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Abstract001

Language models often show a preference002
for using information from specific positions003
in the input regardless of semantic relevance.004
While positional bias has been studied in var-005
ious contexts—from attention sinks to task006
performance degradation in long-context set-007
tings—prior work has not established how008
these biases evolve across individual layers and009
input positions, or how they vary independent010
of task complexity. We introduce an attribution-011
based framework to analyze positional effects012
in short-context language modeling. Using013
layer conductance with a sliding-window ap-014
proach, we quantify how each layer distributes015
importance across input positions, yielding016
layer-wise positional importance profiles. We017
find that these profiles are architecture-specific,018
stable across inputs, and invariant to lexical019
scrambling. Characterizing these profiles, we020
find prominent recency bias that increases with021
depth and subtle primacy bias that diminishes022
through model depth. Beyond positional struc-023
ture, we also show that early layers preferen-024
tially weight content words over function words025
across all positions, while later layers lose this026
word-type differentiation.027

1 Introduction028

Language models rely fundamentally on word or-029

der to process linguistic structure, enabling them030

to capture dependencies such as grammar, compo-031

sitionality, and temporal relations.032

Order sensitivity arises from architectural com-033

ponents that enable models to learn positional in-034

formation, including positional encodings such as035

RoPE (Su et al., 2024) and ALiBi (Press et al.,036

2022), causal attention masking (Vaswani et al.,037

2017), and position-dependent learned representa-038

tions. While these mechanisms enable sequential039

processing, they can also introduce systematic pref-040

erences for certain input positions (Wu et al., 2025).041

In particular, models may assign greater influence042

to tokens appearing at specific positions—such as 043

the beginning or end of the input—based on posi- 044

tion alone rather than semantic relevance. We refer 045

to such systematic, position-driven preferences as 046

positional bias. 047

These positional preferences have been observed 048

across different settings. Prior work has identified 049

attention sinks at specific positions (Xiao et al., 050

2024; Han et al., 2024) and systematic position- 051

dependent patterns in how information contributes 052

to model predictions (Proietti et al., 2025; Wu et al., 053

2025). Positional bias becomes particularly evi- 054

dent in long-context settings, where models dis- 055

play the “lost in the middle” effect: when relevant 056

information appears in the middle of lengthy in- 057

puts, models show significant performance degra- 058

dation across tasks including question answering 059

(Liu et al., 2023), retrieval (Shi et al., 2023), and 060

summarization (Zhang et al., 2024). 061

However, it remains unclear how positional bias 062

manifests across fine-grained input positions and 063

model layers. Most existing layer-by-layer anal- 064

yses are limited to long-context settings and task- 065

level outcomes (Wu et al., 2025; Ko et al., 2020; 066

Kongmanee, 2025). As a result, they do not es- 067

tablish whether positional bias reflects an intrin- 068

sic, layer-wise computational property of language 069

models. This raises a fundamental question: if po- 070

sitional bias is rooted in model architecture, should 071

it persist across layers even in short-context next- 072

word prediction, independent of task difficulty or 073

context length? 074

We address this question by characterizing po- 075

sitional bias at the word level (after aggregating 076

subword tokens) for each model layer using con- 077

ductance attribution in short-context next-word pre- 078

diction. Unlike attention-based analyses, which 079

primarily describe information routing, conduc- 080

tance quantifies how much each input token con- 081

tributes to the model’s prediction through interme- 082

diate model components. We apply this approach 083
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to multiple language models and input texts using a084

sliding-window framework. By averaging conduc-085

tance scores over words at each relative position,086

we obtain layer-wise positional importance pro-087

files describing how layers weight positions during088

next-word prediction.089

We investigate: (1) whether positional impor-090

tance profiles are stable across inputs (a test of091

architectural vs. input-specific structure); (2) how092

recency and primacy biases evolve with layer depth;093

and (3) whether layers exhibit preferences for spe-094

cific word types when averaged across positions.095

Our contributions are fourfold:096

• Attribution framework for positional bias.097

We introduce an attribution-based framework098

that isolates positional effects from word iden-099

tity, yielding word- and layer-resolved impor-100

tance scores at each position in the input.101

• Text-invariant positional importance pro-102

files. We show that transformer layers exhibit103

stable positional importance profiles in short-104

context next-token prediction. These profiles105

are highly consistent across natural texts and106

remain unchanged under lexical scrambling,107

indicating that they reflect intrinsic architec-108

tural properties rather than input-specific pat-109

terns.110

• Depth-dependent evolution of positional111

bias. We characterize how primacy and re-112

cency biases evolve with depth, finding that113

primacy bias is weak and diminishes in deeper114

layers while recency bias increases monotoni-115

cally with depth across models.116

• Layer specialization by word type and posi-117

tion. We show that words across all positions118

most frequently receive their highest conduc-119

tance from early layers, which also preferen-120

tially weight content words, whereas deeper121

layers increasingly dominate recent positions122

and exhibit reduced word-type sensitivity.123

2 Related Work124

2.1 Positional Bias in LLMs125

Prior studies consistently report that language mod-126

els prioritize information based on input position127

rather than semantic relevance. Gao et al. (2024)128

and Wang et al. (2025) document that LLMs strug-129

gle to utilize information from the middle or end130

of long contexts, exhibiting strong primacy and re- 131

cency biases. This manifests as a pronounced "lost- 132

in-the-middle" effect (Hsieh et al., 2024; Ravaut 133

et al., 2024), where tokens at the input’s beginning 134

or end receive disproportionately high weight re- 135

gardless of relevance. Veseli et al. (2025a) show 136

that the strength of recency and primacy varies with 137

context window size: primacy is strongest when 138

relevant content spans ≤ 50% of the window, while 139

recency dominates as spans grow larger. These po- 140

sitional preferences appear as performance degrada- 141

tion across retrieval, summarization, and question- 142

answering tasks (Ko et al., 2020). Notably, the 143

magnitude of positional bias is model-specific, 144

with some architectures exhibiting stronger pri- 145

macy while others consistently favor late positions 146

(Menschikov et al., 2025). In summary, prior work 147

documents positional bias through task-level out- 148

comes in long-context settings, where task diffi- 149

culty and context length confound the underlying 150

architectural bias, limiting fine-grained analysis of 151

how individual layers allocate importance across 152

positions. 153

2.2 Mechanistic Analyses of Positional 154

Sensitivity in Transformers 155

Other studies probe transformers’ internal com- 156

putations to characterize how positional structure 157

emerges in attention and representations. Xiao 158

et al. (2024) and Han et al. (2024) identify attention 159

sinks—specific positions (often the first or special 160

tokens) that accumulate disproportionate attention 161

weight across layers, independent of content. Wu 162

et al. (2025) develop a graph-theoretic analysis of 163

multi-layer attention and prove that causal mask- 164

ing inherently biases deeper layers toward earlier 165

sequence positions. Pascual et al. (2021) perform 166

layer-wise gradient attributions in BERT and ob- 167

serve that positional patterns persist across layers 168

despite extensive contextual mixing. Broader mech- 169

anistic reviews note that positional encodings (e.g., 170

RoPE, ALiBi) enable sequence awareness but can 171

induce superposition and interference in internal 172

representations (Marks et al., 2025). Thus, mecha- 173

nistic work reveals the presence of positional struc- 174

ture but stops short of isolating position as a causal 175

template and quantifying its layer-by-layer evolu- 176

tion during next-word prediction. 177

2.3 Layer-wise Importance in LLMs 178

A separate literature studies layer-wise attribution 179

and importance in transformers, typically with- 180
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out focusing on position. Ko et al. (2020) trace181

how learned answer-position bias propagates across182

BERT’s layers. Pascual et al. (2021) perform layer-183

wise gradient attributions in BERT and find that184

raw attention scores often diverge from attribution185

distributions, yet persistent “fingerprints” remain186

in how tokens influence later layers. Hou and Cas-187

tanon (2023) propose decoding hidden layers back188

to token space to produce layer-specific saliency189

maps that enhance interpretability. Other studies190

manipulate network structure to measure layer im-191

portance: Ikeda et al. (2025) redistribute or remove192

feed-forward subnetworks during pretraining and193

report that concentrating capacity in middle layers194

consistently improves downstream performance.195

Ferrando et al. (2022) introduce ALTI, which mea-196

sures token-to-token interactions per layer and ag-197

gregates them into input attribution scores. Despite198

these advances, layer-wise analyses have not ex-199

plicitly examined how positional features imprint200

on model behavior at each depth. Recently, Kong-201

manee (2025) begins to fill this gap by using a202

logit-lens approach across layers. Overall, while203

layer-wise methods have shown how information204

propagates, extracting a stable, position-dependent205

“template” of causal contribution across layers re-206

mains under-explored.207

3 Methodology208

This section describes how we compute position-209

resolved layer importance scores from transformer210

models and how these scores are aggregated to211

support the analyses presented in Section 4.212

3.1 Attribution via Conductance213

Objective. Our objective is to study how lan-214

guage models use information from different in-215

put positions when predicting the next word, and216

how this positional use of information is reflected217

across transformer layers. This requires a method218

that quantifies input contributions and relates them219

to layer-wise computations.220

Attribution-based analysis. Attention weights221

are often used to study positional effects, but they222

do not measure causal contribution to model out-223

puts and can be unreliable indicators of importance224

(Jain and Wallace, 2019; Serrano and Smith, 2019).225

Because our goal is to quantify how much infor-226

mation from each input position contributes to the227

prediction, we adopt an attribution-based approach.228

Conductance. Conductance is an attribution 229

method that extends Integrated Gradients by de- 230

composing input attribution through intermediate 231

network components (Dhamdhere et al., 2019). In 232

its original formulation, conductance scores are 233

summed across all input features, yielding a sin- 234

gle importance score per layer for the entire input 235

sequence. 236

Here, we adapt conductance to preserve word- 237

level and positional structure. We compute conduc- 238

tance at the token level for each layer, where tokens 239

refer to subword units produced by the model’s to- 240

kenizer. These token-level scores are normalized 241

within each individual input sequence across tokens 242

and then aggregated by summing over subword 243

tokens corresponding to the same surface word, 244

yielding word-level layer importance scores. We 245

perform analyses at the word level to reduce sensi- 246

tivity to model-specific tokenization artifacts and to 247

enable alignment with linguistic annotations such 248

as part-of-speech (POS) tags. 249

Formally, let f(x) denote the model’s output 250

logit for the predicted next token given input x, 251

and let x′ be a baseline input. For an input token 252

indexed by s, the raw conductance of layer ℓ with 253

respect to token s is defined as: 254

Condℓ(s) = (xs−x′
s)

∫ 1

0

∑
y∈Nℓ

∂f
(
x′ + α(x− x′)

)
∂y

· ∂y
∂xs

dα

(1) 255

where xs denotes the embedding of token s, x′s is 256

the corresponding baseline embedding, and Nℓ is 257

the set of neurons in layer ℓ. 258

For each layer, token-level conductance scores 259

are normalized across all input tokens: 260

C̃ondℓ(s) =
Condℓ(s)∑
s′ Condℓ(s′)

(2) 261

For a word wi composed of subword tokens S(i), 262

the word-level conductance of layer ℓ is then de- 263

fined as: 264

C(ℓ, wi) =
∑

s∈S(i)

C̃ondℓ(s) (3) 265

These word-level conductance scores quantify 266

how strongly information from each input word 267

contributes to the model’s prediction through each 268

transformer layer. 269

3.2 Sliding-Window Attribution 270

To study how models assign importance to dif- 271

ferent input positions, we compute conductance 272
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Figure 1: Conductance framework for positional bias. We move sliding windows over input text, extract layer
conductance for each word-position pair from each window, store them in tensor C ∈ RL×W×P , and aggregate
across words to obtain positional profiles C̄ℓ,p.

(our attribution method) over many inputs rather273

than a single sequence. However, comparing attri-274

bution scores across positions using independent275

sequences would be confounded by lexical and276

syntactic effects, as certain words or word types277

systematically appear in specific positions (e.g.,278

sentence-initial tokens). To control for this effect,279

we use a sliding-window approach (Figure 1).280

We move a window of length P = 10 across281

each text with stride one (Figure 1, left) and com-282

pute layer conductance for every window using the283

Captum library (Kokhlikyan et al., 2023; Miglani284

et al., 2023). We choose P = 10 to enable fine-285

grained positional analysis in short-context settings286

while ensuring sufficient context for meaningful287

next-token prediction. Results with P = 50 for288

two stories are provided in Appendix E, demon-289

strating consistency of positional patterns across290

window lengths.291

We remove boundary words from the analysis.292

After this removal, each relative position contains293

the same set of words. This construction allows294

us to compare conductance scores across positions295

while holding word identity constant, isolating po-296

sitional effects from lexical content.297

For each word w and layer ℓ, we collect conduc-298

tance scores by relative position:299

cℓ(w) =
(
cℓ(w, 1), cℓ(w, 2), . . . , cℓ(w,P )

)
,300

where cℓ(w, p) denotes the conductance assigned301

by layer ℓ to word w at relative position p within302

a window. Collecting these vectors across all303

words and layers forms a three-dimensional tensor304

C ∈ RL×W×P , where L is the number of layers, W305

is the number of words, and P is the window length306

(Figure 1, middle; the figure uses subscripted no-307

tation such as l1, w11 for specific indices). This308

representation preserves both word identity and309

relative position, and forms the foundation of all310

subsequent analyses.311

3.3 Positional Importance Profiles 312

To analyze how layers distribute importance across 313

input positions, we construct positional impor- 314

tance profiles by averaging word-level conductance 315

scores across words (Figure 1, right): 316

C̄ℓ,p =
1

W

W∑
w=1

Cℓ,w,p. (4) 317

For each layer ℓ, the vector C̄ℓ = (C̄ℓ,1, . . . , C̄ℓ,P ) 318

summarizes how importance is allocated across 319

relative input positions. 320

Between-input consistency. To verify that posi- 321

tional profiles are architectural rather than input- 322

specific, we compute the mean pairwise Pearson 323

correlation between the layer-wise positional pro- 324

files obtained from the natural texts and the ran- 325

domized word-shuffled baseline. 326

Primacy and recency metrics. To summarize 327

positional importance profiles using scalar mea- 328

sures, we define primacy and recency fractions. 329

Let P and R denote the sets of early (primacy) 330

and late (recency) relative positions, respectively, 331

defined as the first and last 20% of positions within 332

the window. For each layer ℓ, we define: 333

PrimFracℓ =

∑
p∈P C̄ℓ,p∑P
p=1 C̄ℓ,p

RecFracℓ =

∑
p∈R C̄ℓ,p∑P
p=1 C̄ℓ,p

(5) 334

These measures quantify the proportion of a layer’s 335

total importance assigned to early and late input 336

positions, respectively. 337

3.4 Word-level aggregation 338

Beyond positional structure, we analyze how layers 339

weight different word types by averaging conduc- 340

tance across all positions. For each layer ℓ and 341

word w, the position-averaged conductance is: 342

C̃ℓ,w =
1

P

P∑
p=1

Cℓ,w,p. (6) 343
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To characterize word-type preferences, we group344

words by POS using spaCy (Honnibal et al., 2020)345

and compute mean importance per POS category.346

We distinguish between content words (nouns,347

proper nouns, verbs, adjectives, adverbs) and func-348

tion words (pronouns, auxiliaries, determiners,349

prepositions, particles). For word-level analyses350

(Sections 4.3 and 4.4), we pool words across texts351

after position averaging. When grouping by POS352

category, we exclude the scrambled text to ensure353

that all texts contribute the same set of words for354

each category.355

3.5 Word-level layer dominance356

We define layer dominance by identifying, for each357

word and position, the layer assigning the maxi-358

mum conductance score:359

ℓ∗(w, p) = argmax
ℓ

Cℓ,w,p. (7)360

We also apply layer dominance after aggregating361

conductance scores over positions, yielding a dom-362

inant layer for each word.363

4 Experimental Setup and Results364

Datasets We analyze eight texts spanning three365

genres: two narrative stories (Pie Man and Shapes)366

from the Narratives dataset (Nastase et al., 2021),367

three Wikipedia articles from Wikipedia Monthly368

(Kamali and Labs, 2025), and three scientific ab-369

stracts from SciDocs (Thakur et al., 2021) (310-957370

words). We also include a scrambled version of Pie371

Man as a control. See Appendix A for details.372

Models We analyze four pretrained decoder-only373

transformers: GPT-2 (Radford et al., 2019) (124M,374

12 layers), GPT-Neo-2.7B (Black et al., 2021)375

(32 layers), Phi-2 (Gunasekar et al., 2023) (2.7B,376

32 layers), and Llama-3-8B (Meta AI, 2024) (32377

layers). For the P=50 robustness analysis (Ap-378

pendix E), we use Llama-3.2 (Meta, 2024) (1B,379

16 layers), instead of Llama-3-8B due to compu-380

tational constraints. These models vary in scale381

(124M to 8B parameters), depth (12 to 32 layers),382

and training data (WebText, The Pile, curated syn-383

thetic data, large-scale web corpora), enabling as-384

sessment of positional bias patterns across archi-385

tectures. All models use learned positional em-386

beddings and causal masking. We use pretrained387

checkpoints without fine-tuning.388

4.1 Layer-wise Importance Profiles Across 389

Positions 390

We first examine how importance is distributed 391

across relative input positions at different depths 392

of the model. Figure 2 shows layer-wise positional 393

importance profiles for several language models 394

on the Pie Man story, computed using normalized 395

layer conductance and averaged over words (re- 396

sults for other texts, scrambled version, and layer- 397

position heatmaps (mean and variance) are pro- 398

vided in Appendix B and Appendix C). 399

Progressive Recency Across models, positional 400

importance increases monotonically toward more 401

recent input positions, with all layers assigning 402

higher importance to tokens closer to the predic- 403

tion point. This effect strengthens with depth: later 404

layers increasingly concentrate importance on the 405

most recent positions, and the final layer assigns 406

all importance to the immediately preceding token. 407

This reflects how information flows through autore- 408

gressive transformers: as later positions accumulate 409

context from earlier positions through successive 410

layers of attention, deeper layers can rely primarily 411

on recent representations that already encode the 412

necessary information from earlier tokens. 413

Primacy and Anchoring In addition to the domi- 414

nant recency trend, GPT-2, GPT-Neo, and Llama-3 415

exhibit a persistent elevation of importance at the 416

first or second position. This pattern aligns with 417

the "Attention Sink" hypothesis (Xiao et al., 2024), 418

suggesting that these architectures utilize initial 419

tokens as computational anchors to stabilize inter- 420

nal representations. Notably, Phi-2 deviates from 421

this pattern, showing elevated importance at initial 422

positions only in the final few layers, suggesting 423

architectural variation in how models process early- 424

context information. 425

Mid-Window Convergence Despite architec- 426

tural differences, positional importance profiles 427

converge near the middle of the input window (ap- 428

proximately position 6), particularly in interme- 429

diate layers. At this position, importance values 430

across models and layers become nearly indistin- 431

guishable, suggesting reduced sensitivity to archi- 432

tectural differences in the middle of the context 433

window. 434

These results indicate that layers differentially 435

weight positional information as representations 436

are transformed through the network. In the follow- 437

ing sections, we quantify these positional patterns, 438
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Figure 2: Layer-wise positional importance profiles across models for the Pie Man story. For each model and
layer, curves show conductance scores averaged over words as a function of input position. Each subplot shows
a consecutive layer pair (e.g., L1-2), with odd layers in lighter shades and even layers in darker shades for visual
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Figure 3: Cross-story consistency of positional impor-
tance profiles. Mean pairwise Pearson correlation be-
tween profiles across inputs for each layer. Correlations
exceed 0.99 across all models, indicating text-invariant
positional profiles.

assess their consistency across stories, and com-439

pare the strength of primacy and recency effects440

across models.441

4.2 Positional Bias Beyond Text Content442

To test whether positional profiles depend on se-443

mantic content, we compare them across eight natu-444

ral texts and a scrambled control where word order445

is randomized.446

Mean pairwise correlations exceed r > 0.99 for447

every layer across all models (Figure A22), includ-448

ing comparisons between natural and scrambled449

text. The persistence of these profiles, even when450

semantic and syntactic dependencies are destroyed,451

demonstrates that the allocation of importance is452

not dictated by the location of meaningful words,453

but by a stable architectural template.454

We therefore characterize this behavior as an455

intrinsic positional bias: a systematic weighting of456

information driven primarily by relative position457
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Figure 4: Evolution of positional bias across layers. (a)
Recency fraction. (b) Primacy fraction. Patterns are av-
eraged across all texts; recency increases monotonically
with depth across all models.

rather than semantic content. 458

Layer Specialization via Positional Metrics We 459

characterize the evolution of positional bias across 460

models using the Recency and Primacy metrics de- 461

fined in Section 3.3. Recency bias increases mono- 462

tonically with depth across all models (Figure 4a). 463

While early layers distribute causal mass broadly 464

(recency ≈ 0.3–0.4), later layers progressively con- 465

centrate on the immediate context, with the final 466

layer allocating nearly 100% of its contribution to 467

the last token. 468

In contrast, primacy bias follows an inverse 469

trend, peaking in early layers before stabilizing at 470

lower levels in middle and late layers (Figure 4b). 471
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Figure 5: Position-averaged layer importance by part-of-speech (POS) category. Layer conductance is computed at
the word level and averaged over positions before aggregation within POS groups.

Most layers assign less than 15% of their impor-472

tance to early positions. However, the magnitude473

varies by architecture: Llama-3 and GPT-Neo show474

strong initial anchoring (primacy > 0.25), whereas475

Phi-2 exhibits consistently low primacy, and GPT-476

Neo displays a distinct oscillation in the early lay-477

ers.478

These patterns align with recent attribution-479

based findings (Proietti et al., 2025), but we extend480

them by establishing text-invariance and charac-481

terizing layer-wise evolution. Furthermore, while482

Veseli et al. (2025b) suggest that recency dominates483

as inputs approach the context window limit, we484

show that this dominance is the default operating485

mode of the architecture, evident even in short, un-486

constrained contexts. This suggests that positional487

bias reflects a fundamental architectural tendency,488

rather than arising solely as a response to challeng-489

ing or long-context inputs.490

While the general trend is consistent across mod-491

els, the observed divergences may reflect a combi-492

nation of architectural and training-related factors.493

Architectural choices—such as positional encoding494

schemes or attention mechanisms that emphasize495

boundary tokens—have been shown to shape posi-496

tional sensitivity in transformers (Su et al., 2024;497

Wu et al., 2025). In addition, training data distri-498

butions may imprint systematic patterns of human499

communication onto model weights (Itzhak et al.,500

2024; Raimondi and Gabbrielli, 2025). For ex-501

ample, GPT-Neo’s oscillatory primacy aligns with502

its alternating local/global attention layers (Black503

et al., 2021), while Phi-2’s reduced primacy may504

reflect its curated training data (Gunasekar et al.,505

2023).506

4.3 Word-Level Layer Importance After507

Positional Averaging508

We previously showed that each model layer ex-509

hibits a positional importance profile, describing510

how its contribution to next-token prediction varies511

as a function of word position, largely independent512

of semantic content. Here, we ask a complemen- 513

tary question: do layers consistently allocate more 514

importance to certain types of words, regardless of 515

where those words appear in the input? 516

Using position-averaged conductance scores 517

grouped by POS (Section 3.4), we examine layer- 518

by-POS importance profiles (Figure 5). Patterns 519

are nearly identical across all models. 520

Because the final layer concentrates all impor- 521

tance on the single position immediately preceding 522

the prediction, averaging across positions yields the 523

same mean importance for all words and POS cat- 524

egories in this layer (1/P , where P is the context 525

window length). This value provides a reference 526

point for interpreting deviations observed in earlier 527

layers. 528

Across POS categories, early layers (blue) show 529

substantial deviations from this reference value, 530

whereas deeper layers (red) increasingly converge 531

toward it. In particular, content words (e.g., nouns 532

and verbs) receive consistently higher average im- 533

portance than the reference value across multiple 534

early and middle layers. This indicates that early 535

layers are more sensitive to word identity and lexi- 536

cal content. 537

In contrast, function words (e.g., determiners 538

and prepositions) receive importance values at or 539

below the reference level across layers, indicating 540

that they are generally less influential for prediction 541

once positional effects are removed. As depth in- 542

creases, differences between POS categories dimin- 543

ish, suggesting reduced word-type differentiation 544

in later layers. 545

Together, these results show that word-type sen- 546

sitivity is primarily a property of early processing 547

stages. After positional effects are marginalized, 548

early layers continue to differentiate between con- 549

tent and function words, while deeper layers con- 550

verge toward a uniform allocation of importance in 551

which word identity plays a limited role. This pat- 552

tern indicates that positional structure increasingly 553

dominates layer behavior with depth. 554
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Figure 6: Distribution of dominant layers (highest conductance per word). (a) By position: percentage of words at
each position dominated by each layer. (b) By part-of-speech (POS) (position-averaged): percentage of words in
each POS category dominated by each layer. Early layers dominate the largest proportion of words at all positions.
Later layers dominate only a small proportion, which increases toward the prediction point. Content words are
dominated by early layers; function words by later layers.

4.4 Word-Level Layer Dominance555

We further analyze positional effects at the level556

of individual words by identifying the model layer557

that assigns the highest conductance score to each558

word. We refer to this as the word’s dominant layer.559

Layer Dominance by Position We first com-560

puted the dominant layer for each word–position561

pair. Figure 6a shows the percentage of words at562

each position dominated by each layer, pooling563

words across natural texts and scrambled text. The564

dominant layers shift continuously with input posi-565

tion.566

Across all models, early layers dominate the567

largest proportion of words at all positions. Later568

layers dominate only a small proportion, which in-569

creases toward the prediction point. This suggests570

that early layers maintain a universal information-571

gathering role across all input positions.572

When we examined each text separately, the dis-573

tribution of dominant layers at each position re-574

mained consistent (Appendix Figures D). This con-575

sistency complements but differs from Section 4.2576

in an important way. Section 4.2 demonstrated577

that each layer’s conductance profile across posi-578

tions is stable (e.g., Llama-3’s Layer 1 consistently579

shows high importance at Position 1 across all in-580

puts). Here, we show that at each position, the581

relative dominance ranking of layers is stable (e.g.,582

at Position 1, Llama-3’s early layers consistently583

dominate). Together, these findings confirm that po-584

sitional bias reflects architectural properties rather 585

than semantic content. 586

Layer Dominance by POS To examine word- 587

type effects, we averaged conductance scores 588

across positions (Section 3.4) and identified the 589

dominant layer for each word after this aggrega- 590

tion. We then grouped words by POS category 591

(Figure 6b). Content words (e.g., nouns and verbs) 592

were more frequently dominated by earlier lay- 593

ers, whereas function words (e.g., determiners and 594

prepositions) were more frequently dominated by 595

later layers in GPT-2, GPT-Neo, and Phi-2, consis- 596

tent with prior findings in GPT-2 (Rahimi et al., 597

2025). This effect was weaker in Llama-3, re- 598

vealing architectural variation. This aligns with 599

our position-averaged word-level analysis (Sec- 600

tion 4.3), where content words showed higher 601

early-layer importance and function words showed 602

higher late-layer importance. 603

4.5 Coclusion 604

We show that LLM layers exhibit stable positional 605

importance profiles in short-context next-word pre- 606

diction, indicating a form of positional bias that 607

is intrinsic to model architecture. We also ob- 608

serve layer-specific word-level effects: early lay- 609

ers assign the highest conductance to most words 610

across all positions and preferentially weight con- 611

tent words, whereas later layers lose word-type sen- 612

sitivity and increasingly concentrate importance on 613

recent positions. 614
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5 Limitations615

This study focuses on positional importance in616

short-context next-word prediction and is subject617

to several limitations.618

First, our analyses are restricted to relatively619

short contexts. While this setting allows precise,620

token-level characterization of positional effects,621

the observed positional importance profiles may622

differ in longer contexts or in tasks that require623

explicit reasoning, retrieval, or discourse-level624

planning. Extending the analysis to long-context625

regimes and tasks beyond next-word prediction re-626

mains an important direction for future work.627

Second, we examine a limited set of autoregres-628

sive transformer models. Although the consistency629

of the observed positional patterns across models630

suggests the effect is not model-specific, our find-631

ings may not generalize to architectures with sub-632

stantially different inductive biases, such as en-633

coder–decoder models, architectures with alterna-634

tive positional encoding schemes, or models with635

non-standard attention mechanisms.636

Third, our analysis relies on layer conductance637

as a proxy for layer importance. While conduc-638

tance provides a principled and path-integrated at-639

tribution method, it remains an approximation of640

internal computation and does not establish causal641

necessity or identify the specific architectural com-642

ponents that give rise to these patterns. Different643

attribution methods may emphasize complemen-644

tary aspects of model behavior, and our conclu-645

sions should be interpreted in the context of this646

methodological choice.647

Finally, word-type analyses are based on part-648

of-speech categories and averaging procedures.649

Although these analyses reveal systematic layer-650

specific tendencies, they do not capture finer-651

grained syntactic distinctions (e.g., argument struc-652

ture, dependency relations) or semantic distinctions653

(e.g., lexical semantic classes), nor do they account654

for interactions between word type and broader655

discourse structure.656
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A Dataset Details839

We analyzed eight natural texts across three genres,840

plus one scrambled control text.841

Narrative Stories. We used two stories from the842

Narratives dataset (Nastase et al., 2021): Pie Man843

(957 words) and Shapes (910 words). This dataset844

contains naturalistic spoken narratives transcribed845

to text. We used the original word order without846

additional preprocessing.847

Encyclopedic Articles. Three articles randomly848

selected from the English Wikipedia Monthly849

dataset (Kamali and Labs, 2025): Alabama, Albedo,850

Anarchism, with 735, 310, and 703 words respec-851

tively after cleaning.852

Scientific Abstracts. Three abstracts randomly853

selected from the SciDocs corpus (Thakur et al.,854

2021): Paper titles The importance of drawing in855

the mechanical design process, Learning Agents for856

Uncertain Environments (Extended Abstract), and857

The Intersecting Roles of Consumer and Producer,858

with 794, 739, and 793 words respectively.859

Scrambled Control. We created a scrambled ver-860

sion of the Pie Man story by uniformly shuffling861

its word sequence. This control tests whether posi-862

tional patterns persist independent of meaningful863

content.864
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B Positional Importance Profiles: Additional Texts865

B.1 Narrative Stories866
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Figure A1: Shapes: Layer-wise positional importance profiles. Conductance scores averaged over words as a
function of position. Patterns are similar to those observed in Figure 2.

B.2 Scrambled Control867
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Figure A2: Scrambled Pie Man: Layer-wise positional importance profiles. Despite scrambling, similar recency
and primacy peaks are observed.
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B.3 Wikipedia Articles 868
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Figure A3: Wikipedia Article 1: Layer-wise positional importance profiles.
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Figure A4: Wikipedia Article 2: Layer-wise positional importance profiles.
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Figure A5: Wikipedia Article 3: Layer-wise positional importance profiles.
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B.4 Scientific Abstracts869
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Figure A6: Scientific Document 1: Layer-wise positional importance profiles.
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Figure A7: Scientific Document 2: Layer-wise positional importance profiles.
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Figure A8: Scientific Document 3: Layer-wise positional importance profiles.
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C Layer-Position Heatmaps 870

C.1 Mean Conductance Heatmaps 871
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Figure A9: Layer-position heatmaps showing mean conductance. Mean conductance scores across layers (rows)
and positions (columns) for each model and story. Heatmaps facilitate direct comparison of layer importance across
positions.
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Figure A10: Layer-position heatmaps showing mean conductance. Mean conductance scores across layers (rows)
and positions (columns) for each model and story.
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Figure A11: Layer-position heatmaps showing mean conductance. Mean conductance scores across layers (rows)
and positions (columns) for each model and story.
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C.2 Variance Heatmaps872

Heatmaps visualize conductance across layers (rows) and positions (columns), providing an alternative873

view of positional importance patterns.
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Figure A12: Layer-position heatmaps showing variance in conductance. Variance in conductance scores across
layers (rows) and positions (columns) for each model and story. Shows positional stability of layer contributions.
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Figure A13: Layer-position heatmaps showing variance in conductance. Variance in conductance scores across
layers (rows) and positions (columns) for each model and article.
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Figure A14: Layer-position heatmaps showing variance in conductance. Variance in conductance scores across
layers (rows) and positions (columns) for each model and document.
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D Layer Dominance Analysis by Text 875

D.1 Layer Dominance by Position 876
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Figure A15: Distribution of dominant layers across input positions for individual inputs. Each panel shows the
percentage of words dominated by each layer at each position. Rows show Pie Man (top), Shapes (middle), and
Scrambled Pie Man (bottom). Columns show GPT-2, GPT-Neo, Phi-2, and Llama-3.
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Figure A16: Distribution of dominant layers across input positions for individual inputs. Each panel shows
the percentage of words dominated by each layer at each position. Rows show Wikipedia Articles. Columns show
GPT-2, GPT-Neo, Phi-2, and Llama-3.
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Figure A17: Distribution of dominant layers across input positions for individual inputs. Each panel shows the
percentage of words dominated by each layer at each position. Rows show Scientific Documents. Columns show
GPT-2, GPT-Neo, Phi-2, and Llama-3.

D.2 Cross-Text Consistency877
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Figure A18: Cross-story consistency of layer dominance patterns. Mean pairwise Pearson correlation of layer
dominance distributions. Correlations exceed r > 0.8, confirming architectural determination.
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E Robustness to Window Length:878

Analysis with P=50879

To verify that our findings are robust to window880

length, we repeated all analyses with P = 50881

on two representative texts: Pie Man and Shapes.882

All key patterns replicate with the longer window,883

demonstrating that positional bias reflects intrin-884

sic architectural properties independent of window885

length.886

E.1 Positional Importance Profiles (P=50)887
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Figure A19: Pie Man (P=50): Layer-wise positional importance profiles. Patterns replicate those observed with
P = 10 (main text Figure 2).
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Figure A20: Shapes (P=50): Layer-wise positional importance profiles. Patterns consistent with P = 10 analysis.
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Figure A21: Scrambled Pie Man (P=50): Layer-wise positional importance profiles. Despite scrambling, positional
patterns persist as with P = 10.

E.2 Cross-Text Consistency (P=50)888
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Figure A22: Cross-text consistency (P=50). Mean pairwise Pearson correlation between positional profiles across
texts for each layer. Correlations exceed r > 0.99 across all models, replicating text-invariance with longer
windows.

E.3 Primacy and Recency Evolution (P=50)889
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Figure A23: Primacy and recency evolution (P=50). (a) Recency fraction. (b) Primacy fraction. Patterns averaged
across texts. Recency increases monotonically with depth; primacy remains weak, replicating P = 10 findings.
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E.4 Word-Level Layer Importance (P=50) 890
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Figure A24: Position-averaged importance by POS (P=50). Layer conductance averaged over positions, aggre-
gated by POS category. Content words receive higher importance in early layers, consistent with P = 10 analysis.

E.5 Layer Dominance (P=50) 891
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Figure A25: Layer dominance by position (P=50). Percentage of words at each position dominated by each layer.
Early layers dominate most words at all positions, replicating P = 10 patterns.
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Distribution of Dominant Layers Across POS Categories (Position-Averaged)

Figure A26: Layer dominance by POS (P=50). Percentage of words in each POS category dominated by each layer
(position-averaged). Content words dominated by early layers; function words show more distributed dominance,
consistent with P = 10.

E.6 Summary 892

All key findings from P = 10 analysis replicate with P = 50: text-invariant profiles (r > 0.99), 893

monotonic recency increase with depth, weak and diminishing primacy, early layer dominance across 894

positions, and word-type sensitivity in early layers. 895
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