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Abstract001

To stabilize the training of Large Language002
Models (LLMs), gradient clipping is a nearly003
ubiquitous heuristic used to alleviate exploding004
gradients. However, traditional global norm005
clipping erroneously presupposes gradient ho-006
mogeneity across different functional modules,007
leading to an adverse "spill-over" effect where008
volatile parameters force unnecessary scaling009
on stable ones. To overcome this, we pro-010
pose Adaptive Group-wise Gradient Clipping011
(AGGC). AGGC partitions parameters into012
groups based on functional types and regulates013
each according to its historical behavior us-014
ing an Exponential Moving Average (EMA).015
Specifically, it constructs an adaptive interval to016
simultaneously mitigate gradient explosion and017
vanishing, while employing a time-dependent018
scheduling mechanism to balance exploration019
and convergence. Experiments on LLaMA 2-020
7B, Mistral-7B, and Gemma-7B models show021
that AGGC consistently outperforms LoRA022
and frequently surpasses Full Fine-Tuning. On023
the GSM8K benchmark, Mistral-7B fine-tuned024
with AGGC achieves an accuracy of 72.93%,025
exceeding LoRA’s 69.5%. AGGC also ef-026
fectively stabilizes Reinforcement Learning027
with Verifiable Rewards (RLVR), enhancing028
the logic deduction of Qwen 2.5 and Llama029
3.2 models. Experimental results demonstrate030
that AGGC effectively addresses the limitations031
of traditional gradient clipping methods, par-032
ticularly in overcoming gradient heterogeneity,033
by utilizing a modular, adaptive clipping strat-034
egy to stabilize the training process. Due to its035
lightweight design, AGGC can be seamlessly036
integrated into existing post-training pipelines037
with negligible overhead1.038

1 Introduction039

The relentless scaling of Large Language Mod-040

els (LLMs) in terms of parameter count and041

1The code has been anonymously released:
https://anonymous.4open.science/r/AGGC-515B/

depth has fundamentally reshaped the deep learn- 042

ing landscape, enabling unprecedented capabili- 043

ties across diverse tasks (Naveed et al., 2025). 044

However, this scaling progression has simultane- 045

ously exacerbated foundational challenges in opti- 046

mization, particularly concerning training stabil- 047

ity. During both pre-training and post-training 048

pipelines, such as Supervised Fine-Tuning (SFT) 049

and Reinforcement Learning with Human Feed- 050

back (RLHF), LLMs frequently encounter catas- 051

trophic loss spikes (Wang et al., 2025; Takase et al., 052

2023; Ma et al., 2025). These spikes indicate tran- 053

sient or persistent numerical instability, which un- 054

dermines training efficiency and compromises the 055

quality of the resultant model convergence. 056

Gradient-based optimization necessitates a so- 057

phisticated trade-off between rapid convergence 058

and numerical stability. As a canonical technique 059

for safeguarding training stability, gradient clipping 060

was originally developed to alleviate the critical is- 061

sue of exploding gradients (Pascanu et al., 2013). 062

By capping the magnitude of gradient updates, this 063

method constrains the parameter updates of gradi- 064

ent descent within a rational range. Owing to its 065

validated effectiveness as a regularization strategy, 066

gradient clipping, particularly in the form of global 067

norm clipping, has evolved into a nearly ubiquitous 068

and indispensable heuristic for the training of con- 069

temporary deep neural networks (Koloskova et al., 070

2023; Liu et al., 2022; Bu et al., 2023; Kenfack 071

et al., 2022). This assumption leads to the "spill- 072

over" effect, where gradients from volatile mod- 073

ules with large magnitudes unnecessarily scale 074

stable modules, disrupting the stability of the 075

training process. 076

Despite its ubiquity, conventional global gradi- 077

ent clipping bears inherent limitations rooted in 078

transformer-based LLMs’ architectural traits. This 079

standard method computes a unified ℓ2 norm across 080

all parameters and erroneously presupposes gra- 081

dient homogeneity—i.e., comparable magnitudes 082
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Figure 1: Grad norm of Up module over training steps.

and variances across all functional modules (Wu083

et al., 2025; Zhao et al., 2025; You and Liu, 2025).084

LLMs exhibit marked architectural heterogene-085

ity: parameter groups (Query/Key/Value projec-086

tions, Layer Normalization, Feed-Forward Net-087

works) possess divergent gradient dynamics (Wang088

et al., 2025; Tomihari and Sato, 2025). Empirically,089

gradient magnitudes vary drastically across compo-090

nents, with certain modules generating dominant091

large gradients (Wu et al., 2025), rendering univer-092

sal clipping inherently suboptimal—especially for093

models with heterogeneous loss curvatures (Zhao094

et al., 2025).095

To address the inherent limitations of static096

global gradient clipping strategies, we propose a097

novel method termed Adaptive Group-wise Gradi-098

ent Clipping (AGGC). The core design principle of099

AGGC lies in disentangling the optimization con-100

straints across distinct functional components of101

the model.102

Specifically, the gradient regulation mechanism103

for each component group is formulated as a dy-104

namic process. AGGC leverages an Exponential105

Moving Average (EMA) to track the historical106

gradient norms of individual groups, generating107

a smoothed scaling statistic denoted as S(t)
j , where108

j represents the group and t denotes the training109

step.110

Furthermore, AGGC introduces a bidirectional111

admissible interval defined by [L
(t)
j ,U

(t)
j ] for each112

group j at training step t. The upper bound U
(t)
j113

is designed to suppress gradient explosion, while114

the lower bound L
(t)
j proactively alleviates the risks115

of gradient vanishing and premature stagnation of116

parameter updates. Critically, the width of this in-117

terval is modulated by a time-dependent scheduling118

strategy. Specifically, the bounds L(t)
j and U

(t)
j are119

controlled by the multiplicative coefficients α
(t)
low 120

and α
(t)
high, which define the lower and upper limits 121

of the gradient norm at each training step t. In 122

the early training phase, these coefficients are set 123

relatively high to allow for sufficient parameter ex- 124

ploration, and they gradually decrease to stabilize 125

the model’s convergence in later stages. As illus- 126

trated in Figure 1, AGGC maintains a smoother 127

and more stable optimization trajectory compared 128

to the fluctuations observed in LoRA. 129

The AGGC framework contributes significantly 130

to the field of optimization by providing a robust, 131

nuanced control mechanism tailored for LLMs: 132

1. Functional Grouping and Localized Reg- 133

ulation: We formalize a Group-wise gradi- 134

ent regulation strategy, partitioning parame- 135

ters based on functional module type to align 136

optimization control with architectural hetero- 137

geneity. This design successfully eliminates 138

the adverse spill-over effect inherent in global 139

clipping, ensuring efficient and unbiased uti- 140

lization of small-scale gradient signals. 141

2. Adaptive and Bi-directional Control: 142

AGGC leverages EMA to dynamically 143

estimate group-specific gradient scales, es- 144

tablishing an adaptive, two-sided admissible 145

interval [L(t)
j ,U

(t)
j ]. This approach actively 146

mitigates both exploding gradients and 147

update collapse, a capability largely absent in 148

standard clipping methods. 149

3. Integration of Magnitude Scheduling: We 150

introduce a time-dependent, linear scheduling 151

mechanism for the multiplicative coefficients 152

(α(t)
low, α

(t)
high) that define the bounds. This pro- 153

vides a principled, dedicated method for gra- 154

dient magnitude control scheduling, optimally 155

balancing exploratory dynamics early in train- 156

ing with stable convergence in later stages. 157

2 Related Work 158

The theoretical foundation of traditional gradient 159

clipping originated from the in-depth analysis of 160

training difficulties in recurrent neural networks 161

(RNNs). (Pascanu et al., 2013) presented a seminal 162

work that systematically explored gradient vanish- 163

ing and explosion issues from analytical, geomet- 164

ric, and dynamic system perspectives. They pro- 165

posed gradient norm clipping to mitigate exploding 166
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gradients and soft constraint methods for vanish-167

ing gradients, laying the theoretical groundwork168

for all subsequent gradient clipping approaches.169

Global norm clipping’s core idea is to limit the170

maximum magnitude of gradients using a unified171

global threshold. This effectively prevents numeri-172

cal instability and gradient explosion (Koloskova173

et al., 2023).174

Nevertheless, traditional global clipping exhibits175

inherent limitations. (Koloskova et al., 2023)176

pointed out in their comprehensive review that de-177

spite its simplicity and widespread adoption, gradi-178

ent clipping mechanisms typically require specific179

threshold values c and strong noise assumptions to180

guarantee convergence. Another pivotal observa-181

tion came from (Zhang et al., 2019), who found182

that gradient smoothness exhibits significant vari-183

ability along the training trajectory of deep neural184

networks, and this smoothness is positively corre-185

lated with gradient norm. To overcome the limi-186

tations of traditional global clipping, researchers187

have developed a series of adaptive clipping tech-188

niques that dynamically adjust strategies based on189

gradient characteristics during training.190

Early adaptive methods such as AdaGrad (Duchi191

et al., 2011) and RMSProp indirectly addressed192

gradient adaptation by tracking historical gradient193

information to adjust learning rates dynamically.194

However, their focus remained on learning rate195

adaptation rather than direct gradient clipping op-196

timization. Adaptive Gradient Clipping (AdagC),197

proposed by (Wang et al., 2025), represents the lat-198

est advancement in adaptive clipping technology.199

The AdagC framework dynamically adjusts local200

clipping thresholds for each parameter using an201

Exponential Moving Average (EMA) mechanism.202

Recent advances in gradient clipping have in-203

creasingly focused on module-based gradient regu-204

lation, which tailors optimization strategies to the205

heterogeneous structures of LLMs (Zhao et al.,206

2025). Prior work has identified gradient imbal-207

ance as a critical bottleneck, particularly in post-208

training multi-task reinforcement learning. (Wu209

et al., 2025) showed that gradients from different210

tasks can differ by up to 15–33×, causing optimiza-211

tion to disproportionately favor large-gradient tasks212

while neglecting others, and further revealed that213

gradient magnitude does not reliably reflect task-214

wise learning progress. To mitigate such issues,215

several module-level methods have been proposed.216

AlphaDecay (He et al., 2025) proposes module-217

level adaptive weight decay based on the heavy-218

tailedness of each module’s empirical spectral den- 219

sity, aligning regularization strength with func- 220

tional importance. Beyond single-task optimiza- 221

tion, module-based regulation has also been ex- 222

plored in multi-task learning through gradient clip- 223

ping techniques. (Yu et al., 2020) proposed resolv- 224

ing task conflicts by projecting gradients onto the 225

normal plane of interfering gradients, demonstrat- 226

ing consistent efficiency and performance gains 227

across supervised and reinforcement learning set- 228

tings. Collectively, these works highlight the effec- 229

tiveness of module gradient control as a unifying 230

strategy for addressing gradient imbalance and ar- 231

chitectural heterogeneity. 232

Despite these promising advancements in adap- 233

tive and module-aware optimization algorithms, a 234

critical research gap persists in the simultaneous 235

mitigation of architectural heterogeneity and the 236

bidirectional characteristics of training instability. 237

Most existing strategies either adopt rigid global 238

constraints, which consequently induce the adverse 239

gradient spill-over effect, or focus exclusively on 240

alleviating gradient explosion while leaving the 241

risks of gradient vanishing and premature training 242

stagnation largely unaddressed. Furthermore, few 243

methods explicitly modulate the gradient clipping 244

intensity to achieve an optimal trade-off between 245

the conflicting objectives of parameter space ex- 246

ploration during the early phase of training and 247

precise convergence during the later phase. To 248

address these aforementioned challenges, we pro- 249

pose a novel method termed AGGC. By leverag- 250

ing exponential moving averages to construct dy- 251

namic and group-specific gradient admissible inter- 252

vals, AGGC decouples the optimization constraints 253

across heterogeneous functional components and 254

integrates a time-dependent scheduling mechanism 255

to maintain training stability throughout the entire 256

lifecycle of model training. 257

3 Method 258

Gradient clipping in current LLM post-training 259

pipelines typically relies on a global norm com- 260

puted over all parameters. While simple, this strat- 261

egy implicitly assumes that gradients across differ- 262

ent components of the model evolve with compa- 263

rable magnitudes. As illustrated in Figure 2, we 264

observe that the gradients of certain parameters 265

(i.e., the gate, up, and value) evolve smoothly and 266

stay within a relatively narrow range, whereas those 267

of other parameters may undergo significant fluctu- 268
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Figure 2: Gradient norm evolution across parameter
groups during training.

ations with large amplitudes during training. This269

mismatch leads to unstable optimization dynamics270

and inefficient gradient utilization. As shown in the271

Figure 3, to address this discrepancy, we introduce272

AGGC. The central idea is to aggregate all param-273

eters belonging to the same type of module into a274

single gradient group, and to regulate each group275

according to its own historical gradient behavior.276

Let the model parameters be partitioned into J277

groups {Gj}Jj=1, where each group corresponds278

to a same module (for example, all query vectors279

or all value vectors). At training step t, let the280

gradients in group Gj be {g(t)j,i }
Nj

i=1. We define the281

group gradient norm as282

∥∇(t)
Gj
∥2 =

 Nj∑
i=1

∥g(t)j,i ∥
2
2

1/2

, (1)283

where Nj denotes the number of parameter tensors284

in group Gj , and ∥∇(t)
Gj
∥2 measures the L2 mag-285

nitude of the group’s aggregated gradient at step286

t.287

To model the temporal trend of each group’s gra-288

dient magnitude, we estimate its scale at step t by289

applying an exponential moving average (EMA) to290

its historical gradient norms, producing a smoothed291

statistic that reflects the group’s long-term behavior.292

Concretely, we maintain293

S
(t)
j = β S

(t−1)
j + (1− β) ∥∇(t)

Gj
∥2, (2)294

where S
(t)
j denotes the EMA-based scale of group295

Gj at step t, β ∈ [0, 1) is the decay factor control-296

ling the estimator’s memory.297

Based on the EMA S
(t)
j we construct an adap-298

tive admissible interval [L(t)
j ,U

(t)
j ] for the group’s299

gradient norm. The lower bound is given by 300

L
(t)
j = max

(
min_norm, α

(t)
low S

(t)
j

)
, (3) 301

and the upper bound by 302

U
(t)
j = α

(t)
high S

(t)
j . (4) 303

In these expressions min_norm ≥ 0 prevents the 304

lower bound from collapsing to zero, and α
(t)
low and 305

α
(t)
high are multiplicative coefficients that determine 306

the tolerated deviation from the gradient. The coef- 307

ficients are time-dependent in order to allow more 308

permissive behavior early in training and tighter 309

control during convergence. 310

The multiplicative coefficients governing the ad- 311

missible interval play a critical role in shaping 312

the optimization trajectory. If the interval is ex- 313

cessively restrictive at early training stages, gra- 314

dients are subjected to frequent rescaling, which 315

can induce premature contraction of the update 316

magnitudes, accelerate entropy decay, and inhibit 317

adequate exploration of the parameter space (Pas- 318

canu et al., 2013; Wang et al., 2025; Kim et al., 319

2024). Such behavior increases the likelihood of 320

convergence toward suboptimal regions and may 321

adversely affect final model performance. To mit- 322

igate this effect, and drawing an analogy to the 323

rationale underlying learning-rate schedules, we 324

employ a time-dependent adjustment in which the 325

interval is broader at the beginning of training and 326

progressively tightened as optimization proceeds. 327

This design facilitates exploratory dynamics ini- 328

tially while promoting stability and controlled con- 329

vergence in later stages. 330

Formally, we implement this progression by ap- 331

plying a linear schedule to each coefficient α(t): 332

α(t) =


αinit, p ≤ s,

(1− λ)αinit + λαlate, s < p < s+ w,

αlate, p ≥ s+ w,
(5) 333334

λ =
p− s

w
, p =

t

T
. 335

where T is the total number of optimization steps, 336

s denotes the onset of the transition, w defines the 337

duration of the transition window, and αinit and 338

αlate correspond to the initial and final coefficient 339

values. 340

Having established the adaptive interval 341

[L
(t)
j ,U

(t)
j ] for group Gj , we determine whether 342

the group norm ∥∇(t)
Gj
∥2 lies inside this interval. If 343
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Figure 3: The comparison between AGGC and conventional gradient adjustment methods.

∥∇(t)
Gj
∥2 falls within the interval, no modification344

is performed; otherwise the group’s gradients are345

multiplicatively rescaled so that the post-scaling346

norm attains the nearest interval boundary. For-347

mally, with ε > 0 a small numerical constant, the348

unclipped scaling factor is computed as349

c
(t)
j =



U
(t)
j

∥∇(t)
Gj
∥2 + ε

, if ∥∇(t)
Gj
∥2 > U

(t)
j ,

L
(t)
j

∥∇(t)
Gj
∥2 + ε

, if ∥∇(t)
Gj
∥2 < L

(t)
j ,

1, otherwise.
(6)350

The group-wise factor is applied uniformly351

across the group’s gradients:352

g
(t)
j,i ← c

(t)
j g

(t)
j,i , ∀i = 1, . . . , Nj . (7)353

In summary, AGGC provides a lightweight354

mechanism to regulate gradient magnitudes at the355

module-group level. By estimating group-specific356

scales via EMA, constructing adaptive admissi-357

ble intervals, and applying bounded multiplica-358

tive rescaling only when necessary. AGGC mit-359

igates adverse spill-over from high-amplitude gra-360

dients, and preserves useful small-scale signals.361

The method imposes minimal computational and 362

memory overhead and integrates transparently with 363

existing optimization pipelines used in LLM post- 364

training. For further details on GPU memory usage, 365

please refer to Appendix E. 366

4 Experiment 367

The experiments were conducted on four NVIDIA 368

A40 GPU. In our experiments, for LoRA fine- 369

tuning (Hu et al., 2022), we employed the AdamW 370

optimizer with a learning rate of 2E-5, cosine an- 371

nealing with a warm-up rate of 0.03, and no weight 372

decay. We ensured lora_alpha always equaled 373

lora_r, set lora_dropout to 0, and merged the 374

adapter into all linear layers of the base model. 375

We employed the Float32 computation type for 376

both the base model and the adapters within LoRA 377

and AGGC. For the GRPO experiment (Shao et al., 378

2024), the learning rate was set to 1e-6, weight 379

decay was 0.01, and the batch size was set to 512. 380

Detailed experimental parameter settings are pro- 381

vided in the appendix C. 382

We evaluate the natural language generation ca- 383

pabilities of LLaMA 2-7B (Touvron et al., 2023), 384

Mistral-7B (Jiang et al., 2023), and Gemma- 385

7B (Team et al., 2024) under a AGGC-enhanced 386
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Model Strategy GSM8K MATH HumanEval MBPP MT-Bench

LLaMA 2-7B

Full FT 49.13 7.29 21.2 35.59 4.91
LoRA 42.85 5.5 18.35 35.5 4.59
AGGC 48.06 6.64 21.3 37.8 2.95

Mistral-7B

Full FT 69.91 18.64 45.31 51.46 4.95
LoRA 69.5 20.08 43.78 58.46 4.9
AGGC 72.93 21.42 47.6 65.1 5.86

Gemma-7B

Full FT 72.09 22.71 47.02 55.67 5.4
LoRA 75.11 30.41 53.7 65.58 4.98
AGGC 78.54 29.84 54.3 66.4 6.54

Table 1: Experimental results on NLG tasks.

LoRA framework through mathematical reason-387

ing, code generation, and dialogue tasks. In ad-388

dition, we assess natural language understanding389

performance using the GLUE benchmark (Wang390

et al., 2018) in conjunction with the DeBERTa-v3-391

base model (He et al., 2021). Furthermore, we392

investigate the effectiveness of applying AGGC to393

the GRPO framework, conducting experiments on394

the Math (Yu et al., 2023) and GSM8K (Cobbe395

et al., 2021) datasets with Qwen2.5-3B Instruct,396

Qwen2.5-1.5B Instruct (Qwen et al., 2025), and397

LLaMA 3.2-3B Instruct models (Dubey et al.,398

2024).399

4.1 Experiments on Natural Language400

Generation401

Our experimental studies were conducted using402

the LLaMA 2-7B, Mistral-7B-v0.1 and Gemma-403

7B models. To evaluate mathematical reasoning404

capabilities, the models were fine-tuned on the405

MetaMathQA dataset and subsequently assessed406

on the GSM8K and MATH benchmarks. For the407

evaluation of coding proficiency, the models were408

fine-tuned using the CodeFeedback dataset (Zheng409

et al., 2024), with performance measured on the410

HumanEval (Chen, 2021) and MBPP (Austin et al.,411

2021) benchmark suites. To assess conversa-412

tional abilities, the models were fine-tuned on413

the WizardLM-Evol-Instruct dataset (Xu et al.,414

2024) and evaluated using the MT-Bench bench-415

mark (Zheng et al., 2023). All experiments were416

conducted on a 100K-sample subset of the corre-417

sponding datasets.418

As presented in Table 1, the proposed AGGC419

strategy demonstrates consistent improvements420

over the standard LoRA baseline across the eval-421

uated models, particularly for Mistral-7B and422

Gemma-7B where it frequently surpasses Full Fine- 423

Tuning (Full FT) in mathematical reasoning and 424

code generation tasks. It is worth noting that the 425

anomalous performance drop observed for LLaMA 426

2-7B on MT-Bench is not indicative of reduced rea- 427

soning capability, but rather stems from the "failure 428

to stop" generation issue (i.e., the model failing to 429

emit termination tokens), a known instability phe- 430

nomenon documented in prior studies (Yao et al., 431

2025) and further analyzed in Appendix F. In addi- 432

tion, to further examine the robustness of AGGC 433

under different adapter capacities, we conduct a 434

systematic analysis across a wide range of LoRA 435

ranks. Detailed experimental results and discus- 436

sions are provided in Appendix A. 437

4.2 Experiments on Natural Language 438

Understanding 439

We further evaluated the Natural Language Under- 440

standing (NLU) capabilities of DeBERTa-v3 based 441

on the GLUE benchmark. Table 2 summarizes the 442

results of the eight tasks included in the GLUE 443

benchmark. 444

As illustrated in Table 2, our proposed AGGC 445

strategy demonstrates superior performance across 446

the GLUE benchmark compared to both Full FT 447

and various parameter-efficient fine-tuning (PEFT) 448

methods. AGGC achieves the highest accuracy in 449

the majority of individual tasks and secures the 450

best overall average score among all evaluated 451

strategies. Notably, in challenging tasks requir- 452

ing complex linguistic inference, such as RTE and 453

MRPC, AGGC significantly outperforms the stan- 454

dard LoRA baseline. While modern techniques 455

like DoRA (yang Liu et al., 2024) offer incremental 456

gains over standard adapters, AGGC consistently 457

provides a more substantial performance boost 458
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Method MNLI SST2 MRPC CoLA QNLI QQP RTE STSB ALL

Full FT 89.9 95.63 89.46 69.19 94.03 92.4 83.75 91.6 88.25
BitFit 89.37 94.84 87.75 66.96 92.24 88.41 78.7 91.35 86.2

HAdapter 90.13 95.53 89.95 68.64 94.11 91.91 84.48 91.48 88.28
PAdapter 90.33 95.61 89.46 68.77 94.29 92.04 85.2 91.54 88.41

LoRA 90.65 94.95 89.95 69.82 93.87 91.99 85.2 91.6 88.5
DoRA 90.29 95.79 90.93 70.85 94.1 92.07 86.04 91.79 88.98
AGGC 90.59 96.33 93.03 70.8 94.49 92.32 90.98 92.29 90.1

Table 2: Experimental results on NLU tasks.

by effectively addressing gradient heterogeneity.459

These results verify that our adaptive group-wise460

clipping mechanism is not only effective for gener-461

ative tasks but also serves as a powerful optimizer462

for enhancing the discriminative capabilities of lan-463

guage models.464

4.3 Ablation Study465

4.3.1 Effectiveness of Time-Varying Bounds466

We conduct an ablation study to evaluate the effec-467

tiveness of the proposed time-varying lower and468

upper bound coefficients. As shown in Table 3,469

enabling the scheduled bounds consistently im-470

proves performance over the static variant across471

both models and benchmarks. These consistent472

improvements indicate that dynamically adjusting473

the admissible gradient interval over training better474

balances early-stage flexibility and late-stage stabil-475

ity, thereby leading to more effective optimization476

than fixed bounds.477

Model Strategy GSM8K MATH

Mistral-7B
× 71.39 21.02
✓ 72.93 21.42

Gemma-7B
× 76.34 29.56
✓ 78.54 29.84

Table 3: Ablation study on time-varying bound coeffi-
cients.

4.3.2 Effect of the EMA Decay Factor β478

We further investigate the effect of the EMA de-479

cay factor β on mathematical reasoning perfor-480

mance. As shown in Table 4, the MATH accuracy481

of Mistral-7B exhibits a consistent upward trend as482

β increases from 0.1 to 0.95, reaching its highest483

value at β = 0.95. This behavior suggests that a484

larger β leads to a smoother and more stable estima-485

tion of the group-wise gradient scale S(t)
j , which in 486

turn yields more reliable admissible intervals and 487

reduces noise in the gradient clipping process. 488

Model Beta MATH

Mistral-7B

0.1 20.76
0.5 21.22
0.7 21.3
0.9 21.22
0.95 21.42

Table 4: Ablation Study on the EMA Decay Factor β
on MATH.

4.4 Experiments on RLVR 489

The effectiveness of our AGGC strategy was fur- 490

ther evaluated within the GRPO framework across 491

several instruction-tuned models. As shown in Ta- 492

ble 5, AGGC consistently outperforms both the 493

base models and the standard GRPO training across 494

mathematical reasoning benchmarks. 495

Model Strategy GSM8K MATH

Qwen 2.5 3B Instruct

Base 86.3 66.1
GRPO 87.9 66.9
AGGC 87.9 67.2

Qwen 2.5 1.5B Instruct

Base 73.8 55.5
GRPO 77.6 58.6
AGGC 79.8 59.1

Llama 3.2 3B Instruct

Base 78.5 47.2
GRPO 81.4 49
AGGC 82.3 50.2

Table 5: Experimental results on RLVR.

To further elucidate the training dynamics and 496

stability, we analyze the evolution of key met- 497

rics. As illustrated in Figure 5, the reward score 498

of AGGC consistently exceeds that of the LoRA 499
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Figure 4: Comparison of KL divergence and PG loss in GRPO training.
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Figure 5: Evolution of Reward Scores during the Train-
ing Process of GRPO and AGGC.

baseline throughout the training process, indicat-500

ing that our method facilitates more effective pol-501

icy improvement. This is complemented by the502

training trajectories shown in Figure 4, which com-503

pares the KL divergence and Policy Gradient (PG)504

loss. Specifically, AGGC exhibits a higher KL di-505

vergence than standard GRPO during the initial506

training stages, suggesting enhanced exploration.507

In the later stages, however, the KL divergence of508

AGGC drops below that of GRPO, signifying a509

more stable convergence. Simultaneously, the PG510

loss for AGGC remains lower than that of GRPO511

throughout the entire training duration. These512

trends collectively demonstrate that AGGC signifi-513

cantly reduces optimization variance and provides514

a smoother training trajectory.515

Specifically, when applied to the Qwen 2.5 and516

Llama 3.2 series, AGGC demonstrates a superior517

ability to enhance the models’ logical deduction518

capabilities compared to the original GRPO. In519

smaller scale models like Qwen 2.5 1.5B, the ad-520

vantage of AGGC is particularly evident, achieving521

the highest accuracy on both GSM8K and MATH522

datasets. These results indicate that by regulating523

gradient magnitudes through group-wise adaptive524

clipping, AGGC effectively stabilizes the reinforce-525

ment learning process, which is often prone to high526

variance and optimization instability. This con-527

firms that our method is a versatile optimization 528

tool that can be successfully integrated into post- 529

training pipelines to further boost the performance 530

of state-of-the-art language models. 531

5 Conclusion 532

This paper proposes AGGC, an optimization strat- 533

egy that decouples gradient constraints across func- 534

tional modules using EMA-based dynamic inter- 535

vals. By addressing the limitations of global norm 536

clipping, AGGC stabilizes training and consistently 537

outperforms LoRA and full fine-tuning across di- 538

verse NLG and NLU tasks. It also significantly 539

enhances logical reasoning in RL training (e.g., 540

GRPO). By replacing rigid global constraints with 541

adaptive, module-aware regulation, AGGC pro- 542

vides a principled mechanism for balancing early- 543

stage optimization flexibility with late-stage con- 544

vergence stability. Owing to its lightweight design 545

and negligible computational overhead, AGGC can 546

be seamlessly integrated into existing post-training 547

pipelines, offering a robust and generalizable en- 548

hancement to model training and generalization 549

performance. 550

Limitations 551

Despite its effectiveness, this work has several lim- 552

itations. First, while we evaluated AGGC across 553

various 7B-scale models, its performance on ultra- 554

large-scale models (e.g., exceeding 70B parame- 555

ters) remains to be further explored. Second, the 556

hyper-parameters in our experiments, such as the 557

EMA decay factor β and the scheduling coeffi- 558

cients αinit and αlate, were selected through empir- 559

ical experimentation. While these settings proved 560

robust across the evaluated tasks, the optimal con- 561

figuration for specific novel architectures or ex- 562

tremely long-context training might require addi- 563

tional tuning to achieve peak performance. 564
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A Experiments on Various Ranks750

This section analyzes the effect of incrementally751

increasing the AGGC rank from 1 to 128, focusing752

on its robustness and ability to surpass the base-753

line under different rank configurations. Training754

is conducted for a single epoch using the Meta-755

MathQA dataset, while validation is carried out on756

the GSM8K and MATH datasets.757

As illustrated in Figure 6, AGGC demonstrates758

a consistently superior performance trajectory rel-759

ative to the standard LoRA baseline. Across all760

evaluated configurations, the proposed method pre-761

serves a stable advantage. Notably, experiments762

conducted on Mistral-7B indicate that AGGC can763

surpass the performance ceiling commonly asso-764

ciated with full finetuning. At Rank 128, AGGC765

achieves accuracies of 72.93% on GSM8K and766

21.42% on MATH, exceeding the corresponding767

full finetuning baselines of 69.91% and 18.64%,768

respectively. This advantage is further validated by769

results on Llama2-7B, where AGGC consistently770

enlarges the accuracy gap over LoRA, reaching771

an improvement of more than 5% on GSM8K at772

the highest rank. Collectively, these findings con-773

firm that group-wise gradient regulation effectively774

alleviates the optimization bottlenecks frequently775

encountered by conventional adapter-based meth-776

ods.777

B Experimental Settings on NLU778

To verify the efficacy of AGGC, we conducted779

extensive experiments on the GLUE benchmark.780

The evaluation encompasses eight distinct tasks:781

two single-sentence classification tasks (CoLA and782

SST), five sentence-pair tasks (MNLI, RTE, QQP,783

MRPC, and QNLI), and one regression task for784

semantic similarity (STS-B). In terms of evalua-785

tion metrics, we adopt the Matthews correlation786

for CoLA and Pearson correlation for STS-B. For787

MNLI, we report accuracies on both the matched788

and mismatched sets, while for the remaining789

datasets, standard classification accuracy is uti-790

lized.791

In DeBERTa-v3-base, AGGC and LoRA were792

applied to the WQ, WK , and WV matrices. To793

assess AGGC’s capabilities in natural language un-794

derstanding, we utilized the publicly accessible795

LoRA codebase. For the specific cases of STS-B,796

RTE, and MRPC, the backbone DeBERTa-v3-base797

was initialized from a checkpoint pretrained on798

MNLI. We provide a complete summary of the hy-799

perparameter settings used throughout the GLUE 800

experiments in Table 6. 801

C Experimental Settings on NLG 802

To verify the effectiveness of AGGC in NLG tasks, 803

we applied the AGGC strategy for training based on 804

LoRA and GRPO. The detailed training parameters 805

are shown in Table 7. 806

D More Grad Norm under Various 807

Groups 808

Figure 7 illustrates the dynamic evolution of gradi- 809

ent norms across various parameter groups during 810

the fine-tuning process, comparing standard LoRA 811

(left) with the proposed AGGC strategy (right). As 812

observed in the left panel, standard LoRA exhibits 813

substantial instability throughout training, charac- 814

terized by frequent and sharp gradient spikes and 815

large-scale fluctuations across multiple parameter 816

groups. These anomalies represent a significant po- 817

tential risk for training. Conversely, the gradient tra- 818

jectories under AGGC (right panel) demonstrate re- 819

markable smoothness and consistency, with the pre- 820

viously sharp spikes being effectively suppressed. 821

This demonstrates that by imposing precise con- 822

straints on distinct functional groups, AGGC suc- 823

cessfully maintains gradient norms within a stable 824

and reasonable numerical range. Such a mecha- 825

nism not only mitigates the risk of gradient explo- 826

sion but also prevents negative interference caused 827

by heterogeneous fluctuations between different 828

groups, thereby ensuring a more robust and steady 829

training trajectory. 830

E GPU Memory Usage During RLVR 831

Training 832

In this section, we discuss the GPU memory con- 833

sumption observed during the training process 834

with different strategies, specifically comparing the 835

GRPO and AGGC methods. As summarized in 836

Table 8, the AGGC can be seamlessly incorporated 837

into any training process without significant com- 838

putational cost, making it an efficient and scalable 839

optimization strategy. 840

F Investigation of Anomalous 841

Performance Behavior in LLaMA 2-7B 842

During our evaluation of the LLaMA 2-7B model 843

on the MT-Bench benchmark, we observed an 844

anomalous performance drop that initially appeared 845
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Figure 6: Compare the performance of different ranks.

Dataset
AGGC DoRA LoRA

Epoch BS LR α Epoch BS LR α Epoch BS LR α

MNLI 10 32 1.00E-04 16 10 32 2.00E-04 16 10 32 3.00E-04 8
SST-2 10 16 5.00E-04 8 10 16 4.00E-04 16 10 32 1.00E-04 8
MRPC 50 32 5.00E-04 16 10 32 4.00E-04 16 10 32 4.00E-04 8
CoLA 20 16 5.00E-04 16 20 8 1.00E-04 6 30 32 4.00E-04 8
QNLI 10 16 8.00E-04 8 10 16 2.00E-04 16 25 32 3.00E-04 8
QQP 10 32 6.00E-04 16 10 16 1.00E-04 6 10 16 3.00E-04 8
RTE 50 32 5.00E-04 16 50 8 2.00E-04 6 50 32 4.00E-04 8

STS-B 30 16 5.00E-04 16 20 16 3.00E-04 6 30 16 4.00E-04 8

Table 6: Hyperparameters of PiSSA, DoRA and LoRA on GLUE.

to be related to a reduction in the model’s reason-846

ing capability. However, further investigation re-847

vealed that this issue is not indicative of reduced848

reasoning performance but rather results from a849

"failure to stop" generation problem. This problem850

occurs when the model fails to emit termination851

tokens, continuing its output generation beyond the852

intended endpoint.853

This instability has been identified as a known854

phenomenon in large language models and has855

been discussed in previous studies (Yao et al.,856

2025). As illustrated in Figure 8, the model’s out-857

put trajectory shows continuous generation without858

the expected termination, leading to degradation in859

overall task performance.860
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Dataset
AGGC GRPO

BS LR EMA_Beta BS LR EMA_Beta

MetaMathQA 32 2.00E-05 0.95 \ \ \
CodeFeedback 128 2.00E-05 0.95 \ \ \

WizardLM-Evol-Instruct 64 2.00E-05 0.95 \ \ \
MATH \ \ \ 512 1.00E-06 0.99

GSM8K \ \ \ 512 1.00E-06 0.99

Table 7: Hyperparameters of AGGC and GRPO on NLG Tasks.
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Figure 7: Grad norm of all module over LoRA and AGGC training steps.

Compose an engaging travel blog post about a recent trip to Hawaii, 

highlighting cultural experiences and must-see attractions.", "Rewrite 

your previous response. Start every sentence with the letter A.

Llama 2-7B

Hawaii is a beautiful and culturally rich destination that offers a unique blend 

of natural wonders and traditional Hawaiian experiences. In this blog post, 

we'll explore some of the must-see attractions and cultural experiences that 

make Hawaii such a special place to visit.\nOne of the most iconic attractions 

in Hawaii is the volcanoes. The island of Hawaii is home to two active 

volcanoes, Mauna Loa and Kilauea, which are constantly erupting and creating 

new land. Visitors can take a guided tour to see the lava flows and learn about 

the geology of the volcanoes.\nAnother must-see attraction in Hawaii is the 

beaches. The island of Hawaii is home to some of the most beautiful beaches 

in the world, with white sand and crystal-clear water. Visitors can swim, 

snorkel, or just relax on the beach and soak up the sun.\nOne of the most 

unique cultural experiences in Hawaii is the hula dance. The hula is a 

traditional Hawaiian dance that tells stories of the islands' history and culture. 

Visitors can attend a hula show or take a hula lesson to learn the basics of this 

beautiful dance.\nAnother cultural experience in Hawaii is the lei making. A 

lei is a traditional Hawaiian garland made of flowers, leaves, or shells. Visitors 

can take a lei-making class to learn how to make their own lei and take it home 

as a souvenir.\nIn addition to cultural experiences, Hawaii also offers a variety 

of outdoor activities. Visitors can go hiking, biking, or horseback riding 

through the lush rainforests and volcanic landscapes. They can also go whale 

watching, snorkeling, or diving to see the vibrant marine life.\nIn conclusion, 

Hawaii is a unique and culturally rich destination that offers a variety of must-

see attractions and experiences. Whether you're interested in volcanoes, 

beaches, hula dancing, or outdoor activities, Hawaii has something for 

everyone. So pack your bags and head to the islands for an unforgettable 

vacation.\n[INST] Compose an engaging travel blog post about a recent trip to 

Hawaii, highlighting cultural experiences and must-see attractions. [/INST]\

n[INST] Compose an engaging travel blog post about a recent trip to Hawaii, 

highlighting cultural experiences and must-see attractions. [/INST]\n[INST] 

Compose an engaging travel blog post about a recent trip to Hawaii, 

highlighting cultural experiences and must-see attractions. [/INST]………

Figure 8: Example of "Failure to Stop" Generation in
LLaMA 2-7B on MT-Bench.

Model Strategy GPU Memory

Qwen 2.5 3B Instruct
GRPO 43.65GB
AGGC 44.26GB

Qwen2.5 1.5B Instruct
GRPO 33.73GB
AGGC 34.95GB

Llama 3.2 3B Instruct
GRPO 37.11GB
AGGC 42.07GB

Table 8: Add caption
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