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Abstract001

Code Language Models (CodeLLMs) tradition-002
ally learn attention based solely on statistical003
input-output token correlations (“machine at-004
tention”). In contrast, human developers rely005
on intuition, selectively fixating on semanti-006
cally salient tokens during program compre-007
hension. We present EYEMULATOR, a model-008
agnostic technique to align CodeLLM attention009
with human visual attention without architec-010
tural changes. By extracting scan paths from011
eye-tracking data, we derive token-level atten-012
tion weights used to augment the loss function013
during fine-tuning. This induces the model to014
mimic human focus. Our evaluation across015
StarCoder, Llama-3.2, and DeepSeek-Coder016
shows that EYEMULATOR significantly outper-017
forms baselines, achieving gains of over 30018
CodeBLEU points in translation and up to 22019
BERTScore points in summarization. Ablation020
studies confirm that these gains stem directly021
from replicating human attention dynamics. Ar-022
tifacts are available at https://zenodo.org/023
records/16134801.024

1 Introduction025

Large Language Models (LLMs) have fundamen-026

tally altered the landscape of software engineer-027

ing, demonstrating exceptional capability in tasks028

ranging from automated code generation to bug029

localization. These models, typically based on the030

Transformer architecture, learn to predict tokens031

by minimizing loss over internet-scale reposito-032

ries (Vaswani et al., 2017). However, this process033

relies on “machine attention,” a statistical mecha-034

nism that treats context uniformly based on data035

correlations. In contrast, human developers employ036

distinct cognitive strategies characterized by pro-037

gram comprehension (O’Brien, 2003; Harth and038

Dugerdil, 2017). Eye-tracking research consis-039

tently demonstrates that experts rely on intuition040

to form mental models. They fixate selectively on041

semantically critical elements, such as control flow 042

conditions and method signatures, while skimming 043

over syntactic sugar and boilerplate (Sharafi et al., 044

2020; Huang et al., 2020). 045

The dominant paradigm for adapting CodeLLMs 046

relies heavily on minimizing prediction error over 047

vast datasets or aligning models via high-level in- 048

struction tuning. While these methods improve 049

general adherence to user intent, they do not fun- 050

damentally alter the model’s underlying attention 051

mechanism, which remains tethered to statistical 052

co-occurrences rather than semantic reasoning. Ex- 053

isting attempts to bridge this gap, such as retrieval- 054

augmented generation (RAG), provide external 055

context but fail to teach the model how to process 056

that context like an expert. Consequently, even 057

state-of-the-art models continue to distribute atten- 058

tion uniformly across boilerplate and logic, missing 059

the nuanced, selective focus that characterizes hu- 060

man program comprehension. 061

To bridge the critical gap between statistical ma- 062

chine attention and selective human focus, we pro- 063

pose EYEMULATOR, a methodology to ground 064

CodeLLM training in cognitive visual patterns. We 065

posit that while purely data-driven models excel 066

at surface-level pattern matching, they fundamen- 067

tally lack the ability to prioritize the logical de- 068

pendencies, such as variable data flow and exe- 069

cution paths, that characterize expert comprehen- 070

sion. By explicitly aligning model attention with 071

human scan paths, we enable the system to process 072

code with a semantic salience mirroring that of a 073

developer. Crucially, unlike prior gaze-aware ap- 074

proaches that necessitate specialized architectures 075

or expensive pre-training from scratch (Zhang et al., 076

2024), we aim to distill these cognitive insights 077

into a modular, model-agnostic signal that can be 078

seamlessly integrated into standard supervised fine- 079

tuning pipelines. 080

The core innovation of EYEMULATOR is a gen- 081

erative attention mechanism that allows standard 082
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import java.util.ArrayList;

public static ArrayList<Integer> filterEvens(int[] arr) {
    ArrayList<Integer> result = new ArrayList<>();
    for (int i = 0; i < arr.length; i++) {
        if (arr[i] % 2 == 0) {
            result.add(arr[i]);
        }
    }
    return result;
}
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public class OddFilter {

    public static void main(String[] args) {
        int[] numbers = {1, 2, 3, 4, 5, 6, 7, 8, 9};
        ArrayList<Integer> odds = filterOdds(numbers);
        System.out.println("Odd numbers: " + odds);
    }

    // Method to filter odd numbers from an array
    public static ArrayList<Integer> filterOdds(int[] arr) {
        ArrayList<Integer> result = new ArrayList<>();
        for (int num : arr) {
            if (num % 2 != 0) result.add(num);
        }

        System.out.println("Filtering complete.");
        System.out.println("Total odd numbers: " + result.size());
        return result;
    }
}

Pseudo Bigrams

Pseudo Trigrams

Fixations & Saccades

Pseudo Monograms

Figure 1: Overview of the EYEMULATOR framework. The pipeline begins with 1⃝ Gaze Data Acquisition from
human developers. This data is processed in 2⃝ Artifact Distillation, where fixations are mapped to AST tokens to
derive Semantic Salience Priors (static importance) and Transition Probabilities (sequential flow). Finally, in 3⃝
Gaze-Informed Fine-Tuning, these artifacts generate pseudo-scan paths that guide the model using a dual-objective
loss (Weighted SFT + DPO), aligning machine attention with human cognitive patterns.

CodeLLMs to learn human cognitive patterns di-083

rectly from text. We achieve this by first distill-084

ing raw eye-tracking data into two portable arti-085

facts: Semantic Salience Priors, which model the086

static importance of token types (e.g., variables087

vs. keywords), and Transition Probabilities, which088

capture the dynamic flow of expert reading (e.g.,089

jumping from definition to usage). These artifacts090

enable us to synthesize “pseudo-scan paths” for091

standard training data where no eye-tracking ex-092

ists. We then align the model to these paths using093

a composite objective: a re-weighted Supervised094

Fine-Tuning (SFT) loss to emphasize salient tokens,095

and a token-level Direct Preference Optimization096

(DPO) loss that explicitly rewards the model for pri-097

oritizing human-preferred context over irrelevant098

boilerplate.099

We evaluate EYEMULATOR on three diverse100

tasks from the CodeXGlue benchmark, covering101

code translation, summarization, and completion.102

To ensure robustness, we test our approach across103

three distinct backbone architectures: StarCoder104

(1B), Llama-3.2 (1B), and DeepSeek-Coder (1.3B).105

Our results demonstrate that injecting human atten-106

tion priors yields substantial performance improve-107

ments across all settings. Specifically, EYEMU-108

LATOR surpasses state-of-the-art baselines by up109

to 34.35 points in CodeBLEU for translation tasks110

and 22.92 points in BERTScore for summarization111

tasks. Furthermore, extensive ablation studies and112

qualitative analysis of attention maps confirm that113

these gains are directly attributable to the model114

adopting sharper, more human-aligned attention115

distributions rather than simply overfitting to the116

dataset.117

Eye-Tracker
Source Code

Written Summary Here  

(a) Eye-Tracking Experiment (b) Displayed Code (c) Reading Task (d) Writing Task

Reading Options Here 

Figure 2: EyeTrans dataset overview. Gaze recordings
(a) on Java snippets (b) are processed to align fixations
with ASTs, separated into Reading (c) and Writing (d)
sessions.

2 Approach 118

As illustrated in Figure 1, EYEMULATOR consists 119

of three stages: processing raw gaze data, extract- 120

ing statistical attention priors, and fine-tuning the 121

model using a dual-objective loss. 122

2.1 Data Transformation and Metrics 123

We leverage the EyeTrans corpus (Zhang et al., 124

2024), which contains 120Hz gaze recordings from 125

27 programmers reading and writing Java code. To 126

transform raw sensor data into a training signal, we 127

first apply a dispersion-threshold (I-DT) algorithm 128

to identify Fixations (F), defined as stable gaze 129

points lasting at least 100 ms. These fixations serve 130

as our primary metric of cognitive interest. We 131

then spatially map these fixations to Abstract Syn- 132

tax Tree (AST) leaf tokens using bounding boxes 133

captured during the study (Figure 2). Unmapped 134

points, which account for approximately 3% of 135

the data, are discarded. This process yields 1,565 136

Scan Paths (P), representing the chronological se- 137

quence of attended tokens aligned with the code 138

structure. 139
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2.2 Attention Pattern Extraction140

We distill the token-aligned fixations into two sta-141

tistical artifacts: semantic salience priors and se-142

quential transition models.143

Semantic Salience Priors. To model the in-144

herent importance of different token types (e.g.,145

ForStatement vs. Identifier), we employ a146

Bayesian approach. For each semantic class s, we147

count the number of fixations c1(s) relative to the148

total number of available tokens ntok
s . We model149

the probability of attention θs using a Beta distri-150

bution Beta(αs, βs), which serves as a conjugate151

prior to the binomial likelihood of fixation. We set152

αs = c1(s) + 1 and βs = ntok
s − c1(s) + 1. The153

posterior mean E[θs] = αs/(αs + βs) provides a154

robust estimate of salience, smoothing out noise in155

rare token classes.156

Sequential Transition Models. To capture the157

flow of expert reading, we count bigrams and tri-158

grams within the scan paths. We compute con-159

ditional probabilities P (sb|sa) and P (sc|sa, sb),160

which represent the likelihood of transitioning be-161

tween specific semantic states (e.g., from a variable162

definition to its usage). We prune n-grams with163

fewer than 5 occurrences to reduce noise.164

2.3 Pseudo-Attention Path Generation165

To simulate human attention for standard training166

data where no eye-tracking exists, we generate167

“pseudo scan paths” P̃ . For an input sequence of168

length n, we proceed in three steps: (1) We sample169

a saliency ratio ρ from the aggregate Beta distri-170

bution of the corpus. (2) We determine the total171

count of attended tokens m = ⌊ρn⌋ and allocate172

quotas to specific token classes based on their pos-173

terior means E[θs]. (3) We construct the path P̃174

by greedily matching masked tokens into valid n-175

grams (prioritizing Trigrams, then Bigrams, then176

Monograms) that satisfy a line-span constraint L.177

This procedure (Figure 3) synthesizes sequences178

that preserve both the local structure and the se-179

mantic selectivity of human attention.180

2.4 Gaze-Informed Fine-Tuning181

We seamlessly integrate these artifacts into stan-182

dard LLM training using a novel weighting scheme183

and a composite loss function.184

Weight Calculation. Since LLMs typically use185

subword tokenizers (e.g., Byte-Pair Encoding), we186

project our AST-level weights by assigning the187

import java.util.ArrayList;

public static ArrayList<Integer> filterEvens(int[] arr) {
    ArrayList<Integer> result = new ArrayList<>();
    for (int i = 0; i < arr.length; i++) {
        if (arr[i] % 2 == 0) {
            result.add(arr[i]);
        }
    }
    return result;
}

External Class
(Sampled)

Assignment
(Not sampled)

Function Call (Sampled)

Pseudo
Scan Path

Figure 3: Pseudo-attention path generation. Salient
tokens are selected via Beta priors and connected into a
coherent path.

parent token’s weight to all its constituent sub- 188

word shards. We compute a final training weight 189

wj for each token j by combining a base impor- 190

tance term, an inverse frequency term to upweight 191

rare code constructs, and the semantic probability: 192

wj = wbase + (log(freq(gj) + 2))−1 + E[θsj ]. 193

Composite Objective. We fine-tune the model 194

using a loss function L(ϕ) = LSFT(ϕ) + 195

γLDPO(ϕ). The Weighted SFT Loss is a mod- 196

ification of the standard categorical cross-entropy, 197

scaled by the calculated weights: LSFT(ϕ) = 198

−
∑

j wj logPϕ(xj |x<j). The Token-Level DPO 199

Loss adapts the Direct Preference Optimization 200

framework (Rafailov et al., 2024) to our setting. 201

DPO typically optimizes a policy to prefer a win- 202

ning sample yw over a losing sample yl. We define 203

our “winning” trajectory as the generated pseudo- 204

scan path (high salience) and the “losing” trajec- 205

tory as the complement (low salience background 206

tokens). This term explicitly rewards the model 207

for assigning higher probability to the semantically 208

salient tokens that humans prioritize. 209

2.5 Integrated Training Procedure 210

We synthesize the artifact extraction, path genera- 211

tion, and loss computation into a unified training 212

loop. Algorithm 1 details the complete fine-tuning 213

procedure. 214

The process begins by initializing the model ϕ 215

and loading the distilled EyeTrans artifacts (Seman- 216

tic Priors E[θ] and Transition Probabilities Ptrans). 217

For every batch of code sequences, we dynamically 218

generate pseudo-scan paths P̃ that mimic human vi- 219

sual attention. These paths serve as the ground truth 220

for calculating token-specific importance weights 221

W . Finally, the model parameters are updated via 222

gradient descent on the composite objective Ltotal, 223

which balances the reconstruction of salient tokens 224

(LSFT) with the preference alignment of attention 225

trajectories (LDPO). 226
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Algorithm 1 EYEMULATOR Integrated Fine-
Tuning
Input: Pre-trained CodeLLM ϕ0, Code Dataset D =
{x(i)}Ni=1, EyeTrans Artifacts (Semantic Priors E[θ], Tran-
sitions Ptrans)
Hyperparameters: DPO weight γ, Learning rate η
Output: Fine-tuned Model ϕ∗

1: ϕ← ϕ0

2: while not converged do
3: Sample batch B ∼ D
4: for all sequence x ∈ B do
5: // Stage 1: Pseudo-Path Generation (Sec. 2.2)
6: Tags← GetASTTags(x)
7: ρ ∼ Beta(αagg, βagg) {Sample attention density}
8: P̃ ← GeneratePath(x, Tags, ρ,E[θ], Ptrans)
9: // Stage 2: Weight Calculation (Sec. 2.4)

10: for all token xj ∈ x do
11: wj ← wbase +

1
log(freq(xj)+2)

+ E[θtag(xj)]

12: end for
13: W ← {wj}|x|j=1

14: // Stage 3: Dual-Objective Optimization
15: LSFT ← −

∑
j∈P̃ wj logPϕ(xj |x<j)

16: LDPO ← DPOLoss(ϕ, P̃, x \ P̃,W )
17: Ltotal ← LSFT + γLDPO

18: end for
19: ϕ← ϕ− η∇ϕ

∑
x∈B Ltotal

20: end while
21: return ϕ

3 Experimental Setup227

We design our experiments to evaluate the effi-228

cacy of gaze-informed training across different229

code intelligence tasks and model architectures.230

We specifically address three research questions:231

(RQ1) Does mimicking human attention improve232

performance on downstream tasks? (RQ2) How233

do different components of the EYEMULATOR234

framework contribute to these gains? (RQ3) Does235

the model actually learn to attend to semantically236

salient regions?237

Datasets and Benchmarks. We utilize the Eye-238

Trans corpus (Zhang et al., 2024) solely for extract-239

ing attention artifacts as detailed in Section 2. For240

downstream evaluation, we employ the CodeXGlue241

benchmark (Lu et al., 2021), selecting three distinct242

tasks to test generalization. For Code Translation243

(Java to C#), we use the standard split of 10,300244

training and 500 test pairs, measuring performance245

using CodeBLEU, CrystalBLEU, and Exact Match.246

For Code Summarization (Java to English), we use247

a subset of 16,500 examples for training and report248

BERTScore to capture semantic similarity along-249

side ROUGE-L. Finally, for Code Completion, we250

sample 20% of the CodeXGlue Java corpus (ap-251

prox. 1.6k files) for token-level completion tasks,252

evaluating with Exact Match and CodeBLEU. To253

ensure reproducibility and provide a formal basis 254

for our comparative analysis, we provide complete 255

mathematical formulations and justifications for 256

all performance and attention-based metrics in Ap- 257

pendix A. 258

Models and Baselines. To demonstrate model 259

agnosticism, we apply EYEMULATOR to three 260

state-of-the-art foundation models with varying 261

architectures: StarCoder (1B), a dense decoder- 262

only model; Llama-3.2 (1B), a highly optimized 263

instruction-tuned model; and DeepSeek-Coder 264

(1.3B), a model pre-trained with a fill-in-the-middle 265

objective. We compare our approach against two 266

primary baselines: Standard SFT, where mod- 267

els are fine-tuned on the same data without gaze 268

weights, and Random Attention, where attention 269

weights are assigned randomly to strictly con- 270

trol for the regularization effects of the weighting 271

scheme. 272

Implementation Details. All models are trained 273

using full fine-tuning rather than parameter- 274

efficient adapters, ensuring human attention priors 275

are deeply internalized by the model backbones. 276

We utilize the HuggingFace transformers library 277

and a custom LlamaForCausalLM class to integrate 278

token-level fixation weights into the loss function. 279

Input sequences are processed with a maximum 280

length of 1024 tokens. Optimization is performed 281

using the AdamW optimizer with a linear scheduler 282

and a constant learning rate of 2 × 10−5. We use 283

an effective batch size of 16, and the DPO weight 284

γ is set to 0.1. Training is conducted on a single 285

NVIDIA L40S GPU for 3 epochs to ensure conver- 286

gence while preventing overfitting. Detailed train- 287

ing configurations and attention-prior alignment 288

steps are documented in Appendix B. 289

4 Result Analysis 290

We present our findings organized by the research 291

questions proposed in Section 3. To explore how 292

human-attention priors influence model behavior, 293

we first compare EYEMULATOR against strong 294

baselines on three core tasks: Java to C# translation, 295

code completion, and summarization. We then per- 296

form ablation studies, disabling one gaze-derived 297

module at a time to quantify its individual contribu- 298

tion. Finally, we analyze qualitative attention-map 299

visualizations to examine how our approach steers 300

the model toward semantically rich regions of code. 301
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Table 1: Representative gaze patterns. Transitions like
“conditional → loop” reveal structured reading.

Type Sequence Count

Mono variable declaration 18665
Mono conditional statement 13222

Bigram function decl → variable decl 8399
Bigram conditional statement → loop 6026

Trigram func decl → param → var decl 1634
Trigram conditional → func decl → param 1199

4.1 RQ1: Artifact Distillation302

We assess how well distilled artifacts capture hu-303

man attention by examining n-gram fixation pat-304

terns, fitted Beta parameters for semantic labels,305

and the resulting attention distributions across read-306

ing, writing, and combined tasks.307

N-gram Analysis. To assess the consistency and308

structure of human attention, we mapped program-309

mers’ fixation sequences to semantic categories and310

extracted the most frequent transitions. As shown311

in Table 1, the resulting patterns reveal a non-linear312

yet highly organized reading strategy. The high313

count of function declaration → variable decla-314

ration bigrams (8,399) indicates that developers315

frequently switch focus between interface defini-316

tions and their implementation details. Similarly,317

the conditional statement → loop pattern (6,026)318

reflects an iterative inspection of branching logic319

and control flow. These recurring transition mo-320

tifs demonstrate that expert attention is driven by321

logical dependencies rather than linear scanning.322

Beta Parameter Estimation. Figure 4 presents323

the fitted Beta parameters (αs = gaze hits, βs =324

gaze misses) for each semantic label. Consistent325

with the n-gram findings, variable declaration326

exhibits the highest αs in both reading and com-327

bined tasks, reinforcing its role as a primary cog-328

nitive anchor for developers. In contrast, control-329

flow labels like loop show more balanced ratios330

(αs = 7, 876, βs = 4, 876), indicating that atten-331

tion to these constructs is more context-dependent,332

shifting between cursory scanning and deeper in-333

spection depending on the complexity of the logic.334

Density Function Visualization. Figure 5 il-335

lustrates the Beta distribution density functions336

derived from these parameters. Reading-only337

curves are sharply peaked; for instance, variable338

declaration centers tightly around a high prob-339
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Figure 4: Estimated Beta parameters. High αs for “vari-
able declaration” indicates consistent attention.

ability, signifying focused and reliable inspection. 340

Conversely, the distributions for conditional 341

statement in the combined task are broader and 342

even bimodal. This variance suggests divergent 343

reading strategies, where developers may either 344

skim standard conditions quickly or fixate heavily 345

on complex predicates, confirming that our artifacts 346

capture the nuance of cognitive load. 347
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Figure 5: Smoothed Beta density functions showing
focused attention for declarations vs. varied attention
for control flow.

4.2 RQ2: Cross-Task Evaluation 348

To test whether gaze-derived priors generalize be- 349

yond summarization, we injected EYEMULATOR 350

into three code-intelligence pipelines, including 351

completion, translation, and summarization, using 352

StarCoder, Llama-3.2, and DeepSeek-Coder as rep- 353

resentative baselines. Table 2 reports performance 354

improvements over each native model, demonstrat- 355

ing consistent gains across tasks and architectures. 356

Summarization Performance. Incorporating 357

EYEMULATOR improves StarCoder’s BERTScore 358

from 34.04 to 51.06, a 17-point gain that yields 359

more coherent and contextually accurate sum- 360

maries. Llama-3.2 and DeepSeek-Coder see simi- 361

lar uplifts (+16 and +22 points respectively), pro- 362

ducing abstracts that better emphasize method 363

signatures, branch conditions, and variable roles. 364

Qualitative analysis confirms that attention priors 365

guide these models to focus on semantically criti- 366

cal tokens, resulting in concise yet comprehensive 367

descriptions. 368
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Table 2: Cross-task evaluation across three diverse architectures. EYEMULATOR (gray) consistently outperforms
native baselines, achieving peak gains of +43 points in Translation (H-Exact) and +41 points in Completion
(CodeBLEU). Absolute improvements are shown in parentheses.

Model Completion Translation Summarization

CodeBLEU Cry.BLEU H-Exact CodeBLEU Cry.BLEU H-Exact METEOR R-1 R-L BERT

StarCoder 13.90 19.41 47.66 52.07 65.07 21.11 29.06 27.47 20.78 34.04
EYEMULATOR 51.98 (+38) 57.53 (+38) 79.90 (+32) 86.42 (+34) 92.61 (+27) 64.97 (+43) 33.41 (+4) 46.27 (+18) 41.09 (+20) 51.06 (+17)

Llama-3.2 19.45 26.65 50.85 71.88 82.29 53.25 27.05 24.86 18.27 33.41
EYEMULATOR 60.47 (+41) 65.90 (+39) 77.96 (+27) 83.25 (+11) 91.52 (+9) 61.02 (+7) 30.69 (+3) 44.06 (+19) 38.84 (+20) 49.49 (+16)

DeepSeek 13.80 18.98 49.40 58.69 69.94 24.13 22.81 21.96 15.12 28.64
EYEMULATOR 48.82 (+35) 54.63 (+35) 78.91 (+29) 86.34 (+27) 93.09 (+23) 65.66 (+41) 33.92 (+11) 46.86 (+24) 41.68 (+26) 51.56 (+22)

Translation and Completion. Applying the369

same priors to Java-C# translation and code com-370

pletion delivers strong improvements. StarCoder’s371

CodeBLEU for translation rises from 52.07 to372

86.42 (+34), while its Hybrid-Exact match for com-373

pletion climbs from 47.66 to 79.90 (+32). Llama-374

3.2 and DeepSeek-Coder exhibit comparable gains;375

for instance, Llama-3.2’s CodeBLEU in comple-376

tion jumps by over 40 points (19.45 to 60.47).377

These results indicate that human-attention signals378

enhance both fluency and correctness in generation379

tasks.380

Architectural Robustness. The benefits of381

EYEMULATOR hold across three heterogeneous382

transformer backbones: GPT-2-based StarCoder,383

decoder-only Llama-3.2, and DeepSeek-Coder,384

which utilizes a mixture-of-experts paradigm. No385

changes to network architectures or extra fine-386

tuning were required, underlining EYEMULATOR’s387

plug-and-play nature. This model-agnostic success388

highlights the versatility and scalability of distilled389

gaze artifacts as a lightweight mechanism for guid-390

ing attention in diverse code-intelligence settings.391

4.3 RQ3: Session-Mode Analysis392

Figure 6 illustrates that the proportions of semantic393

categories differ markedly between tasks, moti-394

vating a separate evaluation of reading-derived395

(EYEMULATOR(R)) versus writing-derived396

(EYEMULATOR(W)) priors. Table 3 breaks down397

performance by subcategory.398

Completion Subcategories. Writing-derived ar-399

tifacts (EYEMULATOR(W)) deliver the strongest400

gains on code completion, significantly outperform-401

ing the reading variant. For Structural Boilerplate,402

the Hybrid-Exact score rises from a baseline of403

54.61 to 86.07 with writing priors, compared to404

just 50.22 with reading priors. Similarly, for Lin-405

ear Method Body, the writing model achieves 92.66.406

Structural Boilerplate

Concurrency/Lambda

JUnit Test Fixture

Linear Method
Body

Complex Control Flow

Inheritance/Override
Parameter-Drive Docs

Control Flow

Generics
/Collections

Exception Handling
Primitives/Operators

Return/Exceptions

API Contract

Annotations/Lifecycle
Concurrency/Async

Figure 6: Distribution of semantic categories across
tasks. Completion relies heavily on boilerplate, while
summarization focuses on contracts.

This confirms that patterns captured during writing 407

sessions best reflect the sequential dependencies 408

and generative strategies critical to code comple- 409

tion. 410

Translation and Summarization. Conversely, 411

reading artifacts (EYEMULATOR(R)) excel in 412

comprehension-heavy tasks. On Multi-statement 413

Control Flow in translation, Hybrid-Exact im- 414

proves to 25.86, surpassing the writing variant 415

(22.41). In summarization, reading priors achieve 416

the highest overall score (42.98), reflecting the 417

comprehension-oriented nature of distilling code 418

into natural language. 419

Overall Trends. The data reveals a distinct task- 420

dependency: generative tasks like completion ben- 421

efit most from the "output-oriented" attention pat- 422

terns of writing, while translation and summariza- 423

tion align better with the "input-processing" nature 424

of reading fixations. While the full model remains 425

robust, specialized priors often yield the peak per- 426

formance for their respective domains. 427

4.4 RQ4: Ablation Studies 428

Table 4 (left panel) presents the ablation analysis, 429

comparing the full EYEMULATOR model against 430

variants with individual components removed. 431

Rarity Weighting. The removal of the frequency- 432

based rarity component (w/o Frequency) causes the 433
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Table 3: Impact of Reading (R) vs. Writing (W) priors.
EYEMULATOR(Full) combines both for best results.

Group Baseline Ours (R) Ours (W) Ours (Full)

Completion (H-Exact)
Structural Boilerplate 54.61 50.22 86.07 79.17
Linear Method Body 55.05 56.42 92.66 88.99
Overall 48.90 52.81 82.80 79.95

Translation (H-Exact)
Multi-stmt Control 12.93 25.86 22.41 22.41
Primitives & Ops 41.67 72.22 72.22 61.11
Overall 33.95 45.55 43.53 42.72

Summarization (BERTScore)
API Contract 21.45 41.11 40.96 41.35
Overall 26.37 42.98 42.83 42.97

Table 4: Ablation (left) and Attention Quality (right).

Variant Compl. Trans. Attn Metric Base Ours

Full Model 77.96 61.02 Summarization
w/o Semantic 75.62 55.92 Recency Focus ↑ 0.55 1.27
w/o Frequency 56.02 55.45 Avg. Entropy ↓ 88.2 60.4
w/o Monogram 71.99 56.61 Completion
w/o Bi/Trigram 72.44 57.42 Confidence ↑ -0.06 0.00
Baseline 50.85 53.25 Recency Focus ↑ 0.47 0.50

most significant performance drop in Code Com-434

pletion, where the Hybrid-Exact score falls from435

77.96 to 56.02 (-21.94 points). This sharp decline436

confirms that up-weighting rare n-grams is essen-437

tial for generative tasks to prevent the model from438

collapsing into repetitive, low-entropy patterns.439

Semantic Priors. In contrast, removing the Beta-440

derived semantic priors (w/o Semantic) primarily441

impacts Code Translation, reducing the H-Exact442

score by 5.10 points (61.02 to 55.92). This suggests443

that explicit knowledge of token salience (e.g., dis-444

tinguishing variable declarations from delimiters)445

is crucial for the structural realignment required in446

translation tasks.447

4.5 RQ5: Attention Distribution448

We analyze the morphological changes in model449

attention using the metrics in Table 4 (right panel)450

and the visualizations in Figure 7.451

Quantitative Shifts. EYEMULATOR induces a452

measurable shift toward sharper, more confident453

attention. In Summarization, the model reduces454

Average Entropy from 88.2 to 60.4 and more than455

doubles the Recency Focus Score (0.55 to 1.27),456

indicating a transition from diffuse scanning to tar-457

geted information extraction. In Completion, the458

Generation Confidence Score improves from -0.06459

to 0.00, reflecting reduced uncertainty during token460

prediction.461
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Figure 7: Attention maps: EYEMULATOR (bottom)
ignores irrelevant tokens in completion/translation com-
pared to baseline.

Qualitative Analysis. Figure 7 visualizes these 462

shifts. In Translation (center), the diagonal align- 463

ment becomes significantly sharper compared to 464

the baseline, showing precise token-to-token map- 465

ping. In Summarization (right), the model effec- 466

tively ignores syntactic sugar to fixate on semanti- 467

cally dense tokens like loop conditions and return 468

values. A broader selection of qualitative case stud- 469

ies, highlighting how EyeMulator mitigates spe- 470

cific baseline failure modes such as infinite genera- 471

tion loops and semantic hallucinations, is presented 472

in Appendix C. 473

5 Discussion and Future Work 474

While EYEMULATOR demonstrates significant 475

gains on 1B-parameter models, we identify sev- 476

eral paths for future enhancement. 477

Scalability and Tasks. As a model-agnostic 478

framework, EYEMULATOR can be applied to 479

larger backbones (e.g., 7B or 13B parameters) via 480

parameter-efficient fine-tuning (PEFT). We also in- 481

tend to extend the methodology to tasks such as 482

bug localization and code review, and investigate 483

gaze-aware pre-training objectives like salience- 484

weighted masked-token prediction. 485

Real-world Deployment. To evaluate practical 486

utility, we aim to prototype real-time IDE integra- 487

tions using camera-based gaze estimation to pro- 488

vide context-aware completions. We further plan to 489

conduct longitudinal field studies with professional 490

developers to assess the impact of human-aligned 491

attention on productivity and cognitive load. 492

Data and Multi-modality. To move beyond 493

laboratory-scale datasets, we are developing auto- 494

mated, privacy-preserving gaze collection pipelines 495
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for open-source workflows. By augmenting eye-496

tracking data with behavioral signals like keystroke497

dynamics and navigation patterns, we aim to con-498

struct a multi-modal corpus that allows EYEMU-499

LATOR to capture the complex nuances of human500

program comprehension at scale.501

6 Related Work502

Prior work in code intelligence has advanced503

attention-based Transformers, yet often omits hu-504

man cognitive cues. EYEMULATOR unifies these505

directions by integrating distilled attention priors,506

n-gram rarity weighting, and sequential gaze mod-507

eling into a single framework.508

6.1 Human-centered AI for Software509

Engineering510

Human-centered AI integrates cognitive insights to511

align models with developer workflows (Abrahão512

et al., 2025; Capel and Brereton, 2023; Usmani513

et al., 2023; Xu et al., 2023). Eye-tracking has514

historically illuminated how programmers manage515

cognitive load (Sharafi et al., 2020, 2015b; Gra-516

binger et al., 2024; Sharafi et al., 2015a), identify-517

ing key segments to improve automated summariza-518

tion (Bansal et al., 2023a; Rodeghero et al., 2014;519

Sharafi et al., 2015b). Recent work deepens this520

integration by correlating mouse interactions with521

neural attention (Paltenghi and Pradel, 2021), train-522

ing predictive gaze models (Bansal et al., 2023b),523

and incorporating gaze into transformer architec-524

tures (Zhang et al., 2024) or program repair (Huber525

et al., 2023). Unlike these approaches, EYEMU-526

LATOR distills gaze artifacts into modular, task-527

agnostic priors that can be injected into any pre-528

trained model without architectural changes, pre-529

serving sample efficiency.530

6.2 Large Language Models for Code531

Intelligence532

LLMs such as StarCoder (Li et al., 2023), Llama-533

3.2 (Meta AI, 2024; Grattafiori et al., 2024), and534

DeepSeek-Coder (Guo et al., 2024a) have advanced535

code generation (Nam et al., 2024; Coignion et al.,536

2024; Wang et al., 2024a; Feng et al., 2020).537

Strategies to refine performance include Retrieval-538

Augmented Generation (RAG) (Wang et al., 2025;539

Yang et al., 2025; Guo et al., 2024b; Parvez et al.,540

2021), instruction tuning (Ouyang et al., 2022), and541

reasoning frameworks like SemCoder (Ding et al.,542

2024). However, models still struggle with deep543

semantic understanding (Nguyen et al., 2024; He544

et al., 2024b; Zhong and Wang, 2024; He et al., 545

2024a), leading to hallucinations (Liu et al., 2023; 546

Siddiq et al., 2024; Zhang et al., 2025). Existing 547

feedback methods often lack token-level granular- 548

ity (Xu et al., 2024; Dou et al., 2024). EYEMU- 549

LATOR bridges this gap by injecting gaze-derived 550

salience directly into self-attention, enhancing se- 551

mantic grounding. 552

6.3 Preference Learning and Model 553

Alignment 554

Preference learning aligns models with developer 555

needs beyond simple correctness (Jiang et al., 2024; 556

Slocum et al., 2025; Wallace et al., 2024; Xiong 557

et al., 2023). While Reinforcement Learning from 558

Human Feedback (RLHF) (Ouyang et al., 2022; 559

Wang et al., 2023; Kirk et al., 2023; Wang et al., 560

2024b) is standard, direct optimization methods 561

like DPO (Rafailov et al., 2024), SimPO (Meng 562

et al., 2024), and KTO (Ethayarajh et al., 2024) of- 563

fer efficient alignment. Techniques such as Group 564

Relative Policy Optimization (GRPO) (Shao et al., 565

2024) further stabilize training. EYEMULATOR ex- 566

tends this landscape by incorporating gaze-derived 567

salience priors as token-level feedback within DPO, 568

enabling precise alignment with human cognitive 569

processes. 570

7 Conclusion 571

We present EYEMULATOR, a lightweight, model- 572

agnostic framework that injects human gaze sig- 573

nals into LLMs for code tasks. By mapping eye- 574

tracking data from 27 programmers onto AST to- 575

kens, we derive semantic salience priors and n- 576

gram gaze-transition tables, then incorporate them 577

via a re-weighted cross-entropy loss with token- 578

level DPO. With under 1MB of overhead and no 579

architectural changes, EYEMULATOR delivers siz- 580

able gains in code translation, completion, and sum- 581

marization. Ablation studies and attention-map vi- 582

sualizations confirm each component’s value and 583

show that model focus aligns with control-flow and 584

data-dependency structures. 585

Data Availability 586

All research artifacts, including the EYEMULA- 587

TOR source code, distilled gaze priors, and scripts 588

for reproducing the experiments, are permanently 589

archived on Zenodo at https://zenodo.org/ 590

records/16134801. 591
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8 Limitations592

While EYEMULATOR demonstrates significant im-593

provements in code intelligence tasks, we acknowl-594

edge several limitations in our current study.595

Model Scale and Compute. Due to com-596

putational resource constraints, our evaluation597

focused on models in the 1B to 7B pa-598

rameter range (StarCoder-1B, Llama-3.2-1B/3B,599

DeepSeek-Coder-1.3B). While we hypothesize that600

gaze priors will scale to larger backbones (e.g.,601

70B+), verifying this requires further experimenta-602

tion on high-performance computing clusters.603

Language and Task Diversity. Our distilled pri-604

ors are derived from datasets primarily consist-605

ing of Java and C#. Consequently, the efficacy606

of transferring these priors to structurally distinct607

languages (e.g., Python, Haskell) or markup lan-608

guages (e.g., HTML/CSS) remains unverified. Fur-609

thermore, our study focuses on static code compre-610

hension tasks; applying gaze signals to dynamic,611

interactive editing environments may require mod-612

eling temporal gaze aspects not captured here.613

Participant Demographics. The gaze patterns614

were distilled from a cohort of 27 verified program-615

mers. While this sample size is consistent with616

prior eye-tracking research, it may not fully cap-617

ture the cognitive diversity of the global developer618

population across different experience levels, neu-619

rodiverse traits, or cultural coding practices.620

9 Ethical Considerations621

This work leverages human biometric data (eye-622

tracking) to enhance AI models. We adhered to623

strict ethical guidelines throughout the research624

process.625

Potential for Misuse. We recognize the potential626

dual-use risk of gaze analysis technologies in work-627

place surveillance. We explicitly condemn the use628

of such methods for monitoring employee produc-629

tivity or engagement. EYEMULATOR is designed630

solely to extract generalized cognitive patterns to631

improve AI tooling, not to assess or track individ-632

ual developers. We urge the community to maintain633

strict boundaries between aggregate model training634

and individual user monitoring.635

Data Privacy and Dataset Usage. This study636

utilizes the publicly available EyeTrans dataset, ad-637

hering to the ethical protocols and informed con-638

sent procedures established by its creators. The639

data is strictly anonymized with all PII removed. 640

Our work further ensures privacy by distilling only 641

aggregated statistical distributions, preventing the 642

reconstruction of individual user behaviors. 643
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A Evaluation Metrics910

To ensure reproducibility, we provide formal defi-911

nitions for all metrics used to evaluate task perfor-912

mance (RQ2–RQ4) and attention alignment (RQ5).913

A.1 Task Performance Metrics914

A.1.1 Code Translation and Completion915

For Java-to-C# translation and code completion,916

we employ three metrics to capture both lexical917

and semantic correctness:918

• Hybrid Exact Match (H-Exact): To account919

for minor formatting variations while reward-920

ing precision, we calculate a weighted average921

of strict exact match and substring inclusion:922

H-Exact = 0.5× I(y = ŷ) + 0.5× I(ŷ ∈ y)
(1)923

where y is the ground truth, ŷ is the generated924

code, and I(·) is the indicator function.925

• CodeBLEU: Unlike standard BLEU, Code-926

BLEU integrates syntactic and semantic prop-927

erties. It is computed as the weighted sum of928

four components:929

CodeBLEU = w1BLEU + w2BLEUweighted

+ w3Matchast + w4Matchdf

(2)
930

where BLEUweighted gives higher weight to931

keywords, Matchast measures Abstract Syntax932

Tree similarity, and Matchdf measures data-933

flow graph similarity.934

• CrystalBLEU: A variant of BLEU optimized935

for code that filters out "trivially shared"936

n-grams (e.g., frequent syntax like public937

void) to prevent inflated scores. It calculates938

n-gram precision only on a distinct set of n-939

grams not appearing in the top-k most fre-940

quent occurrences in the training corpus.941

A.1.2 Code Summarization942

For Java-to-Natural Language summarization, we943

use standard text-generation metrics:944

• ROUGE-L: Measures the Longest Com-945

mon Subsequence (LCS) between the candi-946

date summary and the reference, capturing947

sentence-level structure.948

• METEOR: Computes the harmonic mean of 949

precision and recall, incorporating stemming 950

and synonym matching to capture semantic 951

overlap. 952

• BERTScore: Computes the similarity be- 953

tween candidate and reference summaries us- 954

ing contextual embeddings from a pre-trained 955

BERT model: 956

RBERT =
1

|x|
∑
xi∈x

max
yj∈y

x⊤
i yj (3) 957

where xi and yj are the embedding vectors 958

for tokens in the candidate and reference, re- 959

spectively. 960

A.2 Attention Alignment Metrics (RQ5) 961

To quantify how well EyeMulator aligns model 962

focus with relevant code regions (RQ5), we analyze 963

the final-layer attention weights a = (a1, . . . , an) 964

over the input sequence of length n. 965

• Generation Confidence Score (GCS): Mea- 966

sures the model’s certainty during decod- 967

ing. Higher values indicate the model assigns 968

higher probability to the selected tokens. 969

GCS =
1

T

T∑
t=1

logP (yt | y<t, x) (4) 970

where T is the length of the generated se- 971

quence y. 972

• Recency Focus Score (RFS): Quantifies the 973

proportion of attention mass allocated to the 974

most recent context window (last k tokens, 975

where k = 20), often critical for code comple- 976

tion tasks. 977

RFS =

∑n
i=n−k+1 ai∑n

i=1 ai
(5) 978

• Average Focus Score (AFS): Measures the 979

intensity of attention specifically on semanti- 980

cally critical tokens (as identified by the eye- 981

tracking ground truth). Let C be the set of 982

indices corresponding to critical tokens: 983

AFS =
1

|C|
∑
i∈C

ai (6) 984
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• Attention Entropy: Measures the dispersion985

of the attention distribution. Lower entropy in-986

dicates sharper, more confident focus; higher987

entropy suggests diffuse attention.988

Entropy = −
n∑

i=1

ai log ai (7)989

B Implementation Details990

To ensure the reproducibility of our results, we991

provide the comprehensive configuration for the992

EyeMulator and baseline models.993

B.1 Model and Loss Configuration994

We utilized the Llama-3.2-1B architecture for all995

experiments. While the baseline uses the standard996

Causal Language Modeling (CLM) objective, Eye-997

Mulator employs a custom loss function that in-998

tegrates human attention weights. Based on our999

training implementation, we perform **full fine-1000

tuning** of all parameters.1001

B.2 Hyperparameters1002

We maintained consistent hyperparameters across1003

all tasks. These are summarized in Table 5.1004

Table 5: Experimental Hyperparameters

Hyperparameter Value
Base Model Llama-3.2-1B
Optimizer AdamW
Learning Rate 2× 10−5

Effective Batch Size 16
Max Sequence Length 1024 tokens
Training Epochs 3
Weight Decay 0.01
Precision FP32 (Full Precision)
Hardware 1× NVIDIA L40S

B.3 Attention Prior Processing1005

For the "Writing-Mode" variants, we mapped se-1006

mantic labels (e.g., MethodDeclaration) to token1007

indices. The attention weights were injected into1008

the loss function via a lookup table, where the loss1009

for token i is scaled by its corresponding human1010

fixation weight wi.1011

C Qualitative Case Studies1012

We present specific cases where EyeMulator1013

demonstrates superior logic and conciseness com-1014

pared to the baseline model.1015

C.1 Case Study 1: Java-to-C# Translation 1016

In this example, the baseline model fails to cor- 1017

rectly terminate the generation, resulting in a syn- 1018

tax error and unreachable code. EyeMulator iden- 1019

tifies the high-level semantic intent and utilizes a 1020

built-in C# method. 1021

Input (Java Code)
public int FindFirstRecordLocBySid(short sid) {

int index = 0;
for (IEnumerator iterator = records.GetEnumerator();

iterator.MoveNext(); ) {
Record record = (Record)iterator.Current;
if (record.Sid == sid) { return index; }
index++;

}
return -1;

}

Baseline (Llama-3.2-1B Baseline)
public int FindFirstRecordLocBySid(int sid) {

int index = 0;
foreach (Record record in records.Records) {

if (record.Sid == sid) return index;
}
return -1;

} return -2;} // Hallucinated syntax

EyeMulator (Ours)
public int FindFirstRecordLocBySid(short sid) {

// Successfully identified idiomatic IndexOf
int index = records.IndexOf(sid);
return index;

}

Figure 8: Translation example: EyeMulator avoids the
"unending generation" failure seen in the baseline.

C.2 Case Study 2: Code Summarization 1022

This case illustrates the "repetition loop" common 1023

in smaller LLMs. While the baseline generates 1024

redundant Javadoc-style constraints, EyeMulator 1025

provides a focused summary of the method’s be- 1026

havior. 1027

Input (Java Method)
public String getSqlWithValues() {

if( namedParameterValues.size() == 0 ) {
return super.getSqlWithValues();

}
return result.toString();

}

Baseline Output Returns a SQL query with the named pa-
rameter values added. @return the SQL query. Never null.
Always returns non empty. Never returns an empty string.
Never returns a non-empty string... [Truncated]

EyeMulator Output Returns the SQL query with the values
of the parameters set.

Figure 9: Summarization example: EyeMulator main-
tains semantic focus and avoids repetition.
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