained for 3 epochs with LoRA (rank=8) and fol-
lowed the official settings of the Alpaca framework.
The results, as depicted in Figure 4, demonstrate
several key trends. First, as the batch size increases,
the validation perplexity generally decreases, indi-
cating that larger batch sizes contribute to more
stable and efficient training. This effect is par-
ticularly pronounced when SGG is applied, sug-
gesting that SGG enhances the model’s ability to
generalize even under extreme batch size settings.
Second, lower learning rates (e.g., 1e-4, 1le-5) con-
sistently yield better performance, especially when



Table A6: Full Comparison Results with Mainstream MLLMs. Compared with counterparts. Top-1 accuracy
(%) is reported. AVG: The average of the nine benchmarks for comprehensive comparison except for MME. *:
reproduced results using the official code. Lots of the results are reported from LLaVA-KD (Cai et al., 2024).

Method LLM Optimizer Image Question Answering Benchmarks AVG
VQAV2 GQA VizWiz SciVQA! TextVQA| MME MMBench MMBench®™ POPE SEED’
BLIP-2 Vicuna-13B AdamW 65.0 41.0 19.6 61.0 42.5 - - — 85.3 - —
InstructBLIP Vicuna-7B AdamW - 49.2 345 60.5 50.1 - 36.0 23.7 79.8 - -
Qwen-VL Qwen-7B AdamW 788 593 352 67.1 63.8 — 38.2 7.4 — — —
Qwen-VL-Chat  Qwen-7B AdamW 782 575 389 68.2 61.5 - 60.6 56.7 - - -
mPLUG-Owl2 LLaMA2-7B AdamW 794 56.1 545 68.7 54.3 - 66.5 - 85.8 - -
TinyLLaVAT Qwenl.5-4B AdamW 79.9 634 463 72.9 59.0 - 67.9 67.1 85.2 - —
TinyLLaVA Phi2-2.7B AdamW 799 620 — 69.1 59.1 — 66.9 — 86.4 — —
Bunny Phi2-2.7B AdamW 79.8 625 438 70.9 56.7 — 68.6 37.2 - - -
Imp-3B Phi2-2.7B AdamW - 63.5 54.1 72.8 59.8 - 72.9 46.7 - - -
MobileVLM  MLLaMA-2.7B AdamW - 590 - 61.0 475 - 59.6 - 84.9 - -
MobileVLMv2 MLLaMA-2.7B AdamW - 61.1 - 70.0 57.5 - 63.2 — 84.7 — -
MoE-LLaVA Phi2-2.7B AdamW 79.9 62.6 — 70.3 57.0 — 68.0 — 85.7 — —
LLaVA-Phi Phi2-2.7B AdamW 71.4 — - 68.4 48.6 — 59.8 - 85.0 - -
LLaVA-NeXT Vicuna-1.5-7B AdamW 81.8 642 57.6 70.1 649 [1519.0 674 60.6 86.5 702 69.3
LLaVA-NeXT Vicuna-1.5-13B AdamW 82.8 654 60.5 73.6 67.1 (15750  70.0 64.4 862 719 713
MiniCPM-V  MiniCPM-2.4B AdamW - 51.5 50.5 74.4 56.6 - 64.0 62.7 79.5 - -
MiniCPMv2  MiniCPM-2.4B AdamW - 52.1 60.2 76.3 73.2 — 68.5 67.2 86.3 — —
LLaVA-MOD  Qwenl.5-1.8B AdamW - 587 392 68.0 58.5 - 66.3 61.9 87.0 - -
LLaVA-KD-2B Qwenl.5-1.8B AdamW 79.0 623 447 64.7 534 - 64.0 63.7 86.3 - -
LLaVA-v1.5/1.6 Full-Rank SFT
LLaVA-v1.5 Vicuna-1.5-7B AdamW 78.5 62.0 50.0 66.8 582 |1510.7 643 58.3 859 662 65.6
LLaVA-v1.5 Vicuna-1.5-7B Adafactor - 62.7 482 70.7 57.1 |1462.5  66.1 60.4 86.0 668 —
LLaVA-vl.5 Vicuna-1.5-7B LAMB — 438 533 61.5 434 10909 432 41.8 812 504 —
LLaVA-vl.5 Vicuna-1.5-7B. AdamW+SGG 79.2 624 50.1 68.8 584 [1526.3  65.6 59.9 86.6 664 66.4
A gain compared to AdamW ‘ +0.7 +04 +0.2 +2.0 +0.2 +15.6 +1.3 +1.6 +0.7 +0.2 +0.8
LLaVA-v1.5 Vicuna-1.5-7B Adafactor+SGG  — 62.8 50.6 71.6 573 |[14772  66.3 60.8 8.0 673 —
A gain compared to Adafactor ‘ — +0.1 +24 +0.9 +0.2 +14.7 +0.2 +0.4 +0.0 +0.5 —
LLaVA-vl.5 Vicuna-1.5-7B.  LAMB+SGG — 44.0 533 61.8 435 11229 433 419 813 505 —
A gain compared to LAMB ‘ - +0.2  +0.0 +0.3 +0.1 +32.0 +0.1 +0.1 +0.1 +0.1 —
LLaVA-vl.5 Low-Rank SFT (AdamW)
LLaVA-v1.5 Vicuna-1.5-7B LoRA 79.1 63.0 478 68.4 582 [1466.2  66.1 58.9 864 67.8 662
LLaVA-v1.5 Vicuna-1.5-7B  LoRA+SGG - 634 51.0 70.1 58.6 |1477.8  66.7 59.4 86.6 682 —
A gain compared to LoRA ‘ — +04 +2.2 +1.5 +04 | +11.6 +0.6 +0.5 +0.2 +04 —

combined with larger batch sizes, highlighting the
importance of balancing these hyperparameters.
Notably, SGG provides robust performance gains
across all configurations, significantly reducing val-
idation perplexity compared to standard Adam opti-
mization. This improvement is attributed to SGG’s
ability to guide the optimization process more ef-
fectively, particularly in scenarios with large batch
sizes and varying learning rates. Overall, the results
underscore the effectiveness of SGG in enhancing
model performance, even in challenging training
conditions, and emphasize the critical role of hy-
perparameter tuning in achieving optimal results.
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