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Abstract001

The rapid advancement of large language mod-002
els (LLMs) has increased the need for effec-003
tive task-specific adaptation. Fine-tuning re-004
mains the primary approach but often suf-005
fers from redundant parameter updates and006
catastrophic forgetting in continual learning007
settings. Existing methods mitigate these is-008
sues using gradient masks, yet they largely ig-009
nore interactions among neurons. We observe010
neuron collaboration, where neurons tend to011
have closely connected neighbors that are co-012
activated for specific tasks. Leveraging this013
concept, we propose CollabMask (Collabora-014
tive Neuron Mask Fine-tuning), which gen-015
erates dynamic, collaboration-aware gradient016
masks to induce gradient sparsity. Experi-017
ments on mathematical tasks show a 2.7% im-018
provement over full-parameter fine-tuning and019
a 3.9% improvement over other gradient mask-020
ing methods. In continual learning settings,021
CollabMask achieves performance within 1%022
of the best baseline on new tasks, previously023
learned tasks, and general reasoning ability,024
demonstrating its effectiveness in enhancing025
fine-tuning and mitigating catastrophic forget-026
ting. We also discuss the connection between027
neuron collaboration and neuron-level inter-028
pretability, highlighting its potential to improve029
the explainability of LLMs.030

1 Introduction031

Large language models (LLMs) have advanced032

rapidly in recent years and are increasingly adapted033

to diverse application domains (Bubeck et al., 2023;034

Achiam et al., 2023; Thirunavukarasu et al., 2023;035

Wen et al., 2024). Fine-tuning pretrained models is036

commonly the dominant strategy for task special-037

ization and thus remains a central focus of current038

research (Wang et al., 2024c; Hu et al., 2021).039

However, the increasing scale of pretrained040

models, coupled with the limited size of down-041

stream datasets, poses significant challenges for042

fine-tuning (Zhang et al., 2024). Updating bil- 043

lions of parameters using gradients from a rela- 044

tively small training dataset can introduce noisy 045

and redundant parameter updates, hindering fine- 046

tuning performance and leading to representational 047

changes that degrade previously learned capabil- 048

ities (Kumar et al., 2022). In continual learning 049

settings, where LLMs are sequentially adapted 050

to multiple tasks, such redundant updates can 051

exacerbate overfitting on current tasks and con- 052

tribute to catastrophic forgetting (Shi et al., 2025; 053

Büyükakyüz, 2024) and loss of generalization on 054

out-of-distribution data (Kumar et al., 2022). 055

To mitigate these challenges, recent work has 056

explored constraining parameter updates (intro- 057

ducing sparsity into gradients) during fine-tuning. 058

For instance, Child-Tuning (Xu et al., 2021) and 059

HMT (Hui et al., 2024) apply random gradient 060

masks to selectively update parameters in MLP lay- 061

ers, while GMT (Li et al., 2025) selects gradient 062

masks based on the average gradient across several 063

batches. LoRA (Hu et al., 2021) takes a different 064

approach by restricting updates to low-dimensional 065

parameter subspaces. The core principle of these 066

approaches is to regularize the hypothesis space, 067

thereby reducing overfitting and preserving pre- 068

trained knowledge. 069

Nevertheless, existing methods have two primary 070

drawbacks. First, they use random masks (Hui 071

et al., 2024; Xu et al., 2021) or rely on gradient 072

saliency for selecting task-specific gradient masks 073

(Li et al., 2025). Second, they ignore the explain- 074

ability of neurons’ behaviors from the base model 075

(Choi et al., 2024). Consequently, their redundancy 076

reduction strategies remain less task-sensitive and 077

risk discarding important gradient information. For 078

example, relying solely on high-gradient signals at 079

the batch level can fail to capture neurons that are 080

not gradient-salient for a certain training step but 081

functionally relevant to the downstream task in the 082

pretrained model. 083
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Figure 1: Illustration of our proposed method, CollabMask. First, in the forward pass (top-right block), we perform
explainable neuron collaboration measuring. Training samples are fed into the LLM, and the co-activation of neurons
in MLP modules is measured for each layer. These co-activations are used to construct a hypergraph, which is then
projected to collaboration graphs. Then, in the backward pass during fine-tuning, the parameter gradients ∇wt

are combined with collaboration graphs to compute the CollabScore, which quantifies the relevance of parameters
at the current step t. The top-p% entries of CollabScore are selected via a gradient mask M . Applying the mask
enables CollabMask to selectively update functionally relevant parameters, reducing redundancy compared to the
vanilla SFT.

In this paper, we propose CollabMask (Neuron084

Collaboration Gradient Mask Fine-tuning), a novel085

fine-tuning framework that tackles continual learn-086

ing challenges from an explainability perspective.087

CollabMask measures neuron co-activation trig-088

gered by samples from the training dataset to cap-089

ture their collaborative roles in the downstream090

task, which reflects their functional and semantic091

similarity. Based on this task-dependent similarity092

structure, CollabMask applies dynamic gradient093

masks that adapt to each training batch, constrain-094

ing parameter updates accordingly. By integrating095

explainability with dynamic masking, CollabMask096

enables targeted fine-tuning ,which more precisely097

reduces redundant parameter updates.098

In detail, CollabMask operates in two phases.099

In the explainable neuron collaboration measur-100

ing phase, data from the downstream task are used101

to construct co-activation hypergraphs for MLP102

layers, which are then projected into collabora-103

tion graphs—weighted graphs where vertices rep-104

resent neurons and edge weights reflect their ten-105

dency to be co-activated. In the masked tuning106

phase, CollabMask dynamically combines connec-107

tions in collaboration graphs with gradient infor-108

mation to generate batch-specific gradient masks. 109

These masks suppress updates to less relevant neu- 110

rons while preserving pretrained collaboration pat- 111

terns, ensuring that functionally important but non- 112

gradient-salient neurons are still updated. Together, 113

these two phases improve fine-tuning by concentrat- 114

ing updates on functionally meaningful neurons. 115

We conduct extensive experiments on a math- 116

ematical reasoning task and a continual learning 117

setting involving sequential fine-tuning on math fol- 118

lowed by a coding task. CollabMask is evaluated 119

against multiple baselines across four LLMs. On 120

the math task, CollabMask improves accuracy by 121

2.7% over full-parameter SFT and 3.9% over the 122

previous best method. In the continual learning set- 123

ting, CollabMask achieves performance within 1% 124

of the best baseline on the incoming coding task, 125

the previously learned math task, and a general rea- 126

soning task, demonstrating strong generalization 127

and reasoning abilities. These results indicate that 128

CollabMask effectively filters gradient noise dur- 129

ing fine-tuning by leveraging neuron collaboration 130

masks, enabling better task adaptation in continual 131

learning scenarios. 132

Our contributions can be summarized as follows: 133
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1. Through experiments, we show that existing134

standard fine-tuning methods and gradient135

masking approaches fail to fully leverage the136

collaborative behavior of neurons, resulting in137

less effective parameter updates.138

2. We propose CollabMask, a method that mea-139

sures neuron collaboration and constructs col-140

laboration graphs to guide gradient masking.141

This approach reduces unnecessary parameter142

updates while preserving neuron collaboration143

during fine-tuning.144

3. We conduct extensive experiments across145

multiple benchmarks, demonstrating that146

CollabMask outperforms representative base-147

lines in standard fine-tuning and is competi-148

tive in continual learning. Furthermore, we149

show that neuron clusters serve as meaningful150

explainable units, opening avenues for study-151

ing neuron similarity and collaboration.152

2 Related work153

Gradient-sparse Finetuning strategy A num-154

ber of fine-tuning strategies have been proposed155

to reduce parameter redundancy in LLMs. LoRA156

(Hu et al., 2021) applies low-rank adaptation to157

parameters, effectively constraining the hypothesis158

space to a lower-dimensional subspace. In addi-159

tion, several gradient masking methods have been160

developed to restrict gradient updates during train-161

ing. For example, Child-Tuning (Xu et al., 2021)162

and HFT (Hui et al., 2024) assign each parameter163

a fixed probability of being updated in each step,164

while GMT (Li et al., 2025) accumulates gradients165

and updates only the top-p% parameters with the166

largest absolute gradient values.167

Neuron-level explainability A major line of re-168

search in LLM explainability focuses on under-169

standing the functions and semantics of individual170

neurons, as well as their influence on model outputs171

(Sajjad et al., 2022; Zhao et al., 2023). Neuron attri-172

bution methods aim to identify critical neurons re-173

sponsible for specific tasks or knowledge retrieval174

(Yu and Ananiadou, 2024; Lan et al., 2023; Wang175

et al., 2022a). Another direction is mechanistic in-176

terpretability, which studies how groups of neurons177

across layers form circuits that explain model be-178

havior or specific decisions (Conmy et al., 2023; He179

et al., 2024). Some works attempt to assign global180

functional explanations. Examples include lin-181

ear explanation approaches (Oikarinen and Weng,182

2024), neuron graph explanation (Foote et al., 183

2023), and using LLMs to describe the semantic 184

functions of neurons (Choi et al., 2024). In addition, 185

La Rosa et al. (2023) extends single-neuron analy- 186

sis beyond high-activation cases, proposing multi- 187

level activation explanations to capture a richer 188

picture of individual neuron behavior. 189

Catastrophic Forgetting. Continual learn- 190

ing (Wang et al., 2024a; Shi et al., 2025) studies 191

how models can be trained on a sequence of tasks 192

over time. A fundamental challenge in this setting 193

is catastrophic forgetting (French, 1999), where 194

adaptation to new tasks leads to a degradation of 195

performance on previously learned tasks. In the 196

context of large language models, recent work has 197

explored various strategies to mitigate catastrophic 198

forgetting, including parameter-efficient adaptation 199

methods (Jiang et al., 2025; Büyükakyüz, 2024). 200

Gradient sparsity has also been studied as a means 201

to reduce catastrophic forgetting in continual 202

learning (Wang et al., 2022b). 203

3 Methodology 204

In this section, we provide a comprehensive expla- 205

nation and the underlying principle of CollabMask, 206

as shown in Figure 1. First, we measure the co- 207

activation relation among neurons in MLP layers 208

and construct a co-activation hypergraph. Then, the 209

co-activation hypergraph is projected to the collab- 210

oration graph. Finally, we utilize the collaboration 211

graph of MLP neurons and the gradient from the 212

backward pass to predict the gradient mask for pa- 213

rameter updates. 214

3.1 Overview of CollabMask 215

We begin the introduction of CollabMask from the 216

standard stochastic gradient descent (SGD) algo- 217

rithm and the masked tuning technique, used in 218

(Hui et al., 2024; Xu et al., 2021; Li et al., 2025). 219

In SGD, parameters are updated in the negative 220

direction of the gradient, under the assumption that 221

the gradient of the batch-wise local gradient ap- 222

proximates the global loss function. Let wt denote 223

the parameters at step t, L(Bt, wt) as the loss func- 224

tion on batch Bt, and η the learning rate.The update 225

rule can be described as follows: 226

wt+1 = wt − η
∂L(batcht, wt)

∂wt
. (1) 227

Masked optimization methods such as child-tuning 228

(Xu et al., 2021) and GMT (Li et al., 2025) use 229
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Algorithm 1 CollabMask

Hyperparameters: Dataset D; mask rate p; hy-
peredge factor α; token factor β; Collab weight
λ; nearest neighbor range k;lr η
Initialize model parameters w0 from pretrained
model

// Token Statistics
rank(x)← Compute token frequency on D
for x ∈ D do

TR(x)← rank(x)β

end for
// Collaboration Graph Construction
for each layer ℓ do

for x ∈ D do
E

(h)
ℓ (x)← {n | actℓ,n(x) > 0}

end for
for i, j ∈ E

(h)
ℓ (x) do

Gℓ(i, j)+=|E(h)
ℓ (x)|−αTR(x)

end for
end for
// Masked Optimization
for step t = 0, ..., T − 1 do

gt ← ∇wtL
A← |gt| ⊙Norm(kNN(Gℓ))
S ← (1− λ)|gt|+ λA
Mt ← Top-p%(S)
wt+1 ← wt − η gt ⊙Mt

end for

a parameter-wise mask M to restrict gradient up-230

dates:231

wt+1 = wt − η
∂L(batcht, wt)

∂wt
⊙M , (2)232

where the mask M is binary,M ∈ {0, 1}|wt|,with233

|wt| denoting the shape of parameters.234

The key advantage of CollabMask lies in its235

treatment of neuron collaboration as an estimate236

of functional similarity among neurons, which237

enables an explainable mechanism for gradient238

mask selection. In contrast to prior approaches,239

CollabMask introduces batch-level dynamic gra-240

dient sparsity (Wang et al., 2022b) into the fine-241

tuning process and preserves non-salient gradients242

that would otherwise be discarded by methods re-243

lying solely on top-gradient magnitude. Moreover,244

by allowing closely collaborating neurons to be up-245

dated jointly, the proposed gradient masking strat-246

egy strengthens task-specific neuron collaboration,247

reduces redundancy in parameter updates, and ulti- 248

mately leads to improved performance. 249

3.2 Explainable Neuron Collaboration 250

Measuring 251

To guide fine-tuning using an interpretable neu- 252

ron collaboration structure, CollabMask partitions 253

neurons in each MLP layer into functional clus- 254

ters based on their co-activation patterns in the 255

base model. This procedure consists of two stages: 256

(i) constructing co-activation hypergraphs, and (ii) 257

projecting these hypergraphs into weighted undi- 258

rected graphs, referred to as collaboration graphs. 259

We further empirically verify that the resulting 260

weighted collaboration graphs effectively capture 261

functional similarity among neurons. 262

3.2.1 Co-activation Hypergraph Construction 263

Neuron Activation Definition. Consider an 264

MLP layer ℓ containing Nℓ neurons. For an in- 265

put token x drawn from the downstream dataset D, 266

let actℓ,n(x) denote the output of the nonlinear ac- 267

tivation function (e.g., SiLU in LLaMA) applied to 268

the n-th component of the gate-projection vector. 269

We emphasize that actℓ,n(x) does not corre- 270

spond to the conventional neuron activation. Under 271

the standard definition, the activation of neuron n 272

is given by 273

actℓ,n(x) · upℓ,n(x), (3) 274

where uℓ,n denotes the n-th component of the up- 275

projection vector. A neuron may be activated pos- 276

itively or negatively, encoding distinct semantic 277

information depending on the sign of upℓ,n(x). 278

In this work, we use actℓ,n(x) solely to detect 279

whether a neuron is activated by a given input token. 280

Importantly, even though this approach ignores the 281

sign provided by upℓ,n(x), it is still capable of de- 282

tecting both positive and negative activations, since 283

any neuron with a non-zero contribution will pro- 284

duce a positive actℓ,n(x) after the activation func- 285

tion. Accordingly, we define a binary activation 286

indicator as 287

Iℓ,n(x) = 1
[
actℓ,n(x) > 0

]
, Iℓ,n(x) ∈ {0, 1}.

(4) 288

The detailed justification for using zℓ,n(x) as 289

an activation detection signal is provided in Ap- 290

pendix A.2. 291

Co-Activation Hypergraph Construction. For 292

each MLP layer ℓ of the LLM, we construct a co- 293

activation hypergraph. Specifically, for layer ℓ, the 294
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hypergraph is defined asHℓ = (Vℓ, Eℓ), where the295

vertex set296

Vℓ = {1, 2, . . . , Nℓ} (5)297

corresponds to all neurons in the layer, and Nℓ298

denotes the intermediate size of the MLP.299

For a given input token x, the set of activated300

neurons forms a hyperedge301

E
(h)
ℓ (x) = {n ∈ Vℓ | Iℓ,n(x) = 1}. (6)302

By collecting all such hyperedges across the dataset303

D, we obtain the full co-activation hypergraph304

Hℓ =
(
Vℓ, Eℓ

)
, Eℓ =

{
E

(h)
ℓ (x) | x ∈ D

}
. (7)305

3.2.2 Projection to collaboration graph306

Following (Li and Milenkovic, 2017), we project307

the hypergraph Hℓ onto a weighted undirected308

graph Gℓ = (Vℓ, Eℓ), referred to as the collabo-309

ration graph. For a pair of neurons i and j, the310

edge weight is defined as:311

Eℓ(i, j) =
∑

i,j∈E(h)
ℓ (x)∈Eℓ

1

|E(h)
ℓ (x)|α

TR(x), (8)312

where E
(h)
ℓ (x) is the hyperedge induced by token313

x, |E(h)
ℓ (x)| denotes its cardinality, α is a scaling314

parameter, and TR(x) is a token reweighting fac-315

tor. Intuitively, Eℓ(i, j) measures the strength of316

collaboration between neurons i and j, adjusted for317

the size of co-activation and token frequency.318

Hyperedge Degree Reweighting. The parameter319

α controls the relative contribution of hyperedges320

with different degrees. When 0 < α < 2, the pro-321

jection emphasizes high-degree hyperedges, which322

correspond to widespread co-activation patterns323

across neurons. In contrast, α > 2 assigns greater324

weight to low-degree hyperedges, thereby prior-325

itizing more localized and specific co-activation326

structures.327

In our experiments, we set α = 2.5 to strike328

a balance between these two regimes, favoring329

tighter co-activation patterns while still retaining330

information from broader contextual interactions.331

A more detailed discussion and justification of this332

design choice are provided in Appendix A.1.333

Token Frequency Reweighting. A naive pro-334

jection of the co-activation hypergraph tends to335

overemphasize high-frequency tokens (e.g., spe-336

cial tokens such as eos_token), which often dom-337

inate the hypergraph while contributing little to338

task-specific semantics. To mitigate this bias, in- 339

spired by Zipf’s law (Zipf, 1949), we introduce 340

a token frequency rank–based reweighting factor 341

TR(x) to estimate the informativeness of token x. 342

Specifically, we first compute token frequencies 343

over the training dataset and rank all tokens in as- 344

cending order of frequency. Each token x is then 345

assigned a rank rank(x), and the reweighting fac- 346

tor is defined as 347

TR(x) = rank(x)β. (9) 348

In our experiments, we set β = 1.3. This formula- 349

tion assigns relatively greater weights to medium- 350

frequency tokens, which are typically more infor- 351

mative for downstream tasks, while suppressing 352

the influence of overly frequent tokens. Additional 353

details are provided in Appendix A.3. 354

3.3 Collaboration-Aware Gradient Masking 355

At each optimization step t, we construct a binary 356

update mask for each parameter block1 in the MLP 357

layers. Each mask enforces a fixed pass rate of p%, 358

determining the proportion of parameters updated 359

at each step. 360

To guide mask selection, we define a 361

collaboration-aware score based on the gradient 362

at step t and the collaboration graph Gℓ, denoted 363

as Collab-S(wt), which measures the importance 364

of parameters wt at step t: 365

Collab-S(wt) = (1− λ)
∣∣∇wtL

∣∣ + λA(wt),
(10) 366

where λ ∈ [0, 1] controls the contribution of neuron 367

collaboration. In all experiments, we set λ = 0.5. 368

The collaboration activation term A(wt) cap- 369

tures the average activation strength of neighboring 370

neurons—i.e., neurons that frequently co-activate 371

according to the collaboration graph—and is de- 372

fined as 373

A(wt) =
∣∣∇wtL

∣∣ ⊙ Norm(kNN(Gℓ)) , (11) 374

where Gℓ denotes the weighted collaboration 375

graph of layer ℓ, KNN(·) is a row-wise k-nearest- 376

neighbor operator that sparsifies the graph by re- 377

taining the top-k edges per neuron, Norm(·) is a 378

row-wise normalization operator, and ⊙ denotes 379

element-wise multiplication. 380

Finally, parameters corresponding to the top p% 381

of Collab-S(wt) values are assigned a mask value 382

1By parameter block, we refer to weight matrices such as
up_proj, down_proj, and gate_proj in LLaMA.
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of 1, while the remaining parameters are masked383

out. This design encourages parameters associated384

with strongly collaborating neurons to be updated385

jointly, even when their individual gradients are386

not among the largest, thereby reducing redundant387

updates and improving fine-tuning efficiency.388

4 Experiments389

We conduct extensive experiments to demonstrate390

that CollabMask effectively filters gradient noise391

and enhances fine-tuning performance by preserv-392

ing neuron collaboration patterns. In a continual393

learning setting, where the base model is sequen-394

tially trained on two tasks, CollabMask mitigates395

catastrophic forgetting more effectively than full-396

parameter fine-tuning and other gradient-masking397

methods. We also include ablation studies to evalu-398

ate the contribution of each design component in399

CollabMask.400

4.1 Experiment setting401

Datasets. To evaluate the effectiveness of402

CollabMask in improving fine-tuning perfor-403

mance, we focus on mathematics tasks using404

GSM8K (Cobbe et al., 2021) for both fine-tuning405

and evaluation. In the continual learning setting,406

the model is sequentially fine-tuned on mathe-407

matics and coding tasks, using GSM8K (Cobbe408

et al., 2021) and CodeAlpaca (Chaudhary, 2023),409

respectively. For coding evaluation, we use the410

EvalPlus toolkit (Liu et al., 2023) on the Hu-411

manEval dataset (Chen et al., 2021). Additionally,412

we include the general reasoning dataset MMLU-413

Pro (Wang et al., 2024b) to assess model generaliz-414

ability and reasoning ability.415

Base Models. We select large language mod-416

els from three families: LLaMA 3 (Grattafiori417

et al., 2024), Mistral (Jiang et al., 2023), and418

Qwen 3 (Team, 2025). Specifically, we use419

LLaMA-3.1-8B, Mistral-v0.1-7B, and Qwen3-420

4B/Base and Qwen3-8B/Base. All models are pre-421

trained base models without prior task-specific fine-422

tuning.423

Baselines. To assess the effectiveness of424

CollabMask, we compare it against the following425

fine-tuning methods:426

1. SFT: Standard full parameter supervised fine-427

tuning.428

2. LoRA: fine-tuning with LoRA (Hu et al.,429

2021).430

3. Random: child-tuning (Xu et al., 2021) and 431

half fine-tuning (Hui et al., 2024). Random 432

gradient masking. 433

4. Highest: Updating only the top p% of gradi- 434

ents in each step. 435

5. GMT: Gradient-Masked Fine-Tuning (Li 436

et al., 2025), which accumulates gradients 437

over batches and updates only the top p%. 438

For fairness and breadth, we fine-tune all models 439

on all tasks under two mask-ratio p settings. 440

Continual Learning Setting. To evaluate how 441

CollabMask mitigates catastrophic forgetting, we 442

sequentially fine-tune LLaMA-3.1-8B on mathe- 443

matics and coding tasks using CollabMask and the 444

baseline methods. Hyperparameters are selected to 445

optimize fine-tuning performance for each method 446

and are kept fixed across the two consecutive tasks. 447

After completing each task, we measure perfor- 448

mance on coding, mathematics, medical, and gen- 449

eral reasoning tasks to assess both retention and 450

transfer. 451

4.2 Experiment results 452

As shown in Table 1, CollabMask consistently 453

achieves better or comparable performance com- 454

pared with full supervised fine-tuning (SFT) across 455

multiple models and masking rates. In most cases, 456

it outperforms baseline strategies such as Ran- 457

dom, Highest, and GMT, demonstrating the effec- 458

tiveness of its collaboration-aware gradient mask- 459

ing in preserving important neuron interactions. 460

Averaged across all models and settings, Collab- 461

Mask achieves the highest overall accuracy (67.3), 462

slightly surpassing SFT (67.0), highlighting its ro- 463

bustness and generalizability as a selective fine- 464

tuning method that maintains or improves perfor- 465

mance while potentially reducing redundant param- 466

eter updates. 467

Table 2 shows that CollabMask consistently de- 468

livers strong performance across multiple bench- 469

marks, particularly compared to other parameter- 470

efficient or masking-based methods. On tasks such 471

as HumanEval and HumanEval+, CollabMask 472

remains competitive, achieving scores close to 473

or exceeding standard fine-tuning (SFT), while 474

improving over masking baselines and LoRA. 475

When continual learning data (CodeAlpaca) is in- 476

cluded, CollabMask maintains robustness, achiev- 477

ing 61.3 on GSM8K and 51.4 on MMLU aver- 478

age—comparable to or slightly below SFT but 479
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Table 1: Accuracy results (%) of fine-tuned models on mathematical tasks. The best results are bold, and the
second-best results are underlined. |θ| denotes the total number of model parameters. p indicates the gradient mask
pass rate. For gradient masking strategies, the reported value in average is from the higher accuracy achieved across
different p settings.

Model |θ| Base SFT LoRA p Random Highest GMT CollabMask

Llama3 8B 23.3 61.0 42.6
0.5 58.8 50.5 38.0 63.5
0.7 63.0 54.8 38.0 60.3

Mistral 7B 24.0 46.0 48.3
0.5 48.0 49.3 55.6 52.0
0.7 50.0 46.0 50.3 47.0

Qwen3 4B 48.3 77.0 83.7 0.5 62.5 80.3 60.0 62.8
0.7 64.5 53.3 64.3 80.0

Qwen3 8B 43.0 83.8 80.0
0.5 85.5 70.0 75.8 82.8
0.7 79.3 52.8 70.8 83.3

Average – – 67.0 63.7 – 65.8 63.6 58.4 69.7

Table 2: Results of continual learning on LLaMa-3-8B.

Method Training Data GSM8K HumanEval HumanEval+ MMLU Avg

SFT GSM8K 61.0 40.9 32.9 66.86
Random GSM8K 63.0 39.6 32.3 52.43
Highest GSM8K 54.8 38.4 32.9 33.43
GMT GSM8K 38.0 37.2 31.7 36.14
LoRA GSM8K 42.6 40.9 32.3 42.50
CollabMask GSM8K 63.5 40.2 34.8 63.71

SFT GSM8K + CodeAlpaca 56.7 38.4 31.1 51.57
Random GSM8K + CodeAlpaca 62.7 40.2 31.1 48.43
Highest GSM8K + CodeAlpaca 48.3 39.6 32.9 33.43
GMT GSM8K + CodeAlpaca 46.7 40.2 32.9 33.00
LoRA GSM8K + CodeAlpaca 42.3 40.9 32.3 36.29
CollabMask GSM8K + CodeAlpaca 61.3 39.0 32.3 51.40

clearly outperforming naive masking strategies.480

Moreover, continual training induces smaller per-481

formance drops in MMLU average for CollabMask482

than for SFT. Overall, these results demonstrate the483

consistent effectiveness of CollabMask in preserv-484

ing or enhancing performance through selective,485

collaboration-aware parameter updates, highlight-486

ing the value of its gradient masking approach.487

4.3 Ablation study.488

We assess the contribution of key design compo-489

nents in CollabMask through an ablation study490

on LLaMA 3.1–8B, including hyperedge degree491

reweighting, token frequency reweighting, and the492

k-nearest-neighbor (KNN) operation used in gra-493

dient mask selection. For all ablation experiments,494

we fix the gradient pass rate to p = 0.7. As shown495

Table 3: Ablation study of CollabMask on GSM8K.
Performance drops (∆) are computed relative to the full
CollabMask model with p = 0.7.

Variant GSM8K (%) ∆ (%)

Full 60.3 –
w/o KNN 57 -3.3
w/o α 58 -2.3
w/o token reweight 58 -2.3

in Table 3, removing any individual component 496

consistently degrades performance, indicating that 497

each component contributes positively to the over- 498

all effectiveness of CollabMask. 499
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Table 4: Fraction of top-5 collaboration-graph connec-
tions whose neuron-description similarity ranks in the
top-k% (90% confidence).

Top-5 Conn. (%)

Top 10% 17.6
Top 20% 38.5
Top 30% 56.9

5 Discussion500

5.1 Validating Explainability of Collaboration501

Graph502

We evaluate how edge weights in the collabo-503

ration graph capture semantic similarity among504

neurons by constructing collaboration graphs for505

LLaMA 3.1–8B–Instruct (Grattafiori et al., 2024).506

Using the neuron-description database for the same507

model from Choi et al. (2024), we compute co-508

sine similarity between pairs of description embed-509

dings. Note that the neuron-description database510

is derived from massive general data, whereas the511

collaboration graphs are constructed from a dataset512

specialized for mathematics in this experiment;513

thus, it is expected that the collaboration graphs514

do not fully reflect the description-based similari-515

ties.516

For each neuron, we select its top-5 neighbors517

in the collaboration graph and compare their de-518

scription similarities to those of randomly sampled519

neurons from the same layer. We report the cumu-520

lative proportion of top-5 connections whose sim-521

ilarity ranks fall within the top k% of all neuron522

pairs with 90% confidence. As shown in Table 4,523

the collaboration graph reliably identifies semanti-524

cally similar neurons. More details are provided in525

Appendix A.4.526

5.2 Limitations527

The inconsistent performance of CollabMask com-528

pared to prior methods may stem from sev-529

eral factors. First, similar to previous methods,530

CollabMask still heavily uses gradient saliency531

in mask selection, even though with neuron col-532

laboration relation to enhance it. Second, the co-533

activation behavior of neurons is measured at the534

token level, while the loss function is optimized535

at the batch level. This mismatch may reduce the536

effectiveness of the collaboration graph in guiding537

the gradients of parameters.538

CollabMask introduces computational overhead539

due to co-activation hypergraph construction, and 540

graph projection steps. In addition, our current 541

method focuses on MLP layers; neuron collabora- 542

tion relations within attention modules remain un- 543

derexplored. Another limitation is that we treat lay- 544

ers as independent, overlooking cross-layer neuron 545

collaborations and causal relations likely exist, as 546

suggested by mechanistic interpretability research 547

(Conmy et al., 2023). 548

5.3 Future directions 549

Future work may explore several directions. First, 550

CollabMask could be extended to preference op- 551

timization frameworks, such as Direct Preference 552

Optimization (DPO) (Rafailov et al., 2023). Sec- 553

ond, the framework may be adapted for mixture- 554

of-experts (MoE) models and extended to attention 555

modules. Finally, we plan to further investigate 556

CollabMask in continual learning settings, study 557

the effects of gradient sparsity(Wang et al., 2022b) 558

in LLMs, and develop methods for achieving more 559

precise gradient sparsity. 560

6 Conclusion 561

In this paper, we introduced CollabMask, a fine- 562

tuning method that leverages neuron collabo- 563

ration to construct collaboration-aware gradient 564

masks. By identifying relevant parameter groups, 565

CollabMask preserves collaboration patterns, re- 566

duces redundant updates, and mitigates catas- 567

trophic forgetting in continual learning settings, 568

resulting in improved performance and generaliza- 569

tion. Experiments demonstrate that CollabMask 570

consistently outperforms standard supervised fine- 571

tuning and gradient masking baselines. Future 572

work will focus on producing more stable and inter- 573

pretable collaboration graphs, as well as extending 574

neuron collaboration analysis to attention mech- 575

anisms, cross-layer interactions, and mechanistic 576

interpretability. 577
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A Appendix 748

A.1 Theoretical Foundation of Projection to 749

Collaboration Graph 750

Following the Inhomogeneous Hypergraph Cluster- 751

ing (InH) algorithm by Li and Milenkovic (2017) 752

and its associated notation, the projection process 753

in CollabMask is designed to preserve the edge cut 754

when partitioning the graph. We demonstrate the 755

consistency of our projection method within the 756

CollabMask pipeline and highlight its advantage 757

in handling hyperedges with small degrees. 758

A.1.1 Projection of Hypergraphs in InH 759

In InH, it is proved that using the prescribed 760

method, a hypergraph can be projected onto a latent 761

graph, called collaboration graph, and clustering 762

on this latent graph can approximate the clustering 763

on the original hypergraph. 764

Formally, let H = (V,E) denote a hypergraph. 765

For each hyperedge (e, we), the cost of cutting 766

e into two disjoint subsets S ⊂ e and e \ S is 767

given by we(S). A weight function we(·) is called 768

consistent if it satisfies we(S) = we(e \ S). 769

For each InH-hyperedge (e, we), the InH algo- 770

rithm requires a projected complete subgraph Ge = 771

(V (e), E(e), w(e)) to represent (e, we), where 772

V (e) = e, E(e) = {{v, ṽ} | v, ṽ ∈ e, v ̸= ṽ}.
(12) 773

The goal is to find edge weights w(e)
vṽ such that 774

we(S) ≤
∑

v∈S,ṽ∈e\S

w
(e)
vṽ ≤ β(e)we(S), (13) 775

where β(e) is a constant. 776

After solving for w(e), InH constructs a complete 777

weighted graph G = (V,Eo, w), where V is the set 778

of vertices of the hypergraph, Eo is the complete 779

set of edges, and the edge weights are computed as 780

wvṽ =
∑
e∈E

w
(e)
vṽ . (14) 781

A.1.2 Implementation of Projection in 782

CollabMask 783

In CollabMask, when defining the cost of cut- 784

ting a co-activation hypergraph, it is natural to 785

use a non-constant cost function so that cutting 786

out a small fraction of a hyperedge incurs a lower 787

penalty, while keeping the majority of vertices in 788

the same cluster. We define the cost function of a 789
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co-activation hyperedge, which is obviously con-790

sistent by definition, as follows,791

we(S) =
|S| · (|e| − |S|)

|e|α
, (15)792

where α is a constant parameter that controls how793

the hyperedge degree affects clustering, thereby794

prioritizing low-degree hyperedges in subsequent795

steps of the CollabMask pipeline. When |S| = |e|
2 ,796

the maximum cost of a hyperedge is reached:797

max we(S) =
1

4|e|α−2
. (16)798

Under the current setting α = 2.5, this becomes799

max we(S) =
1

4
√
|e|

, (17)800

which emphasizes hyperedges of smaller degree.801

The edge weights in the projected graph are set802

as w
(e)
vṽ = 1

|e|α , which satisfy the approximation803

requirement in equation 13:804 ∑
v∈S,ṽ∈e\S

w
(e)
vṽ =

|S| · (|e| − |S|)
|e|α

= we(S).

(18)805

Finally, the projection graph is constructed fol-806

lowing equation 14, yielding the collaboration807

graph (similar to equation 8, but without token808

reweighting):809

Eℓ(i, j) =
∑

i,j∈E(h)
ℓ (x)∈Eℓ

1

|E(h)
ℓ (x)|α

. (19)810

A.2 Neuron activation results.811

In this section, we visualize neuron activation distri-812

butions and illustrate how activations are classified813

as activated by the Collab method using represen-814

tative samples. The upper panels show the acti-815

vation distributions of selected neurons at specific816

positions in LLaMA-3-8B-Instruct, computed over817

400 samples from the GSM8K dataset. The lower818

panels report the proportion of activations that are819

identified as activated by our algorithm.820

A.3 Token-frequency reweighting821

In linguistics, the frequency of words is often an-822

alyzed as a function of their frequency rank, fol-823

lowing Zipf’s law (Zipf, 1949). Empirically, words824

serving primarily syntactic purposes (e.g., “the”)825

typically appear among the highest-frequency826

ranks. In LLMs, a similar imbalance occurs: the 827

padding_token often dominates the input, some- 828

times accounting for nearly half of the tokens, due 829

to the usual ’s padding-to-max-length strategy. 830

As a result, most hyperedges E
(h)
ℓ (x) in the 831

co-activation hypergraph are induced by high- 832

frequency tokens that contribute relatively little 833

semantic information. To mitigate this bias, we 834

introduce a token-frequency-based reweighting fac- 835

tor 836

R(x) = rank(x)β, (20) 837

where β = 1.3 in the current implementation, 838

and additionally remove hyperedges induced by 839

extremely high-frequency tokens (in our current 840

setting, the top 3 tokens). 841

Here, the influence of a token is measured as 842

the normalized product of its frequency and its 843

reweighting factor. This adjustment reduces the 844

dominance of high-frequency, low-semantic to- 845

kens while amplifying the relative contribution of 846

medium- and low-frequency tokens. The result- 847

ing influence distribution across tokens of different 848

frequencies is illustrated in Figure 3. 849

A.4 Explainability of Collaboration Graph 850

Choi et al. (2024) provide two descriptions per 851

neuron (positive and negative) along with quality 852

scores. Let D+(n) and D−(n) denote the positive 853

and negative descriptions of neuron n, with scores 854

s(d), and let emb(d) denote the embedding. For 855

rare missing or invalid descriptions, we set s(d) = 856

0. 857

Per-Layer Results. The per-layer fraction of top- 858

5 collaboration-graph connections whose neuron- 859

description similarity ranks within the top-k% 860

(with 90% confidence) is reported in Table 5. 861

A.5 Additional Fine-Tuning Experiments 862

Results 863

The validation perplexity during training is shown 864

in Figure 4, Figure 5, Figure 6. 865

A.6 Reprodicibility statement 866

All experiments in this paper are implemented in 867

PyTorch 2.8 with CUDA 12.4 on NVIDIA A100 868

GPUs. The codebase, including training and evalu- 869

ation scripts, will be made publicly available, and 870

the codebase is submitted with this manuscript to 871

reviewers. 872

Models are trained using the Adam optimizer 873

with a learning rate of 1e-5, batch size 32, weight 874
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decay 0.01, and a maximum of 3 epochs, with875

validation performed at each epoch and the best876

model retained as the final model. For all datasets,877

reordering is disabled to ensure reproducibility. For878

all tasks, we use 4,000 samples for training and879

1,000 for validation.880

LLaMA-3-8B, Qwen-3-4B, and Mistral-7B are881

fine-tuned using 4 NVIDIA A100 GPUs, while882

Qwen-3-8B is fine-tuned using 8 A100 GPUs.883

Each training step takes approximately 30 seconds.884

The construction of the collaboration graph for885

each layer requires approximately 200 seconds on886

a CPU.887

A.7 Use of LLMs888

We used large language models (LLMs) to assist889

in the preparation of this manuscript. Specifically,890

LLMs were employed for text editing and grammar891

refinement. GPT-5.1-Codex Max, integrated via892

the Cursor coding agent, was used to support the893

development of experimental code. All technical894

ideas, experimental design, implementation, and895

analysis were performed solely by the authors.896

A.8 Potential risk.897

CollabMask is a low-risk method that improves898

fine-tuning via neuron-collaboration-aware gradi-899

ent masking. Potential considerations include: (i)900

unintended amplification of pretrained model bi-901

ases, (ii) possible impact on generalization to out-902

of-distribution data, (iii) additional computation903

and memory overhead, and (iv) approximations in904

collaboration graphs that may limit interpretabil-905

ity. While no direct safety risks are introduced,906

we recommend careful evaluation and monitoring907

before deploying fine-tuned models in high-stakes908

or sensitive applications.909

A.9 Artifact usage910

All external codebases, tools, models, and datasets911

used in this work are publicly available and are912

properly cited in the main paper. We did not pro-913

vide a separate discussion of licenses, as all arti-914

facts were used strictly for academic research pur-915

poses under their original publicly stated terms,916

without redistribution or commercial use. Our917

use of existing artifacts is consistent with their in-918

tended research-only usage, and the artifacts we919

introduce are likewise intended solely for research.920

The datasets used are widely adopted public bench-921

marks (e.g., GSM8K, HumanEval) and do not con-922

tain personally identifying information or offen-923

sive content; therefore, no additional anonymiza- 924

tion procedures were required. Finally, we do not 925

provide separate artifact documentation, as dataset 926

characteristics such as task domain and evaluation 927

protocol are well established and documented in 928

their original releases 929
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Figure 2: Neuron activation results for neuron at given
position, in model LLaMa-3-8B-Instruct trigger by
GSM8K.

Table 5: Distribution of neurons with 90% confidence
falling into top-x% similarity buckets. The first row
reports the average across all layers.

Layer ≥90% ≥80% ≥70%

Avg. 17.6 20.9 18.4

L0 18.6 20.3 17.8
L1 14.9 18.2 16.4
L2 17.7 17.6 15.1
L3 14.6 17.2 16.7
L4 15.3 20.1 18.3
L5 16.5 17.0 13.5
L6 18.2 19.9 17.0
L7 13.3 16.8 15.3
L8 13.8 16.7 16.3
L9 17.1 20.5 18.6
L10 13.6 18.9 18.9
L11 9.7 13.1 14.3
L12 16.3 19.4 18.7
L13 12.2 15.6 15.0
L14 14.2 18.0 17.7
L15 16.4 21.7 19.5
L16 16.7 21.4 19.1
L17 17.5 22.9 20.8
L18 15.8 19.5 18.9
L19 22.1 21.6 17.3
L20 22.3 25.2 20.5
L21 23.3 25.5 20.5
L22 31.0 33.9 20.5
L23 18.8 23.6 21.1
L24 22.3 25.5 19.7
L25 14.2 20.6 19.8
L26 14.6 20.2 19.5
L27 17.2 22.3 20.3
L28 20.9 24.5 20.4
L29 22.7 25.2 20.3
L30 20.8 23.2 19.3
L31 19.7 23.5 20.3
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Figure 3: The influence of tokens with different frequency under different reweighting factor β.The dark area is the
minimum token rank range that covers more than 60% of the total influence under the β setting.
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Figure 4: Validation perplexity with training steps on
Llama-3-8B for GSM8K.
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Figure 5: Validation perplexity with training steps on
Llama-3-8B for continual learning on CodeAlpaca.
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Figure 6: Validation perplexity with training steps on
Mistral-7B for GSM8K.
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