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Abstract001

Model quantization is essential for deploy-002
ing large language models (LLMs). However,003
quantized models often exhibit unpredictable004
failures in instruction following, including un-005
intended language switching, violation of for-006
matting constraints, and degenerative genera-007
tion. We present Deep Attention Stimulation008
(DAS), a training-free intervention that selec-009
tively compensates attention heads most dis-010
rupted by quantization. Inspired by targeted011
neural stimulation in cognitive neuroscience,012
DAS identifies critical attention heads by an-013
alyzing activation differences between full-014
precision and quantized models on instruction-015
following failure cases. Through qualitative016
analysis on 10 carefully selected samples from017
IFEval, we show that injecting small corrective018
signals into these heads can recover instruction-019
following behavior. In particular, a 4-bit GPTQ020
Qwen2.5-7B-Instruct model recovers correct021
English output and avoids repetitive degen-022
eration under moderate stimulation. Our pi-023
lot study suggests that quantization-induced024
instruction-following failures are localized to025
a small subset of attention heads rather than026
uniformly distributed. These findings highlight027
the potential of interpretable and targeted post-028
quantization repair mechanisms.029

1 Introduction030

Large language models (LLMs) have achieved re-031

markable success in instruction following, enabling032

users to specify complex constraints on language,033

format, style, and structure through natural lan-034

guage prompts (Ouyang et al., 2022; Wei et al.,035

2022). However, deploying such models in real-036

world, resource-constrained environments almost037

inevitably requires aggressive compression, partic-038

ularly low-bit quantization (Frantar et al., 2023;039

Lin et al., 2023). While quantized LLMs can040

often preserve perplexity and many downstream041

task scores, it has been increasingly observed that042

instruction-following behavior degrades in sub- 043

tle yet severe ways after quantization (Qin et al., 044

2025). In practice, quantized models may respond 045

in unintended languages, violate strict formatting 046

constraints, or fall into repetitive and degenerate 047

generations-failure modes that are poorly captured 048

by standard evaluation metrics but critically impact 049

usability. 050

Instruction following is a fragile and multi- 051

faceted capability, relying on precise coordina- 052

tion between semantic understanding, constraint 053

tracking, and long-range control (Zhou et al., 054

2023). Benchmarks such as IFEval explicitly eval- 055

uate whether models adhere to lexical, structural, 056

and stylistic constraints expressed in prompts, re- 057

vealing failures that may be invisible under con- 058

ventional accuracy-centric evaluations. Notably, 059

quantization-induced instruction-following failures 060

can be highly inconsistent: a quantized model 061

may succeed on most prompts while catastroph- 062

ically failing on a small subset, even when its 063

full-precision counterpart performs correctly. This 064

raises a fundamental question: are instruction- 065

following failures under quantization the result of 066

global degradation across the model, or do they 067

stem from localized disruptions within specific in- 068

ternal components? 069

Inspired by diagnostic and intervention tech- 070

niques in cognitive neuroscience-particularly elec- 071

troencephalography (EEG) and targeted neural 072

stimulation-we approach this question from a 073

mechanistic perspective (Dayan and Abbott, 2001; 074

Buzsáki, 2006). In neuroscience, specific cognitive 075

impairments are often traced back to dysfunction in 076

specific brain regions rather than uniform degrada- 077

tion across the whole brain, enabling localized stim- 078

ulation to improve or even restore functions. Draw- 079

ing an analogy to transformer-based LLMs, we 080

view attention heads as functional “neural clusters” 081

whose coordinated activity underpins instruction- 082

following behaviors. We hypothesize that low-bit 083
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Figure 1: Neuroscience-inspired Deep Attention Stimulation. Analogous to diagnosing localized neural dys-
function through recordings and correcting it via targeted stimulation (left panel), DAS compares attention patterns
between full-precision (FP16, top blue) and quantized models (GPTQ, middle red) to identify degraded heads with
reduced instruction token attention (right panel). Applying α ·∆O corrections to these heads restores attention
patterns (bottom green) and recovers instruction-following capability. Heatmaps visualize attention weights where
brighter regions indicate higher attention.

quantization selectively disrupts a small subset of084

attention heads that are disproportionately respon-085

sible for maintaining instruction adherence, and086

that compensating these heads may recover lost087

functionality.088

Motivated by this hypothesis, we introduce Deep089

Attention Stimulation (DAS), a training-free in-090

tervention that identifies and compensates atten-091

tion heads most affected by quantization. By com-092

paring activation patterns between full-precision093

and quantized models on prompts where instruc-094

tion following fails, DAS isolates a small set of095

critical heads exhibiting the largest deviations.096

During inference, we inject small corrective sig-097

nals derived from these activation differences di-098

rectly into the affected heads to correct the "func-099

tional loss" during quantization. Through qual-100

itative analysis on selected failure cases from101

IFEval (Zhou et al., 2023), we demonstrate that102

this localized intervention can recover instruction-103

following behavior in a 4-bit GPTQ Qwen2.5-7B-104

Instruct model (Wang et al., 2023; Frantar et al.,105

2023), correcting erroneous language switching106

and mitigating degenerative repetition. Our cur-107

rent analysis on 10 samples demonstrates initial108

findings that instruction-following failures in109

quantized LLMs are not uniformly distributed 110

but arise from localized disruptions (selected as 111

representative failure cases; see Appendix A.2), 112

motivating further large-scale investigation into tar- 113

geted, interpretable post-quantization repair meth- 114

ods. 115

Figure 1 summarizes the neuroscience-inspired 116

motivation and the two-stage diagnostic stimulation 117

workflow of DAS. 118

2 Related Work 119

2.1 Quantization of LLMs 120

Quantization has become a common strategy for 121

improving the efficiency of LLMs by reducing nu- 122

merical precision and thus lowering memory foot- 123

print and inference cost. In transformer-based 124

architectures, post-training quantization (PTQ) 125

has been widely adopted due to its training-free 126

nature (Frantar et al., 2023; Xiao et al., 2023; 127

Lin et al., 2023; Yao et al., 2022). In paral- 128

lel, quantization-aware training (QAT) integrates 129

quantization effects directly into the training pro- 130

cess (Dettmers et al., 2023a; Liu et al., 2024b), 131

improving task performance under low-precision 132

constraints at additional training and memory cost. 133

Recent work has extended these techniques to 134
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LLMs with billions of parameters, addressing chal-135

lenges such as highly non-uniform weight distri-136

butions and activation outliers. Empirical results137

show that models including LLaMA, Qwen, and138

GPT-style architectures can often be compressed to139

4-bit and in some cases even 3-bit precision while140

largely preserving perplexity and downstream task141

accuracy (Dettmers et al., 2022; Frantar et al., 2023;142

Lin et al., 2023). Low-bit quantization can maintain143

strong aggregate performance across a wide range144

of tasks, while exhibiting heterogeneous effects145

across evaluation dimensions, including alignment-146

related metrics (Jin et al., 2024; Dettmers et al.,147

2023b; Kharinaev et al., 2025). Nevertheless, most148

existing evaluations focus on aggregate accuracy149

or language understanding benchmarks, leaving150

open questions about how low-bit quantization af-151

fects higher-level behaviors such as instruction-152

following and reasoning.153

2.2 Evaluation on Instruction Following154

Instruction-following has emerged as a central ca-155

pability of modern large language models, par-156

ticularly after instruction tuning and alignment157

pro (Zhang et al., 2025; Bang, 2023). To eval-158

uate this behavior, recent benchmarks move be-159

yond traditional language modeling metrics and160

assess whether models can correctly interpret, fol-161

low, and adhere to explicit natural language in-162

structions. Representative benchmarks such as163

IFEval (Zhou et al., 2023), AlpacaEval (Li et al.,164

2023a), and AlignBench (Liu et al., 2024a) fo-165

cus on constraint satisfaction, format compliance,166

and rule-following behaviors, providing a more167

behavior-oriented view of model performance com-168

pared to standard perplexity or accuracy-based eval-169

uations.170

While prior work on quantization primarily eval-171

uates model quality using aggregate metrics such172

as perplexity or standard language understanding173

benchmarks, these evaluations do not fully capture174

the behaviors exhibited by instruction-tuned large175

language models in real-world settings (Jin et al.,176

2024; Xia et al., 2023).177

2.3 Attention Heads in Transformers178

A substantial body of recent work has shown that179

attention heads in transformer models exhibit sig-180

nificant functional diversity, with different heads181

specializing in distinct linguistic, syntactic, or posi-182

tional patterns (Voita et al., 2019; Clark et al., 2019;183

Rai et al., 2024). More broadly, inspired by diag-184

(a) Diagnostic phase (b) Intervention phase

Figure 2: Overview of Deep Attention Stimulation
(DAS). (a) Comparing FP16 and quantized attention pat-
terns identifies degraded heads with reduced instruction
token attention. (b) Inference applies α·∆O corrections
to these heads via forward hooks, restoring capability
without retraining.

nostic practices in cognitive neuroscience-where 185

brain neural signals (e.g., EEG) are used to identify 186

behaviorally salient events-recent work in mecha- 187

nistic interpretability has adopted functional and 188

diagnostic perspectives to analyze internal compo- 189

nents of neural networks (Kriegeskorte et al., 2008; 190

Nanda et al., 2023). 191

3 Method 192

3.1 Problem Setup 193

Let MFP denote a full-precision instruction-tuned 194

language model and MQ its post-training quan- 195

tized counterpart (e.g., GPTQ-4bit). Given a set 196

of instruction-following prompts D, we focus on 197

failure cases where MFP satisfies all instruction 198

constraints while MQ violates at least one. Our 199

objective is to diagnose which internal attention 200

heads are most affected by quantization and to ap- 201

ply a training-free, inference-time intervention that 202

restores instruction-following behavior. Figure 2 203

illustrates the two-stage DAS framework. 204

3.2 Locating Instruction-Bearing Tokens 205

Instruction-following constraints are often explic- 206

itly stated in the prompt (e.g., “all lowercase”, “no 207

commas”, “respond in English”). For a prompt x, 208

we approximate the instruction-bearing token set 209

I(x) using lightweight heuristics such as keyword 210
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matching and pattern rules. This step provides211

a coarse localization of instruction-related tokens212

and does not attempt to fully parse or interpret the213

instruction semantics.214

3.3 Head-Level Instruction Attention215

Consider a transformer layer ℓ ∈ {1, . . . , L} and216

attention head h ∈ {1, . . . ,H}. Let A(ℓ,h)
FP (x) and217

A
(ℓ,h)
Q (x) denote the attention weight matrices (af-218

ter softmax) produced by MFP and MQ on input x,219

respectively. We quantify how strongly head (ℓ, h)220

attends to instruction-bearing tokens by aggregat-221

ing attention mass onto I(x):222

a(ℓ,h)(x) =
1

|T (x)|
∑

t∈T (x)

∑
i∈I(x)

A(ℓ,h)[t, i], (1)223

where T (x) denotes all query token positions224

within the prompt and generated sequence for input225

x. For brevity, we omit the model subscript when226

the context is clear.227

3.4 Diagnosing Quantization-Induced228

Deviation229

Let F ⊂ D denote the set of instruction-following230

failure cases. We define the instruction-saliency231

deviation of head (ℓ, h) as:232

∆a(ℓ,h) =
1

|F|
∑
x∈F

(
a
(ℓ,h)
FP (x)− a

(ℓ,h)
Q (x)

)
. (2)233

Positive values indicate reduced instruction at-234

tention under quantization, while negative values235

indicate amplification. In this pilot study, we rank236

heads by the magnitude |∆a(ℓ,h)|, capturing both237

amplification and attenuation effects induced by238

quantization. We then select the top-k most af-239

fected heads:240

H⋆ = Top-k
({

|∆a(ℓ,h)|
}
ℓ,h

)
. (3)241

3.5 Deep Attention Stimulation242

Correction target. We intervene at the level of243

individual attention head outputs, which allows244

localized modification of model behavior without245

altering weights or retraining.246

Let O(ℓ,h)
FP (x) and O

(ℓ,h)
Q (x) denote the context247

vectors produced by head (ℓ, h) at layer ℓ under the248

full-precision and quantized models, respectively.249

We define the per-head corrective signal as:250

∆O(ℓ,h)(x) = O
(ℓ,h)
FP (x)−O

(ℓ,h)
Q (x). (4)251

In our implementation, ∆O(ℓ,h)(x) is computed 252

and cached per failure sample during the diagnostic 253

phase. 254

Inference-time intervention. During inference 255

with the quantized model, DAS injects an α-scaled 256

correction into the affected heads: 257

Õ(ℓ,h)(x) = O
(ℓ,h)
Q (x) + α ·∆O(ℓ,h)(x),

∀ (ℓ, h) ∈ H⋆.
(5) 258

This intervention is implemented using forward 259

hooks in the attention module and does not mod- 260

ify model parameters. Heads not in H⋆ remain 261

unchanged. 262

Clarification of ∆O and Controlled Evaluation. 263

In our current study, ∆O(ℓ,h)(x) is computed and 264

applied in a prompt-specific manner. That is, for 265

each diagnostic failure case x, we cache the at- 266

tention head output difference between the full- 267

precision and quantized models. During inference, 268

the corrective signal is applied only when eval- 269

uating the same prompt x. This design ensures 270

that sequence length and token positions match ex- 271

actly between diagnosis and intervention, allowing 272

a clean before-and-after comparison that isolates 273

the effect of attention-level stimulation. 274

While this prompt-specific formulation does not 275

generalize to unseen inputs, it provides a controlled 276

setting for analyzing whether quantization-induced 277

failures can be repaired through targeted attention 278

intervention. Developing prompt-agnostic or aver- 279

aged correction schemes is left for future work. 280

3.6 Algorithmic Summary 281

Algorithm 1 summarizes the complete DAS proce- 282

dure. The method consists of two stages: (1) an 283

offline diagnostic phase that identifies critical heads 284

using a small set of failure cases, and (2) an online 285

intervention phase that applies cached corrections 286

during inference with the quantized model. 287

4 Experiments 288

4.1 Experimental Setup 289

We evaluate Deep Attention Stimulation (DAS) on 290

Qwen2.5-7B-Instruct, an instruction-tuned large 291

language model, quantized to 4-bit precision us- 292

ing GPTQ (Frantar et al., 2023). All experiments 293

use greedy decoding with fixed generation param- 294

eters, including maximum generation length and 295
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Algorithm 1 Deep Attention Stimulation (DAS)

Require: Full-precision model MFP, quantized
model MQ, prompts D, number of heads k,
strength α

Ensure: Inference with DAS corrections (prompt-
specific)

1: // Offline Diagnostic Phase
2: Identify failure set F ⊂ D where MFP passes

and MQ fails
3: for each x ∈ F do
4: Locate instruction tokens I(x)
5: Extract attention matrices A

(ℓ,h)
FP (x) and

A
(ℓ,h)
Q (x)

6: Compute a(ℓ,h)(x) via Eq. (1)
7: end for
8: Compute ∆a(ℓ,h) via Eq. (2)
9: Select critical heads H⋆ via Eq. (3)

10: for each x ∈ F do
11: Cache ∆O(ℓ,h)(x) for all (ℓ, h) ∈ H⋆

12: end for
13: // Online Intervention Phase (controlled

evaluation)
14: for each prompt x ∈ F do ▷ current setup

evaluates the same prompts as diagnosis
15: Run MQ(x) with forward hooks enabled
16: for each (ℓ, h) ∈ H⋆ do
17: Retrieve cached ∆O(ℓ,h)(x)
18: Apply correction via Eq. (5)
19: end for
20: Generate output with corrected activations
21: end for

decoding strategy, to control for decoding variabil-296

ity and isolate the effect of attention-level interven-297

tion. This evaluation protocol follows prior analy-298

ses of quantized language models that emphasize299

controlled decoding for mechanistic comparison300

(Dettmers et al., 2022; Lin et al., 2023).301

Evaluation prompts are drawn from IFE-302

val (Zhou et al., 2023), a benchmark designed to303

test fine-grained instruction-following constraints304

such as output language, formatting, casing, and305

structural requirements. From the full benchmark,306

we identify failure cases in which the full-precision307

model satisfies all verifiable constraints, while the308

GPTQ-4bit model violates at least one. We se-309

lect ten representative samples for detailed evalua-310

tion, covering diverse failure modes including un-311

intended language switching, formatting violations,312

constraint omission, and degenerative repetition.313

Crucially, this setup enables a controlled compar- 314

ison between instruction-following behavior before 315

repair, as exhibited by the quantized baseline, and 316

after attention-based repair, under identical model 317

weights and decoding conditions. 318

4.2 Baseline and Intervention Settings 319

We evaluate DAS under three stimulation strengths, 320

α ∈ {0.0, 5.0, 10.0}. When α = 0.0, no correc- 321

tive signal is injected, and the model corresponds 322

exactly to the unmodified GPTQ-4bit baseline. We 323

treat this setting as the before-repair condition. The 324

setting α = 5.0 represents moderate stimulation, 325

intended to compensate attention heads most af- 326

fected by quantization. The setting α = 10.0 repre- 327

sents excessive stimulation and is used to examine 328

the effect of over-intervention. 329

All before and after comparisons use the same 330

quantized model and identical decoding parame- 331

ters, with the only difference being the presence or 332

absence of attention-based stimulation. This design 333

ensures that observed differences can be attributed 334

to the intervention rather than confounding factors. 335

4.3 Manual Evaluation Protocol 336

Instruction-following failures often involve subtle 337

qualitative violations that are not reliably captured 338

by automatic metrics (Lin et al., 2022; Li et al., 339

2023b). For this reason, all evaluations are con- 340

ducted by manual inspection. For each prompt, 341

we derive a checklist of verifiable constraints from 342

the IFEval instruction, including output language, 343

casing, formatting, punctuation, and structural re- 344

quirements. 345

An output is labeled as recovered if all con- 346

straints are satisfied, partially recovered if at least 347

one previously violated constraint is corrected 348

while others remain violated, and failed otherwise. 349

Although IFEval provides automatic constraint- 350

level scores, prior work has shown that automatic 351

metrics can overlook instruction-level errors and 352

qualitative failure modes in large language model 353

outputs (Lin et al., 2022; Li et al., 2023b). Manual 354

evaluation therefore remains necessary for accu- 355

rately assessing instruction adherence in complex 356

prompts. 357

This protocol supports both controlled quantita- 358

tive comparison across samples and detailed quali- 359

tative case analysis. 360
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Figure 3: Representative qualitative example illustrating instruction-following behavior before and after repair.
Under GPTQ-4bit quantization with α = 0.0, the model violates the instruction by producing German output. With
moderate stimulation at α = 5.0, the model recovers correct English output. Excessive stimulation at α = 10.0
destabilizes generation and leads to degenerative repetition.

4.4 Qualitative Before and After Repair Case361

Studies362

We first examine representative qualitative cases to363

illustrate how DAS alters instruction-following be-364

havior. Figure 3 presents a canonical cross-lingual365

failure case. Before repair, the quantized model366

violates the language constraint, despite satisfying367

the instruction under full precision. After moderate368

stimulation, the same model satisfies all instruc-369

tion constraints. In contrast, excessive stimulation370

destabilizes generation, indicating that DAS func-371

tions as a repair mechanism rather than a general372

performance enhancer.373

Beyond individual examples, we analyze the374

types of instruction-following failures observed be-375

fore and after repair. Across the evaluated samples,376

the most common failure modes under quantization377

include unintended language switching, formatting378

violations, and degenerative repetition. Moderate379

stimulation is particularly effective at correcting380

language and formatting errors, while repetition-381

related failures are less consistently repaired. This382

pattern suggests that DAS preferentially restores383

instruction-conditioning mechanisms rather than384

general fluency.385

Across the ten evaluated samples, moderate stim-386

ulation improves instruction-following behavior in387

the majority of cases, while excessive stimulation388

degrades outputs in most samples. Importantly, we389

do not observe cases in which excessive stimula-390

tion outperforms moderate stimulation, indicating391

that the observed recovery is not due to random392

variation. Taken together, these results establish a393

consistent before-and-after contrast in instruction-394

following behavior (see Table 1 for representative395

cases). We analyze aggregate trends and internal396

attention patterns in the following section.397

Figure 4: Aggregate and per-sample instruction-
following outcomes under different stimulation
strengths. The left panel summarizes recovery statistics
across samples. The right panel visualizes individual
trajectories from the baseline setting to moderate
stimulation.

5 Analysis 398

This section analyzes instruction-following behav- 399

ior before and after attention-based repair at both 400

aggregate and per-sample levels. While Section 4 401

focuses on representative qualitative case studies, 402

the analysis here aims to identify broader quantita- 403

tive trends and internal patterns that help explain 404

the observed recovery behavior. 405

5.1 Aggregate Instruction-Following Recovery 406

The observed non-monotonic effect of attention 407

stimulation bears resemblance to findings in neural 408

stimulation research, where moderate intervention 409

often improves cognitive function, while excessive 410

stimulation can degrade performance. In modern 411

neuroscience and clinical studies, brain stimulation 412

techniques such as transcranial electrical stimula- 413

tion have been shown to exhibit dose-dependent 414

effects, with optimal stimulation levels varying 415

across tasks and individuals (Dayan and Abbott, 416
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2001; Buzsáki, 2006; Miniussi et al., 2013).417

Figure 4 summarizes instruction-following out-418

comes before and after repair across multiple sam-419

ples. At the baseline setting α = 0.0, most samples420

fail to satisfy instruction constraints. With moder-421

ate stimulation at α = 5.0, a substantial fraction422

of previously failed samples recover instruction-423

following behavior. In contrast, excessive stimula-424

tion at α = 10.0 leads to widespread degeneration,425

including cases that were correct before repair.426

These results reveal a non-monotonic response427

to attention-based intervention. Moderate stimula-428

tion restores instruction-following behavior, while429

excessive stimulation destabilizes generation. Such430

non-linear effects are consistent with observations431

from neural intervention studies, where moder-432

ate perturbations restore functional activity while433

stronger perturbations impair performance (Dayan434

and Abbott, 2001; Buzsáki, 2006).435

5.2 Per-Sample Trajectories and Variability436

Beyond aggregate trends, Figure 4 also illustrates437

per-sample trajectories from the baseline setting to438

moderate stimulation. Several samples transition439

from failure to success after repair, while others440

remain unchanged. A small number of samples that441

were correct at baseline become degraded under442

excessive stimulation.443

This variability indicates that attention-based444

repair does not uniformly affect all samples. In-445

stead, recovery is localized to a subset of failure446

cases. This observation supports the hypothesis447

that quantization-induced errors arise from disrup-448

tions in specific internal components rather than449

from global model degradation. Similar hetero-450
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Figure 5: Attention deviation heatmap comparing full-
precision and GPTQ-4bit models. Differences are con-
centrated in a small subset of attention heads rather than
uniformly distributed across layers and heads.

geneity has been reported in prior mechanistic anal- 451

yses of transformer models (Olah et al., 2020; El- 452

hage et al., 2021; Nanda et al., 2023). 453

5.3 Attention-Level Patterns Under Repair 454

Figure 5 provides an internal view of how quan- 455

tization and repair affect attention patterns. The 456

deviations are highly localized, with a small sub- 457

set of attention heads exhibiting substantial differ- 458

ences between full-precision and quantized models. 459

This pattern aligns with prior interpretability stud- 460

ies showing that transformer behaviors are often 461

governed by sparse and functionally specialized 462

components (Olah et al., 2020; Elhage et al., 2021; 463

Voita et al., 2019; Geva et al., 2021). 464

Notably, the most affected heads tend to appear 465

in intermediate layers, which is consistent with 466

observations that mid-layer attention plays a critical 467

ID Instruction Constraint GPTQ (α = 0) DAS (α = 5) DAS (α = 10)

57 Zen-like style + lowercase
+ 3 bullets

✗ Historical narrative style ✓ Abstract Zen metaphors ✗ Unstable symbols

97 English lowercase letter ✗ German output (scored
1.0!)

✓ Correct English ✗ Repetitive text

74 Limerick (AABBA) with
highlights

✗ Broken rhyme scheme ✗ Still broken rhyme ✗ Collapsed output

79 Letter frequency + no
forbidden words

✓ All constraints satisfied ✓ Maintained success ✗ Off-task meta-text

206 1930s jazz style + keyword
“rate”

✓ Proper song structure ✗ Severe repetition loop ✗ Continued repetition

Table 1: Representative instruction-following behaviors under different stimulation strengths. Sample 97 is
highlighted because automatic metrics assigned a perfect score (1.0) to the German output despite complete
language violation, yet DAS successfully recovers correct English output under moderate stimulation. Sample 57
shows stylistic constraint recovery. Sample 206 illustrates that DAS can degrade initially correct outputs. Sample
74 remains unrecovered across all settings. ✓ indicates constraint satisfaction; ✗ indicates violation. Overall: 2/7
baseline failures recovered (28.6%), 1/3 baseline passes degraded.
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role in conditioning model behavior on high-level468

instructions. Quantization-induced disruption in469

these layers may therefore have disproportionate470

impact on instruction-following capability.471

5.4 Asymmetry Between Degradation and472

Recovery473

Although quantization induces deviations across474

many attention heads, recovery under moderate475

stimulation is not symmetric with degradation.476

Only a subset of disrupted heads contribute mean-477

ingfully to instruction-following recovery when478

stimulated. Other heads, despite exhibiting large479

deviations, appear to play a limited causal role in480

the evaluated tasks.481

This asymmetry suggests that quantization dis-482

rupts both essential and non-essential components,483

while effective repair requires targeting heads that484

are functionally involved in instruction condition-485

ing. Such asymmetric recovery dynamics are con-486

sistent with prior findings in mechanistic inter-487

pretability, where only a small fraction of perturbed488

components are causally responsible for behavioral489

change (Elhage et al., 2021; Nanda et al., 2023).490

5.5 Failure-Type Sensitivity491

Different instruction-following failure modes also492

exhibit varying sensitivity to attention-based repair.493

Failures related to language selection and format-494

ting constraints are more consistently corrected by495

moderate stimulation, while degeneration-related496

failures are less reliably repaired. This pattern497

suggests that DAS primarily restores instruction-498

conditioning mechanisms rather than general lan-499

guage fluency, which may depend on broader500

model dynamics beyond attention head perturba-501

tions.502

5.6 Diagnostic Interpretation of Attention503

Stimulation504

Taken together, these analyses indicate that DAS505

functions as a diagnostic and corrective interven-506

tion rather than a general performance enhance-507

ment. The fact that excessive stimulation degrades508

performance, even in cases that were correct be-509

fore repair, argues against interpreting DAS as uni-510

formly beneficial. Instead, the observed recov-511

ery supports the view that quantization-induced512

instruction-following failures arise from local-513

ized disruptions that can be selectively corrected514

through targeted attention-based intervention.515

6 Conclusion 516

We find that quantization induced instruction fol- 517

lowing failures are highly localized, arising from 518

disruption in a small subset of attention heads. To 519

address this, we introduce Deep Attention Stimula- 520

tion (DAS), a training free intervention that restores 521

instruction following by compensating degraded 522

attention head outputs. DAS recovers language and 523

formatting constraints under moderate stimulation, 524

while excessive stimulation destabilizes generation. 525

These results point to a new direction for targeted 526

and interpretable post quantization model repair. 527

7 Limitations 528

Evaluation Scope. Our study focuses on a sin- 529

gle instruction-tuned model (Qwen2.5-7B-Instruct) 530

quantized with GPTQ-4bit, and evaluates a limited 531

set of 10 representative failure cases selected for 532

qualitative analysis. While this setting enables de- 533

tailed mechanistic inspection, broader evaluation 534

across model families, quantization methods, and 535

the full IFEval benchmark could further validate 536

the generality of our approach. 537

Manual Parameter Selection. The stimulation 538

strength α is selected via grid search, with α = 5 539

yielding the most consistent recovery in our exper- 540

iments. This value may not transfer across mod- 541

els or quantization settings. Developing princi- 542

pled or adaptive strategies for selecting stimulation 543

strength remains an open direction. 544

Dependence on Full-Precision Activations. Our 545

diagnostic procedure relies on access to full- 546

precision activations to identify degraded attention 547

heads and construct corrective signals. In practical 548

deployment scenarios where such access may be 549

unavailable, pre-computed correction profiles or 550

self-supervised approximations would be required. 551

Single-Capability Focus. We focus exclusively 552

on instruction-following behavior. Whether sim- 553

ilar localized interventions can recover other ca- 554

pabilities, such as reasoning, factual consistency, 555

or safety alignment, remains unexplored. Extend- 556

ing DAS to multi-capability settings may require 557

resolving interactions between attention heads sup- 558

porting different behaviors. 559
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A Additional Experimental Details710

A.1 Model and Quantization Configuration711

We use Qwen2.5-7B-Instruct with the following712

specifications:713

• Architecture: 28 layers, 28 attention heads per714

layer (784 heads total)715

• Hidden dimension: 4096, head dimension:716

128717

• Quantization: GPTQ 4-bit with group size718

128719

• Calibration: 128 samples from C4 dataset720

Decoding Parameters. All experiments use 721

greedy decoding with fixed parameters to ensure 722

controlled comparison: 723

• Temperature: 1.0 (greedy) 724

• Top-p/Top-k: disabled 725

• Max generation length: 512 tokens 726

• Repetition penalty: 1.0 (disabled) 727

A.2 Sample Selection Procedure 728

IFEval Benchmark Execution. We evaluate 729

both the full-precision (FP16) and GPTQ-4bit quan- 730

tized models on the complete IFEval benchmark us- 731

ing lm-evaluation-harness (Gao et al., 2024). This 732

produces per-sample results containing: 733

• Original prompt with explicit instruction con- 734

straints 735

• Model-generated response 736

• Constraint-level compliance scores (strict and 737

loose) 738

• Violated constraint types (e.g., language, for- 739

mat, punctuation) 740

Quantization Method Selection. Table 2 com- 741

pares instruction-following performance across 742

quantization levels. The 2-bit model produces struc- 743

turally degenerate outputs unsuitable for analysis. 744

The 8-bit model slightly outperforms FP16, likely 745

due to regularization effects, leaving minimal fail- 746

ure cases for study. We select 4-bit quantization as 747

it exhibits measurable but not catastrophic degrada- 748

tion, providing a practical regime where instruction- 749

following failures emerge without complete model 750

collapse. 751

Quantization IFEval Avg-4 ∆ from FP16

2-bit GPTQ 0.1353 −0.6398
4-bit GPTQ 0.7566 −0.0185
8-bit GPTQ 0.7821 +0.0070
FP16 (baseline) 0.7751 0.0000

Table 2: Instruction-following performance across quan-
tization levels on IFEval benchmark. 4-bit quantization
provides a balanced regime with measurable degrada-
tion suitable for mechanistic analysis.

10

https://doi.org/10.18653/v1/2023.acl-long.767
https://doi.org/10.18653/v1/2023.acl-long.767
https://doi.org/10.18653/v1/2023.acl-long.767


Failure Case Identification. From the complete752

benchmark results, we identify failure cases where:753

1. FP16 model satisfies all verifiable constraints754

(pass)755

2. GPTQ-4bit model violates at least one con-756

straint (fail)757

3. Prompt length is between 30-1200 characters758

4. Instructions contain explicit verifiable con-759

straints (language, format, casing, punctua-760

tion, structure)761

This filtering yields a candidate set of762

prompts where quantization demonstrably de-763

grades instruction-following capability under iden-764

tical decoding conditions.765

Evaluation Protocol and Validation. Given the766

limited pool of clear failure cases and the subtlety767

of instruction violations, we employ a rigorous768

manual evaluation protocol. Each candidate sample769

is independently assessed by three large language770

models (GPT-4, Claude-3.5-Sonnet, Gemini-1.5-771

Pro) to verify constraint violations and ensure inter-772

rater reliability. Samples are only included if all773

three evaluators agree on: (1) FP16 satisfies all774

constraints, and (2) GPTQ-4bit violates at least775

one constraint. This conservative approach ensures776

high-confidence failure cases but further limits the777

available sample pool.778

Representative Sample Selection. From the val-779

idated failure cases, we manually select 10 repre-780

sentative samples to cover diverse failure modes.781

To ensure these samples capture the broader failure782

distribution, we analyze all candidate failure cases783

and categorize them by violation type. Our selected784

samples proportionally represent the major failure785

categories observed in the full candidate set:786

• Language switching (3 samples, ∼30%):787

Model responds in unintended language (e.g.,788

German, French) despite explicit English in-789

struction. This is the most common failure790

mode in the candidate set.791

• Format violations (4 samples, ∼40%): Miss-792

ing bullet points, paragraph breaks, or struc-793

tural requirements. Represents the largest cat-794

egory of quantization-induced errors.795

• Constraint omission (2 samples, ∼20%):796

Failure to follow specific lexical constraints797

(forbidden words, casing).798

• Degenerative repetition (1 sample, ∼10%): 799

Repeated token sequences preventing coher- 800

ent output. 801

This distribution mirrors the failure pattern ob- 802

served across the complete candidate set, ensuring 803

our detailed analysis on 10 samples reflects the typ- 804

ical quantization-induced degradation modes rather 805

than edge cases. The selected samples (IFEval IDs: 806

12, 13, 57, 74, 79, 97, 102, 206, 1075, 1137) enable 807

controlled evaluation where each sample has veri- 808

fied ground truth (FP16 passes, GPTQ fails), and 809

∆O(ℓ,h) can be computed exactly by comparing 810

the two models on the same prompt. 811

A.3 Hyperparameter Selection 812

Number of Critical Heads (k). We set k = 15 813

based on the distribution of |∆a(ℓ,h)| values. Ap- 814

proximately 15 heads (< 2% of 784 total) exhibit de- 815

viations exceeding 0.005, forming a natural thresh- 816

old separating severely degraded heads from the 817

majority showing minimal changes. 818

Stimulation Strength (α). We evaluate three set- 819

tings: 820

• α = 0.0: Baseline (no intervention) 821

• α = 5.0: Moderate stimulation (selected via 822

grid search over {1, 3, 5, 7, 10} on 5 held-out 823

failure cases) 824

• α = 10.0: Excessive stimulation (to demon- 825

strate over-intervention effects) 826

B Implementation Details 827

B.1 Instruction Token Identification 828

We identify instruction-bearing tokens using regex- 829

based keyword matching on the raw prompt text. 830

Example patterns include: "two words", "start 831

with", "json", "format", "only output.*", 832

"lowercase", etc. 833

For each matched character span in the text, we 834

map positions to token indices using the tokenizer’s 835

offset mapping facility, which returns character- 836

level boundaries for each token. This yields a 837

set I(x) ⊂ {1, . . . , T} representing instruction- 838

bearing token positions. 839

B.2 Attention Weight Extraction 840

To extract full attention matrices with 841

output_attentions=True, we disable Flash 842

Attention and SDPA optimizations, forcing the 843
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model to use eager attention implementation. This844

ensures complete [batch, heads, T, T ] attention845

tensors are returned for each layer, where T is the846

sequence length.847

B.3 Computing Instruction Attention Score848

Given attention matrix A(ℓ,h) ∈ RT×T and instruc-849

tion token indices I(x), we compute:850

a(ℓ,h)(x) =
1

T · |I(x)|

T∑
t=1

∑
i∈I(x)

A
(ℓ,h)
t,i (6)851

This represents the average attention weight852

from all query positions to instruction tokens. We853

aggregate across failure cases:854

∆a(ℓ,h) =
1

|F |
∑
x∈F

(
a
(ℓ,h)
FP (x)− a

(ℓ,h)
Q (x)

)
(7)855

Heads are ranked by |∆a(ℓ,h)| and the top-k form856

H⋆.857

B.4 Output Vector Compensation858

Per-Sample Correction. For each diagnostic859

prompt x ∈ F , we cache the output difference:860

∆O(ℓ,h)(x) = O
(ℓ,h)
FP (x)−O

(ℓ,h)
Q (x) ∈ RTx×dh

(8)861

where Tx is the sequence length of prompt x and862

dh = 128 is the head dimension.863

Inference-Time Application. We evaluate on the864

same prompts used for diagnosis, ensuring exact865

sequence length matching and isolating the effect866

of attention-level intervention:867

Õ(ℓ,h)(x) = O
(ℓ,h)
Q (x) + α ·∆O(ℓ,h)(x) (9)868

This is implemented via PyTorch forward hooks869

registered on attention head modules. During the870

forward pass, when the quantized model computes871

O
(ℓ,h)
Q (x), the hook automatically applies the cor-872

rection before passing the output to subsequent873

layers. Model weights remain unchanged through-874

out.875

Generalization to New Prompts. The current 876

implementation requires test prompts to match di- 877

agnostic prompts for exact sequence length corre- 878

spondence. For arbitrary prompts, one could com- 879

pute position-averaged corrections: 880

∆̄O
(ℓ,h)

=
1

|F |
∑
x∈F

1

Tx

Tx∑
t=1

∆O(ℓ,h)(x)[t, :] ∈ Rdh

(10) 881

which can broadcast to any sequence length. We 882

leave this extension to future work. 883

C Additional Results 884

C.1 Complete Qualitative Comparison 885

Table 3 presents complete outputs for all 10 evalua- 886

tion samples under three stimulation conditions. 887

C.2 Top Degraded Attention Heads 888

Table 4 lists the 15 most affected heads identified 889

by DAS diagnostic procedure: 890

C.3 Attention Deviation Statistics 891

Across all 784 attention heads, the distribution of 892

instruction attention deviations is approximately 893

symmetric: 894

• 348 heads (44.4%) show positive ∆a(ℓ,h) (in- 895

creased attention to instruction tokens) 896

• 433 heads (55.2%) show negative ∆a(ℓ,h) (de- 897

creased attention to instruction tokens) 898

• Only 15 heads (1.9%) exhibit |∆a(ℓ,h)| > 899

0.005 900

• Mean absolute deviation: 0.00118 901

• Standard deviation: 0.00201 902

This symmetric distribution with a small sub- 903

set of severe outliers supports our hypothesis that 904

quantization disrupts a sparse set of critical heads 905

rather than causing uniform degradation across the 906

model. The localized nature of degradation enables 907

targeted repair through selective head compensa- 908

tion. 909

D Computational Resources 910

All experiments were conducted on the University 911

of Notre Dame Center for Research Computing 912

(CRC) infrastructure: 913
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ID GPTQ (α = 0) DAS (α = 5) DAS (α = 10)

12 Degenerative repetition Correct format & content Severe repetition
13 Missing paragraph breaks Correct structure Collapsed output
57 Wrong casing & format Correct (lowercase + bullets) Unstable symbols
74 Violates rhyme & format Correct limerick Partial corruption
79 Constraint omission Fully recovered Meta commentary
97 German output Correct English Off-task generation
102 Missing bullet structure Correct bullets Format instability
206 Correct (passed) Correct (maintained) Degraded (failed)

1075 Non-JSON format Valid JSON output JSON + extra text
1137 French output Correct structure Language mixing

Table 3: Complete qualitative comparison across all 10 evaluation samples. Moderate stimulation (α = 5) recovers
7/8 baseline failures while maintaining 2/2 baseline passes. Excessive stimulation (α = 10) degrades all outputs,
demonstrating the non-monotonic response to intervention strength.

Layer Head ∆a(ℓ,h) Type

21 5 −0.0121 Decrease
21 0 −0.0063 Decrease
19 1 −0.0057 Decrease
14 11 +0.0052 Increase
13 4 −0.0049 Decrease
23 8 +0.0047 Increase
22 15 −0.0045 Decrease
20 3 +0.0044 Increase
18 7 −0.0042 Decrease
24 12 +0.0041 Increase
25 2 −0.0039 Decrease
21 19 +0.0038 Increase
27 6 −0.0037 Decrease
26 10 +0.0036 Increase
19 14 −0.0035 Decrease

Table 4: Top 15 attention heads ranked by |∆a(ℓ,h)|.
Negative values indicate reduced attention to instruction
tokens after quantization; positive values indicate in-
creased attention. Degraded heads concentrate in layers
19-27, consistent with prior work showing upper layers
encode high-level semantic constraints.

Hardware.914

• GPU: 1× NVIDIA A10 (24GB GDDR6)915

• CPU: 32-core Intel Xeon916

• RAM: 256GB DDR4917

Runtime.918

• IFEval benchmark evaluation (2 models): ∼2919

hours920

• Diagnostic phase (attention extraction, 10921

prompts): ∼15 minutes922

• Inference with DAS (10 prompts × 3 α val-923

ues): ∼5 minutes924

• Total experimental time: < 3 hours925

Software Environment. 926

• PyTorch 2.1.0 with CUDA 11.8 927

• Transformers 4.41.0 928

• Auto-GPTQ 0.7.1 929

• lm-evaluation-harness 0.4.2 930

• Python 3.10 931

E Limitations and Future Directions 932

E.1 Current Limitations 933

Prompt-Specific Correction. Our implementa- 934

tion caches ∆O(ℓ,h)(x) separately for each diag- 935

nostic prompt, requiring test prompts to match the 936

diagnostic set for sequence length compatibility. 937

This controlled setup enables clean before-after 938

comparison but limits direct generalization to arbi- 939

trary new prompts without additional modifications 940

(e.g., position-averaging). 941

Manual Hyperparameter Selection. The stimu- 942

lation strength α = 5 is selected via grid search on 943

held-out samples and may not transfer optimally 944

across different models, quantization methods, or 945

failure types. Developing adaptive or principled 946

selection strategies remains an open problem. 947

Single Model and Quantization Method. Our 948

analysis focuses on Qwen2.5-7B with GPTQ-4bit 949

quantization. Whether similar localized disruption 950

patterns occur in other model families (LLaMA, 951

Mistral, Gemma) or quantization methods (AWQ, 952

SmoothQuant, mixed-precision) requires system- 953

atic investigation. 954
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Instruction-Following Only. We focus exclu-955

sively on instruction-following capability. Whether956

DAS can recover other quantization-degraded ca-957

pabilities (mathematical reasoning, factual consis-958

tency, safety alignment) through attention-level in-959

tervention is unexplored.960

Evaluation Scale. Our detailed analysis exam-961

ines 10 representative samples to enable thorough962

qualitative assessment. While this reveals clear re-963

covery patterns, large-scale evaluation across the964

full benchmark would strengthen generalizability965

claims.966

E.2 Future Directions967

Position-Agnostic Correction. Developing968

position-averaged or token-type-specific correc-969

tions would enable application to arbitrary prompts970

while maintaining the training-free property.971

Automatic Stimulation Strength Selection. In-972

vestigating lightweight diagnostic signals (e.g., at-973

tention entropy, output variance) to automatically974

determine appropriate α values per head or per975

sample.976

Multi-Capability Joint Repair. Extending DAS977

to simultaneously recover multiple capabilities by978

identifying capability-specific attention heads and979

applying orthogonal corrections.980

Integration with Quantization Pipeline. In-981

corporating instruction-following diagnostics into982

quantization calibration (e.g., mixed-precision983

quantization) to preemptively protect critical heads984

during compression.985

Theoretical Understanding. Developing formal986

analysis of why instruction-following exhibits lo-987

calized degradation under quantization compared988

to other capabilities, potentially informing more989

robust quantization-aware training objectives.990
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