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Abstract

Prior work has demonstrated that language001
models encode syntactic structure, but the op-002
erations by which they form syntactic depen-003
dencies remain poorly understood. This pa-004
per investigates the internal procedures under-005
lying long-distance dependency formation us-006
ing activation patching. Analyzing four depen-007
dency types across model sizes, we find that008
small models rely on broadly similar attention-009
based heuristics, whereas larger models ex-010
hibit differentiated operational pipelines: non-011
displacement dependencies involve attention-012
based marking of structurally illicit positions,013
while displacement dependencies do not. These014
patterns are robust to dependency length. Our015
results suggest that increasing model size leads016
to a human-like distinction between displace-017
ment and non-displacement dependencies, im-018
plemented via different internal operations.019

1 Introduction020

There is an active debate as to whether language021

models (LMs) encode syntactic structure in a way022

that goes beyond surface-level regularities (Linzen023

and Baroni, 2021). A line of work on structural024

probing has shown that Transformer-based models025

(Vaswani et al., 2017) capture hierarchical relations026

between tokens, such as syntactic trees, in their in-027

ternal representations (Hewitt and Manning, 2019;028

Clark et al., 2019). These results suggest that LMs029

are capable of representing syntactic structure in a030

human-interpretable manner.031

More recently, several studies have moved be-032

yond representational analyses and examined the033

internal computations that give rise to grammati-034

cal generalization (Boguraev et al., 2025; Hanna035

et al., 2025). These works indicate that grammati-036

cal behavior in LMs may be supported by specific037

subnetworks or computational pathways. However,038

it remains unclear what procedures LMs implement039

when forming syntactic dependencies and how such040

Non-displacement Dependencies
Negative Polarity Items (NPI)
No student who the teacher scolded reluctantly submitted any notebooks.

Reflexive Antecedent
The man who the woman predominantly dislikes oddly admired himself.

Displacement Dependencies
Wh-dependencies
Which student did the man who the woman oddly praises admired t ?

Cleft
It is the man that the woman who the student oddly praises admired t.
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Figure 1: Overview of dependency types and analytical
focus. We investigate how language models form non-
displacement and displacement dependencies, shifting
the focus from syntactic representations to the internal
operations.

procedures generalize across constructions. In this 041

paper, we focus on the internal workings when 042

models resolve long-distance dependencies, which 043

require structure-sensitive relations between non- 044

adjacent elements. We consider four dependency 045

types: two non-displacement dependencies (Nega- 046

tive Polarity Items and reflexive binding) and two 047

displacement dependencies (wh-dependencies and 048

clefts), illustrated in Figure 1. While these depen- 049

dencies differ in their grammatical properties, they 050

share similar hierarchical configurations. 051

If LMs genuinely generalize syntactic structure, 052

then the procedures that establish such dependen- 053

cies (hereafter referred to as operations) should be 054

structure-sensitive and exhibit convergence across 055

conditions. In particular, we ask whether these op- 056
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erations generalize across dependency types and057

remain stable under variations in linear factors such058

as dependency length. If so, this would suggest that059

LMs implement generalized mechanisms for depen-060

dency formation rather than construction-specific061

heuristics.062

Accordingly, this paper addresses the following063

research questions:(a) Are the operations under-064

lying dependency formation in LMs convergent065

and how is their degree of generalization, and (b)066

to what extent these operations structure-sensitive067

rather than relying on linear heuristic cues?068

To answer these questions, we employ causal069

intervention techniques from mechanistic in-070

terpretability, in particular activation patching071

(Nanda, 2023; Zhang and Nanda, 2024). We ana-072

lyze three GPT-2 models (small, medium, large) to073

investigate how operational organization changes074

with scale.075

Our analyses reveal that small models rely on076

broadly similar attention-based operations across077

dependency types, suggesting limited operational078

specialization. In contrast, larger models ex-079

hibit differentiated operational pipelines: non-080

displacement dependencies involve attention-based081

marking of structurally illicit positions, while dis-082

placement dependencies are resolved without such083

attention-based marking. These findings indicate084

that model scaling leads to increasingly special-085

ized and partially structure-sensitive operations for086

syntactic dependency formation.1087

2 Related Work088

2.1 Structural Probing089

It has been demonstrated that syntactic information090

is encoded in the stage of token embedding (He-091

witt and Manning, 2019; Clark et al., 2019; Diego-092

Simón et al., 2025). Supervised methods revealed093

that when learned to produce the syntactic label094

based on the linear distance of input tokens in vec-095

tor space, Transformer-based models achieve the096

assignment of valid syntactic labels to the upcom-097

ing outputs. This strongly suggests that LLMs have098

a generalized capacity to capture syntactic structure099

by means of some mapping of hierarchical struc-100

tures of input data into linear distance relationships.101

Our focus turns to the operations for syntactic de-102

pendencies or how the operations are generalized103

1All datasets and analysis code will be released upon pub-
lication.

in the models’ internal neural networks (Davies 104

and Khakzar, 2024). 105

2.2 Circuits for Formal Linguistic Tasks 106

Along the line of mechanistic interpretability, sev- 107

eral studies have demonstrated the computational 108

generalization of linguistic capabilities by compar- 109

ing the performance of formal linguistic tasks with 110

the one of non-linguistic tasks (Finlayson et al., 111

2021; Wang et al., 2022; Hanna et al., 2023, 2025; 112

Chowdhary et al., 2025). Most of the previous 113

works utilize causal intervention methods, which 114

this paper also adopts. 115

A recent work (Hanna et al., 2025) demonstrated 116

by means of an Edge Attribution Patching (EAP) 117

method that circuits for formal and functional lin- 118

guistic tasks are independent of each other. An- 119

other recent work (Chowdhary et al., 2025) found 120

that minimal sets of attention heads necessary for 121

grammatical abilities are separated from other tasks 122

such as arithmetic tasks. These studies indicate that 123

LLMs are able to encode some syntactic or gram- 124

matical information in some form independently of 125

other capacities. 126

Nevertheless, these studies leave open the ques- 127

tion of whether structural dependencies are re- 128

solved in terms of independent and convergent sub- 129

sets of operations. Although Hanna et al. (2025) 130

focus on some structural dependencies such as 131

subject-verb agreement and negative polarity items, 132

it is still unclear which parts of the components 133

overlap within these structure-based tasks. 134

2.3 Linguistic Generalizations 135

There are several studies showing that transformer- 136

based LMs reach to hierarchical generalization by 137

means of some unified or convergent subset of neu- 138

ral networks (Bhaskar et al., 2024; Ahuja et al., 139

2025; Kumon and Yanaka, 2025; Boguraev et al., 140

2025). 141

Probing methods such as pruning analysis prove 142

that pre-trained transformer-based LMs utilize con- 143

vergent subnetworks generalized to syntactic infor- 144

mation (Ahuja et al., 2025; Kumon and Yanaka, 145

2025). Ahuja et al. (2025) show that only pre- 146

trained LMs, not other linear-order-based models 147

(e.g., Seq2seq, prefix-LM), exhibit structurally gen- 148

eralized subnetworks in terms of several syntactic 149

tasks. Kumon and Yanaka (2025) conclude that 150

the sub-networks extracted by a probing method 151

are partially structure-sensitive since deleting struc- 152

tural information degrades their performance. 153
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In a similar vein as the current study, Boguraev154

et al. (2025) show that pre-trained LMs capture155

filler-gap dependencies (i.e., wh-dependencies, top-156

icalization, or cleft) by means of supervised meth-157

ods called Distributed Alignment Search (DAS)158

(Arora et al., 2024). They prove that LMs are159

somewhat generalized to long-distance dependen-160

cies from the perspective of causal interventions.161

The results are important in that they reveal the162

LMs’ generalization of long-distance dependencies163

with syntactic displacement of the target element.164

These approaches, however, do not address the165

issue of how extracted subnetworks achieve syntac-166

tic generalizations to long-distance and structure-167

sensitive dependencies. Since these studies fo-168

cus on shorter distance dependencies (Ahuja et al.169

(2025); auxiliary-fronting, object promotion, and170

so on, Kumon and Yanaka (2025); the modifica-171

tion of prepositional phrases to noun phrases such172

as Subject + PP), it is unclear whether such gen-173

eralized sub-networks are operationally identical.174

More specifically, it is not clear what kind of opera-175

tions or rules underlie the syntactic generalizations176

obtained by these probing methods. Boguraev et al.177

(2025) do not delve into the procedure of form-178

ing these filler-gap dependencies. It is still unclear179

which components involve which operations, and180

to what extent these operations do converge or gen-181

eralize in terms of their functions.182

3 Methods183

3.1 Our Primary Focus184

In contrast to prior studies, our primary focus is to185

examine the internal operations by which language186

models resolve different types of structural depen-187

dencies, and to assess how consistently these oper-188

ations are instantiated across model sizes. Specifi-189

cally, we investigate whether the same operational190

pipelines are preserved as model size increases,191

and whether the degree of generalization across192

dependency types changes with scale.193

We focus on non-displacement dependencies194

(Negative Polarity Item, NPI and reflexive binding)195

and displacement dependencies (wh-dependency196

and cleft), both of which are assumed to be197

strictly structure-sensitive long-distance dependen-198

cies (Reinhart, 1976; Lizzi, 2025).199

Given the purpose, we conduct a series of patch-200

ing analyses with quantitative evaluations as in Fig-201

ure 2. First, we identify a subset of components cru-202

cial for forming long-distance dependencies by us-203

A. Causal intervention methods (Activation Patching)

Negative Polarity Items

B.  Our analyses
1. Identifying Attention Mass

2. Generalization Analyses

Reflexive resolution Wh-dependency Cleft

TKN5

TKN4

TKN3

TKN2

TKN1

Layerwise Attention Mass

Attention Mass to Matrix Subject

L1 L2 ... L11 L12

High attribution heads

Attention Mass to Matrix Subject

L1 L2 ... L11 L12

Dependency Length

TKN5

TKN4

TKN3

TKN2

TKN1

Attention Mass to Each Role Token

Subj Relative Clause ... Target

Subj Relative Clause + PP ... Target

Subj Relative Clause + PP + Adv ... Target

Figure 2: The pipeline of the experiments: after ex-
tracting heads with high contribution via patching anal-
ysis (A), we analyze the attention pattern of these heads
(B.1), and evaluate the effects of length conditions (B.2).

ing patching methods (Nanda, 2023; Heimersheim 204

and Nanda, 2024; Zhang and Nanda, 2024). Sec- 205

ond, we extract the function of the identified com- 206

ponents by focusing on their attention pattern. Fi- 207

nally, we evaluate the extent to which the extracted 208

components and attention patterns are robust to 209

length conditions. 210

3.2 Patching Methodologies 211

This paper uses activation patching, a direct causal 212

intervention method (Nanda, 2023; Goldowsky- 213

Dill et al., 2023; Heimersheim and Nanda, 2024; 214

Zhang and Nanda, 2024). Under this method, the 215

contribution of each component is identified by 216

replacing internal activations of a neural network 217

with that of another one, as exemplified in Figure 3. 218

The method relies on minimal clean–corrupted in- 219

put pairs, allowing us to isolate subtle but mean- 220

ingful differences. Table 1 shows an example of 221

a clean–corrupted pair for NPI licensing (the full 222

dataset is given in Appendix A). In the clean input, 223

the licenser “no” appears in a structurally valid sub- 224

ject position, enabling a dependency with the target 225

token “any”. In the corrupted input, this position 226

is occupied by “some”, rendering the dependency 227

ungrammatical. 228

A key advantage of this method is (a) that it 229

does not require explicit feature extraction, unlike 230

other supervised intervention methods (Vig et al., 231

2020; Geiger et al., 2021), and (b) that we can 232

directly understand the effects of each component 233

compared to linear approximation methods (Nanda, 234
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Activation Patching

some any some any

some any

some anyClean input:
No student who some teachers scolded ...

Corrupted input:
Some student who no teachers scolded ...

High Contribution

Low Contribution

Output probability Output probability

Patch

After
Patching

Figure 3: An example of (denoising) patching analysis:
A component in clean inputs is patched to the one in
corrupted inputs.

Clean No student who some teachers scolded [any]

Corrupted Some student who no teachers scolded [any]

Table 1: An example of clean–corrupted pairs (NPI):
The bold-faced tokens indicate the locus of the minimal
difference between the inputs. The bracketed token
([any]) marks the target of the analysis. Logit analyses
are applied to the model output at the target position.

2023; Syed et al., 2023; Hanna et al., 2025).235

After patching a component from the clean input236

into the corrupted one, we evaluate changes in the237

model’s output probability (logit) at the target to-238

ken. If the patched output recovers toward the clean239

prediction, the patched component is interpreted as240

causally contributing to the dependency.241

3.3 Basic Analyses242

In order to understand the operational natures of243

heads extracted via patching, we conduct the fol-244

lowing evaluations as the default analysis: (a) head245

distribution and (b) attention patterns.246

Head Distributions First, we evaluate the over-247

all distribution pattern of heads, and to what extent248

they overlap with each other. The purpose of the249

analysis is to roughly check the overall distribu-250

tion and whether the head position converges on251

similar patterns. Second, the number of highly con-252

tributing heads and their rate are examined. The253

analysis aims to identify the number of building254

blocks for operations, and test whether the distribu-255

tion converges on a similar pattern within or across256

dependency types.257

Attention Pattern Finally, we analyze the atten-258

tion patterns of heads identified by patching (Ap-259

pendix B.1; Figure 2) to characterize their func-260

tional roles in dependency resolution. We compare261

attention mass before and after patching, as well262

as its layer-wise distribution, in order to examine263

how dependency-related information is allocated264

across heads and layers. The goal of this analysis265

is to determine whether the functions of highly con- 266

tributing heads and their associated operations are 267

consistent across dependency types. 268

3.4 Dependency Length Analysis 269

We analyze the robustness of the extracted heads 270

and their attention patterns. Specifically, we control 271

the length of dependency (Linear conditions, B.2 272

in Figure 2). The purpose of the analysis is to 273

evaluate whether an extracted subset of operations 274

generalizes over these sentential conditions. 275

4 Experimental Setting 276

4.1 Dataset 277

We focus on four different types of dependency 278

(Negative Polarity Items, Reflexive resolution, Wh- 279

dependencies, and cleft) and set 300 sentences per 280

dependency type. 281

For non-displacement dependencies, we use sen- 282

tences with a configuration “Subj + Relative clause 283

+ V + Obj,” where the key token is in a matrix sub- 284

ject position, and the target item is set in a matrix 285

object position. For displacement dependencies, 286

sentence structures are adapted to the respective 287

constructions (see Table 3 in Appendix A.1). 288

Role Tokens Upon conducting the experiment, 289

we assign a role label to each token based on its 290

syntactic constituent. This abstraction is motivated 291

by the fact that the number and type of tokens 292

involved in forming a dependency vary across de- 293

pendency types. The tokens that establish a de- 294

pendency (e.g., licensors or binders) and those that 295

intervene structurally differ between NPI, reflexive, 296

wh-, and cleft dependencies. 297

In particular, tokens that are crucial for establish- 298

ing dependencies are labeled as role_key, while 299

dependency targets are labeled as role_target. 300

All analyses of attention patterns and attention 301

mass are performed over these role tokens. Ex- 302

amples of role assignments for each dependency 303

type are provided in Appendix B.1. 304

Negative Polarity Items (NPI) In clean inputs, 305

the role_key token is “no” and the role_target 306

is “any”, which requires the negation item in a 307

structurally valid position. In corrupted inputs, the 308

key position is occupied by “some”, which is the 309

relative clause subject in clean inputs. 310

Reflexive resolution In clean inputs, the 311

role_key is a noun with gender features (e.g., “the 312
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man”) and the role_target position is the corre-313

sponding reflexives (e.g., “himself”). In corrupted314

inputs, incorrect gender nouns are set to the key315

token position (e.g., “herself”).316

Wh-depepdencies In clean inputs, the role_key317

is an animate wh-element (e.g., “which man”) and318

the role_target is a matrix verb, which is se-319

mantically compatible with the sentence-initial wh-320

word. In corrupted inputs, the key token is an inan-321

imate wh-element (e.g., “which book”), which is322

semantically incompatible with the target token.323

Cleft In clean inputs, the role_key is an animate324

NP and the role_target is a verb in that-clause,325

which is semantically compatible with the key to-326

ken. In corrupted inputs, the key position is an327

inanimate noun, which is not compatible with the328

verb.329

4.2 Setup330

Models We analyze three pretrained GPT-2 vari-331

ants: GPT-2 small (12 layers and 12 heads), GPT-2332

medium (24 layers, 16 heads), and GPT-2 large (36333

layers, 20 heads). This allows us to examine how334

the internal mechanisms supporting dependency335

resolution evolve as model capacity increases.336

Patching We use transformer lens (Nanda,337

2023) package to perform the patching analyses.2338

This paper uses both denoising patching (Heimer-339

sheim and Nanda, 2024). In denoising patching,340

components in clean inputs are patched to ones in341

corrupted outputs. After patching a component, we342

evaluate the change in logit probability of corrupted343

output at the target tokens.3 Patching is applied to344

prediction tasks that require the model to generate345

a specific target token (role_target), to identify346

which internal components causally contribute to347

dependency formation.348

We perform patching at the level of head ac-349

tivations and attention patterns, identifying high-350

contribution heads via value-only patching and351

evaluating their attention patterns (Equation 1).352

patternℓ,h(i, j) = softmax
(
Qℓ,h(i) ·Kℓ,h(j)√

d

)
(1)353

A pattern of head h at a layer l is obtained by apply-354

ing a softmax function to the dot product between355

2https://transformerlensorg.github.io/
TransformerLens/

3The details of patching analysis including its algorithm
and dataset are given in Appendix A.

its query and key vectors, excluding value vectors. 356

Dependency Length Analyses In linear condi- 357

tions, the distance between the role_key and the 358

target token is manipulated by inserting interven- 359

ing material. Specifically, temporal adverbials or 360

locative PPs (labeled as role_adv) are placed be- 361

tween the right edge of the relative clause and the 362

main verb, yielding sentence lengths of two or four 363

intervening tokens. For each length condition (len 364

= 2, 4), 300 sentences are constructed. Concrete 365

examples are provided in Appendix B.2. 366

4.3 Evaluation Metrics 367

Basic Metrics The attribution of each head and 368

path is measured in terms of Restoration Score. 369

Rℓ =
M

(ℓ)
patched −Mcorr

Mclean −Mcorr + ε
. (2) 370

It measures the degree to which the model’s output 371

in corrupted Mcorr outputs moves forward to that of 372

clean outputs Mclean after patching heads Mpatched 373

per layer ℓ. 374

Based on this metric, we identify a subset of 375

heads that make substantial contributions to depen- 376

dency formation. Specifically, we select either (i) 377

the top-k heads ranked by their restoration scores 378

(with k = 10), or (ii) heads whose restoration 379

scores exceed a predefined threshold. These se- 380

lected heads are then used in subsequent analyses 381

of attention patterns and attention mass distribu- 382

tions. 383

Attention Metrics To capture whether differ- 384

ent heads prioritize the same tokens, we instead 385

adopt a rank-based overlap measure over atten- 386

tion weights. 387

OverlapK =

∣∣∣TopK(ℓ,h)(x) ∩ TopK(ℓ′,h′)(x)
∣∣∣

K
(3) 388

Rank-based overlap evaluates whether different 389

heads prioritize the same tokens, independently 390

of the overall shape of their attention distributions. 391

For the before–and–after patching and layer- 392

wise analyses, we quantify attention-based effects 393

using attention mass. Attention mass is defined 394

as the sum of attention weights assigned to tokens 395

associated with a given syntactic role at the target 396

position. 397

∆mass(role) = masspatched −masscorrupt (4) 398
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Model NPI Reflexive Wh Cleft

GPT-2 Small 46 3 1 4
GPT-2 Medium 89 1 2 1
GPT-2 Large 32 1 1 0

Table 2: Number of attention heads whose restoration
scores (value+pattern patching) exceed the threshold
(0.05), per dependency type and model size.

This metric measures the variation of attention399

mass to each token when each head is patched.400

5 Results401

5.1 Basic Analyses: Patching402

For most dependency types and model sizes, logit403

differences are positive, indicating reliable discrim-404

ination between grammatical and ungrammatical405

inputs. Detailed results for each model size, depen-406

dency type, and dependency length are reported in407

Appendix C.1.408

Head Distributions In GPT-2 small, head-level409

activation patching yields a substantial restoration410

effect only for NPI dependencies. For reflexive,411

wh- and cleft dependencies, patching individual412

attention heads produces little to no recovery as413

shown in Figure 6.414

Consistent with this pattern, NPI dependencies415

exhibit a small number of attention heads with high416

restoration scores, whereas other dependency types417

show a diffuse distribution of low scores across418

heads.419

This asymmetry changes with model size: in420

larger models, head-level patching becomes effec-421

tive for reflexive dependencies as well, while re-422

maining weak for wh- and cleft dependencies (see423

Figure 8).424

Table 2 shows that, across all model sizes, a425

substantially larger number of high-contribution426

heads is observed for NPI dependencies than for427

the other dependency types. In contrast, reflexive,428

wh-, and cleft dependencies consistently involve429

only a small number of heads with high restoration430

scores, with the cleft dependency showing no such431

heads in GPT-2 Large.432

5.2 Attention Pattern433

We find that increasing model size leads to system-434

atic changes in how different dependency types are435

supported by attention and other components.436

Figure 4: Effect of pattern patching on role-based atten-
tion in top-contribution heads (Top-10, GPT2-small).

Rank-based Overlap Rank-based overlap anal- 437

yses reveal that in small models, heads with high 438

contribution do not exhibit dependency-specific at- 439

tention rankings beyond chance, whereas in larger 440

models, high-contribution heads show systematic 441

and asymmetric overlap patterns across depen- 442

dency types (see Table 8 in Appendix C.3). 443

Before-after Patching In GPT-2 small, atten- 444

tion mass was concentrated on role_key positions 445

across all dependencies as shown in Figure 4 (mean 446

attention mass: NPI, 0.057; reflexive, 0.067; Wh, 447

0.106, cleft, 0.090). 448

In GPT-2 large, however, a qualitatively different 449

pattern emerged as in Figure 5. For NPI and reflex- 450

ive dependencies, attention mass was concentrated 451

on role_rc_subject, which is a structurally illicit 452

position, with mean peak attention mass values of 453

0.274 (NPI) and 0.143 (reflexive). In contrast, wh- 454

and cleft dependencies showed no such concentra- 455

tion, with attention mass not consistently aligned 456

with role_key and role_rc_subject tokens (ap- 457

prox. 0.03 for Wh and approx. 0.04 for cleft). 458

Layer-wise Attention Mass Transition In GPT- 459

2 small, attention mass exhibits peaks primarily in 460

the lower to middle layers (approximately layers 461
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Figure 5: Effect of pattern patching on role-based atten-
tion in top-contribution heads (Top-10, GPT2-large).

3–7) across all dependency types. For all dependen-462

cies, both role_key and role_rc_subject show463

attention peaks within similar layer ranges (Fig-464

ure 10, Appendix C.3).465

While the absolute magnitude of attention mass466

differs across roles and dependency types, the loca-467

tions of the peaks across layers largely overlap, and468

no clear separation by dependency type is observed469

in terms of peak layer positions.470

In GPT-2 large, attention mass distributions471

show sharply localized peaks at specific layers, and472

the peak locations differ across dependency types473

and roles (Figure 11, Appendix C.3).474

For NPI and reflexive dependencies, attention475

mass assigned to role_rc_subject peaks promi-476

nently in middle layers (layers 14–18), with a rel-477

atively high peak attention mass values (approxi-478

mately 0.5 for NPI and 0.6 for reflexive dependen-479

cies).480

For wh- and cleft dependencies, attention mass481

peaks are consistently weaker than those observed482

for NPI and reflexive dependencies (maximum483

mean peak mass = approx. 0.12 and 0.14, re-484

spectively). While wh-dependencies show their485

strongest attention on role_rc_subject (layer486

18), cleft dependencies instead exhibit peak atten- 487

tion on role_key at later layers (layer 15). 488

5.3 Robustness to Dependency Length 489

Across all model sizes and dependency types, we 490

found that increasing dependency length has little 491

effect on role-based attention patterns as the parts 492

of len=2 and len=4 in Figures 4 and 5. Specifically, 493

dependency length (len = 0, 2, 4) does not shift 494

the layer at which attention peaks occur. For each 495

dependency type, attention peaks occur at the same 496

layers across all length conditions. Furthermore, 497

the same pattern is observed when examining the 498

distributions of layer-wise attention mass, as the 499

figures in Appendix C.3 show. Across all depen- 500

dencies, length manipulation does not introduce 501

additional peaks nor shift existing peaks to differ- 502

ent layers. 503

6 Discussion 504

6.1 Dependency Resolution for Different 505

Model Sizes 506

Our results suggest that structural dependencies in 507

language models are implemented through distinct 508

operational pipelines, composed of different com- 509

binations of attention-based and non-attentional 510

transformations. 511

In small models, it is suggested that dependen- 512

cies are resolved by a generalized operation, since 513

the attention patterns across dependencies are sim- 514

ilar. This indicates that such small models use 515

attention-based operations, which are to some ex- 516

tent generalized across dependency types regard- 517

less of their properties. Moreover, given that heads 518

with high contribution in the small model do not 519

show attention to the subject inside the relative 520

clause, even for structurally long-distance depen- 521

dencies, the generalized operation may be coarse 522

linear heuristics (e.g., attending to the linearly ini- 523

tial and discourse-salient noun phrase), similar with 524

to those employed in indirect object identification 525

(IOI) tasks (Wang et al., 2022). 526

Importantly, NPI and reflexive dependencies in 527

larger models involve an attention-based operation 528

that marks structurally illicit positions. That might 529

be followed by additional computation elsewhere 530

in the network (e.g., MLP or residual streams). 531

Wh- and cleft dependencies, by contrast, appear 532

to be resolved without such attention-based struc- 533

tural marking. In that case, dependencies might be 534

resolved consistently by components such as MLP 535
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and residual streams, not depending on attention.536

Taken together, these findings provide an answer537

to the first research question: across model sizes,538

dependency formation relies on convergent oper-539

ations in the sense that similar attention patterns540

recur across sentences and conditions. However,541

the degree of generalization and the internal compo-542

sition of operations vary with model size. Further-543

more, larger language models may achieve a more544

human-like form of generalization, in which non-545

displacement and displacement dependencies are546

distinguished at the level of internal computation.547

6.2 Dependency Length548

Importantly, manipulating dependency length does549

not substantially alter the observed activation pat-550

terns. Once a structurally relevant position is iden-551

tified—via attention-based mechanisms in some552

dependency types or via non-attentional mecha-553

nisms in others—the same operational pipeline is554

applied regardless of the number of intervening555

tokens.556

In larger models, this invariance to dependency557

length is particularly informative. For NPI and558

reflexive dependencies, attention consistently tar-559

gets structurally illicit positions, such as subjects560

inside relative clauses, independent of linear dis-561

tance. This robustness strongly suggests that the562

underlying operation is structure-sensitive rather563

than driven by surface proximity.564

With respect to the second research question,565

the evidence for structure sensitivity is mixed.566

While larger models show attention patterns com-567

patible with structure-sensitive marking in non-568

displacement dependencies, the corresponding op-569

erations in smaller models remain indeterminate.570

Beyond linear or semantic heuristics discussed571

above, the uniform attention patterns in smaller572

models may also be compatible with an opera-573

tionally generalized mechanism similar to filler–574

gap dependency formation (Boguraev et al., 2025;575

Hanna and Mueller, 2025). At the same time, our576

results do not allow us to determine whether atten-577

tion to role_key reflects genuine sensitivity to syn-578

tactic structure or a preference for early-occurring579

tokens, and we therefore leave this question open.580

6.3 Movement-based Classifications581

Our findings suggest a reinterpretation of582

movement-based classifications in theoretical syn-583

tax at the level of internal operations. Dependen-584

cies traditionally distinguished by the presence or585

absence of displacement may differ in the algo- 586

rithms by which they are constructed, rather than 587

solely in their representational outcomes. Such a 588

distinction, if present, may thus be characterized 589

as an algorithmic-level difference in Marr’s sense 590

(Marr, 1982; Davies and Khakzar, 2024). 591

In particular, GPT-2 large exhibits an operational 592

distinction in which non-displacement dependen- 593

cies engage attention-based marking of structurally 594

illicit positions, whereas displacement dependen- 595

cies do not. This indicates that the movement-based 596

dichotomy can be reduced to differences in internal 597

computational procedures (Piantadosi, 2024). This 598

observation is consistent with previous findings 599

showing that model size or performance does not 600

necessarily correlate with human-likeness (Kurib- 601

ayashi et al., 2021; Timkey and Linzen, 2023; Mita 602

et al., 2025). 603

Importantly, this does not imply that language 604

models implement the same mechanisms as hu- 605

mans. Rather, GPT-2 large may reflect a partially 606

human-like operational distinction, while further 607

scaling may lead to the acquisition of dependency- 608

forming operations that are not attested in human 609

sentence processing, such as fully structural filler– 610

gap mechanisms. 611

7 Conclusion 612

This paper investigates how different syntactic de- 613

pendencies are implemented in transformer lan- 614

guage models at the level of internal computation. 615

Using activation patching, we show that small mod- 616

els rely on a broadly generalized attention-based 617

operation that applies uniformly across dependency 618

types, whereas larger models differentiate depen- 619

dencies into distinct operational pipelines. In par- 620

ticular, non-displacement dependencies (NPI, re- 621

flexive) involve attention-based structural marking, 622

while displacement dependencies (wh, cleft) are 623

resolved primarily through non-attentional mecha- 624

nisms. 625

These findings indicate that dependency resolu- 626

tion in language models is convergent but becomes 627

increasingly differentiated with scale, and that ev- 628

idence for structure-sensitive operations emerges 629

selectively in larger models. More generally, our re- 630

sults demonstrate that causal intervention methods 631

can reveal meaningful distinctions in the operations 632

underlying syntactic generalization in neural lan- 633

guage models. 634
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Limitations635

First, our analysis primarily focuses on attention-636

based mechanisms and does not directly probe the637

contribution of other components, such as MLP lay-638

ers or residual stream transformations cite (Geva639

et al., 2021). While our results suggest that larger640

models may rely less on attention-based structural641

marking for certain dependency types, the precise642

algorithms implemented by non-attentional com-643

ponents remain underspecified. Thus, a more fine-644

grained analysis of these components will be neces-645

sary to fully characterize how different operational646

pipelines are implemented in larger architectures.647

Second, we restrict our investigation to four648

dependency types: NPI, reflexive binding, wh-649

dependencies, and cleft sentences. While these650

dependencies differ along several theoretically rel-651

evant dimensions, they do not exhaust the space of652

syntactic dependencies. In particular, dependencies653

such as quantifier-pronoun binding or scope inter-654

actions may reveal additional modes of operational655

specialization, and testing these cases constitutes656

an important direction for future work.657

References658

Kabir Ahuja, Vidhisha Balachandran, Madhur Panwar,659
Tianxing He, Noah A. Smith, Navin Goyal, and Yulia660
Tsvetkov. 2025. Learning syntax without planting661
trees: Understanding hierarchical generalization in662
transformers. Preprint, arXiv:2404.16367.663

Aryaman Arora, Dan Jurafsky, and Christopher Potts.664
2024. Causalgym: Benchmarking causal inter-665
pretability methods on linguistic tasks. Preprint,666
arXiv:2402.12560.667

Adithya Bhaskar, Dan Friedman, and Danqi Chen. 2024.668
The heuristic core: Understanding subnetwork gen-669
eralization in pretrained language models. Preprint,670
arXiv:2403.03942.671

Sasha Boguraev, Christopher Potts, and Kyle Mahowald.672
2025. Causal interventions reveal shared structure673
across English filler–gap constructions. In Proceed-674
ings of the 2025 Conference on Empirical Methods in675
Natural Language Processing, pages 25032–25053,676
Suzhou, China. Association for Computational Lin-677
guistics.678

Pratim Chowdhary, Peter Chin, and Deepernab679
Chakrabarty. 2025. k-mshc: Unmasking minimally680
sufficient head circuits in large language models681
with experiments on syntactic classification tasks.682
Preprint, arXiv:2505.12268.683

Kevin Clark, Urvashi Khandelwal, Omer Levy, and684
Christopher D. Manning. 2019. What does BERT685

look at? an analysis of BERT’s attention. In Pro- 686
ceedings of the 2019 ACL Workshop BlackboxNLP: 687
Analyzing and Interpreting Neural Networks for NLP, 688
pages 276–286, Florence, Italy. Association for Com- 689
putational Linguistics. 690

Adam Davies and Ashkan Khakzar. 2024. The cognitive 691
revolution in interpretability: From explaining be- 692
havior to interpreting representations and algorithms. 693
Preprint, arXiv:2408.05859. 694

Pablo J. Diego-Simón, Emmanuel Chemla, Jean-Rémi 695
King, and Yair Lakretz. 2025. Probing syntax in 696
large language models: Successes and remaining 697
challenges. Preprint, arXiv:2508.03211. 698

Javier Ferrando, Gabriele Sarti, Arianna Bisazza, and 699
Marta R. Costa-jussà. 2024. A primer on the in- 700
ner workings of transformer-based language models. 701
Preprint, arXiv:2405.00208. 702

Matthew Finlayson, Aaron Mueller, Sebastian 703
Gehrmann, Stuart Shieber, Tal Linzen, and Yonatan 704
Belinkov. 2021. Causal analysis of syntactic 705
agreement mechanisms in neural language models. 706
In Proceedings of the 59th Annual Meeting of 707
the Association for Computational Linguistics 708
and the 11th International Joint Conference on 709
Natural Language Processing (Volume 1: Long 710
Papers), pages 1828–1843, Online. Association for 711
Computational Linguistics. 712

Atticus Geiger, Hanson Lu, Thomas Icard, and Christo- 713
pher Potts. 2021. Causal abstractions of neural net- 714
works. Preprint, arXiv:2106.02997. 715

Mor Geva, Roei Schuster, Jonathan Berant, and Omer 716
Levy. 2021. Transformer feed-forward layers are 717
key-value memories. Preprint, arXiv:2012.14913. 718

Nicholas Goldowsky-Dill, Chris MacLeod, Lucas Sato, 719
and Aryaman Arora. 2023. Localizing model behav- 720
ior with path patching. Preprint, arXiv:2304.05969. 721

Michael Hanna, Yonatan Belinkov, and Sandro Pezzelle. 722
2025. Are formal and functional linguistic mech- 723
anisms dissociated in language models? Preprint, 724
arXiv:2503.11302. 725

Michael Hanna, Ollie Liu, and Alexandre Variengien. 726
2023. How does gpt-2 compute greater-than?: In- 727
terpreting mathematical abilities in a pre-trained lan- 728
guage model. Preprint, arXiv:2305.00586. 729

Michael Hanna and Aaron Mueller. 2025. Incremen- 730
tal sentence processing mechanisms in autoregres- 731
sive transformer language models. In Proceedings of 732
the 2025 Conference of the Nations of the Americas 733
Chapter of the Association for Computational Lin- 734
guistics: Human Language Technologies (Volume 1: 735
Long Papers), pages 3181–3203, Albuquerque, New 736
Mexico. Association for Computational Linguistics. 737

Stefan Heimersheim and Neel Nanda. 2024. How 738
to use and interpret activation patching. Preprint, 739
arXiv:2404.15255. 740

9

https://arxiv.org/abs/2404.16367
https://arxiv.org/abs/2404.16367
https://arxiv.org/abs/2404.16367
https://arxiv.org/abs/2404.16367
https://arxiv.org/abs/2404.16367
https://arxiv.org/abs/2402.12560
https://arxiv.org/abs/2402.12560
https://arxiv.org/abs/2402.12560
https://arxiv.org/abs/2403.03942
https://arxiv.org/abs/2403.03942
https://arxiv.org/abs/2403.03942
https://doi.org/10.18653/v1/2025.emnlp-main.1271
https://doi.org/10.18653/v1/2025.emnlp-main.1271
https://doi.org/10.18653/v1/2025.emnlp-main.1271
https://arxiv.org/abs/2505.12268
https://arxiv.org/abs/2505.12268
https://arxiv.org/abs/2505.12268
https://arxiv.org/abs/2505.12268
https://arxiv.org/abs/2505.12268
https://doi.org/10.18653/v1/W19-4828
https://doi.org/10.18653/v1/W19-4828
https://doi.org/10.18653/v1/W19-4828
https://arxiv.org/abs/2408.05859
https://arxiv.org/abs/2408.05859
https://arxiv.org/abs/2408.05859
https://arxiv.org/abs/2408.05859
https://arxiv.org/abs/2408.05859
https://arxiv.org/abs/2508.03211
https://arxiv.org/abs/2508.03211
https://arxiv.org/abs/2508.03211
https://arxiv.org/abs/2508.03211
https://arxiv.org/abs/2508.03211
https://arxiv.org/abs/2405.00208
https://arxiv.org/abs/2405.00208
https://arxiv.org/abs/2405.00208
https://doi.org/10.18653/v1/2021.acl-long.144
https://doi.org/10.18653/v1/2021.acl-long.144
https://doi.org/10.18653/v1/2021.acl-long.144
https://arxiv.org/abs/2106.02997
https://arxiv.org/abs/2106.02997
https://arxiv.org/abs/2106.02997
https://arxiv.org/abs/2012.14913
https://arxiv.org/abs/2012.14913
https://arxiv.org/abs/2012.14913
https://arxiv.org/abs/2304.05969
https://arxiv.org/abs/2304.05969
https://arxiv.org/abs/2304.05969
https://arxiv.org/abs/2503.11302
https://arxiv.org/abs/2503.11302
https://arxiv.org/abs/2503.11302
https://arxiv.org/abs/2305.00586
https://arxiv.org/abs/2305.00586
https://arxiv.org/abs/2305.00586
https://arxiv.org/abs/2305.00586
https://arxiv.org/abs/2305.00586
https://doi.org/10.18653/v1/2025.naacl-long.164
https://doi.org/10.18653/v1/2025.naacl-long.164
https://doi.org/10.18653/v1/2025.naacl-long.164
https://doi.org/10.18653/v1/2025.naacl-long.164
https://doi.org/10.18653/v1/2025.naacl-long.164
https://arxiv.org/abs/2404.15255
https://arxiv.org/abs/2404.15255
https://arxiv.org/abs/2404.15255


John Hewitt and Christopher D. Manning. 2019. A741
structural probe for finding syntax in word represen-742
tations. In Proceedings of the 2019 Conference of743
the North American Chapter of the Association for744
Computational Linguistics: Human Language Tech-745
nologies, Volume 1 (Long and Short Papers), pages746
4129–4138, Minneapolis, Minnesota. Association for747
Computational Linguistics.748

Ryoma Kumon and Hitomi Yanaka. 2025. Analyzing749
the inner workings of transformers in compositional750
generalization. Preprint, arXiv:2502.15277.751

Tatsuki Kuribayashi, Yohei Oseki, Takumi Ito, Ryo752
Yoshida, Masayuki Asahara, and Kentaro Inui. 2021.753
Lower perplexity is not always human-like. In Pro-754
ceedings of the 59th Annual Meeting of the Associa-755
tion for Computational Linguistics and the 11th Inter-756
national Joint Conference on Natural Language Pro-757
cessing (Volume 1: Long Papers), pages 5203–5217,758
Online. Association for Computational Linguistics.759

Tal Linzen and Marco Baroni. 2021. Syntactic structure760
from deep learning. Annual Review of Linguistics,761
7(1):195–212.762

Luigi Lizzi. 2025. On the complemetarity of gener-763
atieve grammarand large language models. Italian764
Journal of Linguistics, 37(1):145–152.765

David Marr. 1982. Vision. W. H. Freeman.766

Masato Mita, Ryo Yoshida, and Yohei Oseki. 2025.767
Developmentally-plausible working memory shapes768
a critical period for language acquisition. In Proceed-769
ings of the 63rd Annual Meeting of the Association770
for Computational Linguistics (Volume 1: Long Pa-771
pers), pages 9386–9399, Vienna, Austria. Associa-772
tion for Computational Linguistics.773

Neel Nanda. 2023. Attribution patching: Activation774
patching at industrial scale.775

Steven T. Piantadosi. 2024. Modern language models776
refute chomsky’s approach to language. In Edward777
Gibson and Moshe Poliak, editors, From fieldwork778
to linguistic theory: A tribute to Dan Everett (Em-779
pirically Oriented Theoretical Morphology and Syn-780
tax 15), pages 353—414. Berlin: Language Science781
Press.782

Tanya Miriam Reinhart. 1976. The syntactic domain of783
anaphora. Ph.D. thesis, Massachusetts Institute of784
Technology.785

Aaquib Syed, Can Rager, and Arthur Conmy. 2023. At-786
tribution patching outperforms automated circuit dis-787
covery. In NeurIPS Workshop on Attributing Model788
Behavior at Scale.789

William Timkey and Tal Linzen. 2023. A language790
model with limited memory capacity captures in-791
terference in human sentence processing. In Find-792
ings of the Association for Computational Linguis-793
tics: EMNLP 2023, pages 8705–8720, Singapore.794
Association for Computational Linguistics.795

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob 796
Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz 797
Kaiser, and Illia Polosukhin. 2017. Attention is all 798
you need. Preprint, arXiv:1706.03762. 799

Jesse Vig, Sebastian Gehrmann, Yonatan Belinkov, 800
Sharon Qian, Daniel Nevo, Yaron Singer, and Stu- 801
art Shieber. 2020. Investigating gender bias in lan- 802
guage models using causal mediation analysis. In 803
Proceedings of the 34th International Conference on 804
Neural Information Processing Systems, NIPS ’20, 805
Red Hook, NY, USA. Curran Associates Inc. 806

Kevin Wang, Alexandre Variengien, Arthur Conmy, 807
Buck Shlegeris, and Jacob Steinhardt. 2022. In- 808
terpretability in the wild: a circuit for indirect 809
object identification in gpt-2 small. Preprint, 810
arXiv:2211.00593. 811

Alex Warstadt, Alicia Parrish, Haokun Liu, An- 812
had Mohananey, Wei Peng, Sheng-Fu Wang, and 813
Samuel R. Bowman. 2023. Blimp: The benchmark 814
of linguistic minimal pairs for english. Preprint, 815
arXiv:1912.00582. 816

Fred Zhang and Neel Nanda. 2024. Towards best prac- 817
tices of activation patching in language models: Met- 818
rics and methods. Preprint, arXiv:2309.16042. 819

10

https://doi.org/10.18653/v1/N19-1419
https://doi.org/10.18653/v1/N19-1419
https://doi.org/10.18653/v1/N19-1419
https://doi.org/10.18653/v1/N19-1419
https://doi.org/10.18653/v1/N19-1419
https://arxiv.org/abs/2502.15277
https://arxiv.org/abs/2502.15277
https://arxiv.org/abs/2502.15277
https://arxiv.org/abs/2502.15277
https://arxiv.org/abs/2502.15277
https://doi.org/10.18653/v1/2021.acl-long.405
https://doi.org/10.1146/annurev-linguistics-032020-051035
https://doi.org/10.1146/annurev-linguistics-032020-051035
https://doi.org/10.1146/annurev-linguistics-032020-051035
https://doi.org/10.18653/v1/2025.acl-long.462
https://doi.org/10.18653/v1/2025.acl-long.462
https://doi.org/10.18653/v1/2025.acl-long.462
https://www.neelnanda.io/mechanistic-interpretability/attribution-patching
https://www.neelnanda.io/mechanistic-interpretability/attribution-patching
https://www.neelnanda.io/mechanistic-interpretability/attribution-patching
https://lingbuzz.net/lingbuzz/007180
https://lingbuzz.net/lingbuzz/007180
https://lingbuzz.net/lingbuzz/007180
https://openreview.net/forum?id=tiLbFR4bJW
https://openreview.net/forum?id=tiLbFR4bJW
https://openreview.net/forum?id=tiLbFR4bJW
https://openreview.net/forum?id=tiLbFR4bJW
https://openreview.net/forum?id=tiLbFR4bJW
https://doi.org/10.18653/v1/2023.findings-emnlp.582
https://doi.org/10.18653/v1/2023.findings-emnlp.582
https://doi.org/10.18653/v1/2023.findings-emnlp.582
https://doi.org/10.18653/v1/2023.findings-emnlp.582
https://doi.org/10.18653/v1/2023.findings-emnlp.582
https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/2211.00593
https://arxiv.org/abs/2211.00593
https://arxiv.org/abs/2211.00593
https://arxiv.org/abs/2211.00593
https://arxiv.org/abs/2211.00593
https://arxiv.org/abs/1912.00582
https://arxiv.org/abs/1912.00582
https://arxiv.org/abs/1912.00582
https://arxiv.org/abs/2309.16042
https://arxiv.org/abs/2309.16042
https://arxiv.org/abs/2309.16042
https://arxiv.org/abs/2309.16042
https://arxiv.org/abs/2309.16042


A Patching820

A.1 Patching Dataset821

The dataset used in the patching analyses is given in822

Table 3. Clean and corrupted pairs are constructed823

so that they differ minimally in surface form, while824

selectively disrupting the dependency of interest.825

In particular, the corrupted inputs preserve linear826

order and local lexical content, but invalidate the827

licensing or binding relation required to predict the828

target token.829

A.2 Patching Algorithms830

The patching is performed with the following algo-831

rithm. We adopt an activation patching framework

Algorithm 1 Head-level Contribution via Patching

Require: Clean sentences Sclean, corrupted sentences Scorr ,
target token t, pretrained Transformer model M

Ensure: Contribution scores for each layer ℓ and head h
1: Tokenize Sclean and Scorr

2: Identify target position i (last non-EOS position)
3: Compute baseline scores:

mclean ← log pM (t | Sclean),mcorr ← log pM (t | Scorr)

4: Run M on Sclean and cache all activations
5: Run M on Scorr to obtain corrupted activations
6: for each layer ℓ = 1 . . . L do
7: Patch clean residual stream at (ℓ, i) into corrupted run
8: Compute restored score mresid

ℓ

9: Compute residual contribution:

Cresid
ℓ =

mresid
ℓ −mcorr

mclean −mcorr

10: end for
11: for each layer ℓ = 1 . . . L do
12: for each head h = 1 . . . H do
13: Patch clean zℓ,h(i) into corrupted run
14: Compute restored score mz

ℓ,h

15: Compute head contribution:

Cz
ℓ,h =

mz
ℓ,h −mcorr

mclean −mcorr

16: Patch clean value vectors and attention patterns
17: Compute restored score mvp

ℓ,h
18: Compute path contribution:

Cvp
ℓ,h =

mvp
ℓ,h −mcorr

mclean −mcorr

19: end for
20: end for
21: return {Cresid

ℓ , Cz
ℓ,h, C

vp
ℓ,h}

832
to quantify the contribution of individual compo-833

nents to dependency resolution. The central idea is834

to measure how much replacing a corrupted activa-835

tion with its clean counterpart restores the model’s836

ability to predict the target token. Residual stream 837

patching measures layer-level contributions, while 838

head-level patching isolates the effect of individual 839

attention heads. Value-and-pattern patching ap- 840

proximates path-level interventions, capturing both 841

where attention is directed and what information is 842

transmitted. 843

A.3 Attention 844

Let a(ℓ,h)(x) denote the attention distribution from 845

the target position to all source positions in input x 846

for head h at layer ℓ (Ferrando et al., 2024). 847

a(ℓ,h)(x) ∈ RT (x) (5) 848

a(ℓ,h)s (x) = Attn(ℓ,h)(t(x)← s) (6) 849

Rank function. For a given input sentence x, 850

layer ℓ, and head h, we define the rank function as 851

an ordering over source tokens based on their atten- 852

tion weights. Formally, the rank function maps an 853

attention vector a(ℓ,h)(x) to a permutation of token 854

indices sorted in descending order of attention val- 855

ues. The resulting ranking specifies which tokens 856

are most strongly attended to by a given head. 857

Rank(ℓ,h)(x) = argsorts
(
a(ℓ,h)s (x)

)
(7) 858

Top-K function. Based on the rank function, 859

we define the Top-K function as the set of the 860

K highest-ranked tokens under the attention dis- 861

tribution of a given head. This function abstracts 862

away from the exact magnitude of attention weights 863

and focuses on which tokens are prioritized by the 864

head. The Top-K representation therefore captures 865

the discrete selection behavior of attention heads, 866

rather than their full distributional shape. 867

TopK(ℓ,h)(x) =
{
s | s ∈ Rank(ℓ,h)1:K (x)

}
(8) 868

This formulation allows us to compare attention- 869

based operations by examining whether different 870

heads select the same tokens, even when their at- 871

tention distributions are otherwise similar. 872

B Analyses 873

B.1 Role Tokens 874

To analyze how attention is distributed over linguis- 875

tically relevant positions, we annotate each stimu- 876

lus with role tokens corresponding to syntactic and 877

semantic functions within the dependency. 878
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NPI

Clean No student who some teachers scolded [any] notebook.
Corrupted Some student who some teachers scolded [any] notebook.

Reflexive

Clean The man who the woman predominantly dislikes admired [himself] yesterday.
Corrupted The woman who the woman predominantly dislikes admired [himself] yesterday.

Wh

Clean Which man did the woman who wrote the paper [visited] yesterday ?
Corrupted Which paper did the woman who praised the man [visited] yesterday ?

Cleft

Clean It is the man that the woman who wrote the paper [visited] yesterday.
Corrupted It is the paper that the woman who praised the man [visited] yesterday.

Table 3: Pairs of clean-corrupted input per dependency types

rolekey rolerel rolerel−subj rolerel−verb roleadj rolemain−verb roletarget

NPI [No NP] who [some NP] [verb] [adverb] [verb] [any]
Reflexive [The NPm] who [the NPf ] [verb] [adverb] [verb] [himself]

Table 4: Examples of role assignment for non-displacement dependency types: NPm and NPf describe male nouns
(e.g., “son”, “boy”) and female nouns (“daughter”, “girl”), respectively.

The role_key corresponds to the element that879

determines the well-formedness of the dependency880

(e.g., the NPI licensor or the antecedent of a reflex-881

ive or displaced element).882

B.2 Linear Conditions883

We additionally manipulate linear distance and884

structural configuration by inserting variable-length885

modifiers within relative clauses. This allows us to886

test whether attention-based operations are sensi-887

tive to dependency length or structural depth.888

C Results889

C.1 Model’s Performance890

The model’s basic performance is evaluated by891

means of Logit (Equation 9). Logit difference is ap-892

plied to the clean input and corrupted inputs (Equa-893

tion 10). The overall logit diff scores are given in894

Table 6.895

Logit = Eb

[ |y|∑
j=1

logPθ(yj | x
(b)
<t∗b+j−1)

]
(9)896

897

LogitDiff =
1

B

B∑
b=1

|y|∑
j=1

log
Pθ

(
yj | x(b)

clean, t
∗
b + j − 1

)
Pθ

(
yj | x(b)

corr, t∗b + j − 1
) .

(10)898

Figure 6: Head-level restoration scores across layers
and heads for four dependency types and three model
sizes (GPT-2 small).

The relatively low performance of GPT-2 on NPI 899

dependencies is consistent with previous findings 900

(Warstadt et al., 2023). 901

C.2 Patching 902

The head-level contribution patterns for the four 903

dependency types are shown in Figures 6, 7, and 8 904

for GPT-2 small, medium, and large, respectively. 905

The concentration of high-contribution heads 906

observed for NPI dependencies in the patching 907

analysis should be interpreted with caution. Im- 908

portantly, this pattern does not necessarily indicate 909

the existence of specialized head-level mechanisms 910

dedicated to NPI licensing. Instead, it reflects an 911
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rolekey rolepro rolesubj rolerel rolerel−subj rolerel−verb roletarget

Wh-depedendency [Wh NPa] did [the NPi] which [verb] [adv] [verb]
Cleft [It was the NPa] who [the NPi] [which] [verb] [adv] [verb]

Table 5: Examples of role assignment for displacement dependency types: NPa and NPi describe animate and
inanimate nouns, respectively.

Dependency Example (linear conditions)

NPI No student who some teachers scolded {carefully / carefully, in the lab} [any] notebook.
Reflexive The man who the woman predominantly dislikes {in the lab / in the lab, two days ago} admired [himself]

yesterday.
Wh Which man did the woman who wrote the paper {at the conference / at the conference, last year}

[visited] yesterday?
Cleft It is the man that the woman who wrote the paper {two days ago / two days ago, in the building} [visited]

yesterday.

Table 6: Examples of sentences used in the linear conditions. For each dependency type, two linear variants are
shown in braces: the first corresponds to len=2 (one intervening adverbial or PP), and the second to len=4 (two
intervening adverbials/PPs), inserted between the relative clause and the main-clause predicate.

Figure 7: Head-level restoration scores across layers
and heads for four dependency types and three model
sizes (GPT-2 medium).

implementation property of Transformer architec-912

tures, in which similar attention patterns are often913

redundantly instantiated across multiple heads.914

As a consequence, patching the activation of a915

single head can yield substantial restoration even916

when the underlying attention behavior is shared by917

many heads. In such cases, head-level contribution918

scores may overestimate functional specialization919

and should not be taken as direct evidence for dis-920

tinct computational roles.921

C.3 Attention Analyses922

Before-after Patching The attention distribution923

of GPT-2 medium in before-after patching analysis924

is given in Figure 9.925

Layer-wise Attention Mass Transition The fig-926

ures show how attention mass to each role token is927

distributed across layers for different dependency928

types and dependency lengths. These plots are in- 929

cluded to provide a descriptive overview of how 930

attention allocation varies across layers and model 931

scales. 932
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Model Length NPI Reflexive Wh Cleft

Small 0 0.00891 -1.06665 2.79009 3.04385
Small 2 1.17014 -0.25704 2.54905 2.64087
Small 4 1.46455 0.148158 2.49447 2.66294

Medium 0 0.21738 0.68945 2.56422 2.69535
Medium 2 0.62620 0.87691 2.27982 2.49156
Medium 4 0.71417 0.95568 2.17731 2.43100

Large 0 -0.69095 0.64406 2.43949 2.86943
Large 2 0.47824 0.92390 2.29329 2.38330
Large 4 0.26805 1.03303 2.18515 2.30164

Table 7: Logit differences across models, dependency types, and dependency lengths.

Figure 8: Head-level restoration scores across layers and heads for four dependency types and three model sizes
(GPT-2 large).

dep depj GPT-2 Small GPT-2 Medium GPT-2 Large
NPI Reflexive −0.03 −0.05 −0.08
NPI Wh −0.04 −0.10 −0.02
NPI Cleft −0.02 −0.03 −0.05
Reflexive NPI −0.10 −0.07 −0.05
Reflexive Wh 0.08 −0.05 0.07
Reflexive Cleft −0.03 −0.05 −0.02
Wh NPI −0.05 0.03 −0.12
Wh Reflexive −0.06 −0.09 −0.06
Wh Cleft −0.02 −0.03 0.02
Cleft NPI 0.09 −0.06 −0.04
Cleft Reflexive 0.05 0.00 −0.04
Cleft Wh 0.02 −0.09 −0.04

Table 8: Rank-based overlap differences (Top − Random) across dependency types for length = 0. Positive values
indicate higher overlap for top-contributing heads than for randomly sampled heads.
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Figure 9: Effect of pattern patching on role-based attention in top-contribution heads (Top-10, GPT2-medium).

(a) NPI (b) Reflexive

(c) Wh (d) Cleft

Figure 10: Layer-wise attention mass over roles for GPT-2 small (clean condition).

15



(a) NPI (b) Reflexive

(c) Wh (d) Cleft

Figure 11: Layer-wise attention mass over roles for GPT-2 large (clean condition).
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