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Abstract001

For humans, filler-gap dependencies require a002
shared representation across different syntac-003
tic constructions. Although causal analyses004
suggest this may also be true for LLMs (Bogu-005
raev et al., 2025), it is still unclear if such a006
representation also exists for language models007
trained on developmentally feasible quantities008
of data. We applied Distributed Alignment009
Search (DAS, Geiger et al. (2024)) to LMs010
trained on varying amounts of data from the011
BabyLM challenge (Warstadt et al., 2023), to012
evaluate whether representations of filler-gap013
dependencies transfer between wh-questions014
and topicalization, which greatly vary in terms015
of their input frequency. Our results suggest016
shared, yet item-sensitive mechanisms may de-017
velop with limited training data. More impor-018
tantly, LMs still require far more data than hu-019
mans to learn comparable generalizations, high-020
lighting the need for language-specific biases021
in models of language acquisition.022

1 Introduction023

A major question in language acquisition asks how024

learners can apply their linguistic knowledge to025

generalize to unseen information. The Poverty of026

the Stimulus argument (Chomsky, 1965) claims027

that children require specialized representations028

to learn language due to sparse input. Cognitive029

models of language acquisition have proposed and030

revised many claims about the nature of the repre-031

sentations humans could use to solve this learn-032

ing problem (Yang, 2004; Perkins et al., 2022;033

Pearl, 2023). Language models (LMs), however,034

are trained on domain-general next-word predic-035

tion tasks, yet still posit some generalizations over036

syntactic structure (Futrell et al., 2019; Warstadt037

et al., 2020; Linzen and Baroni, 2021; Wilcox et al.,038

2024). These successes have led some researchers039

to question the need for language-specific repre-040

sentations altogether (Piantadosi, 2023; Futrell and041

Mahowald, 2025).042

One particular case that evaluates this debate 043

involves filler-gap dependencies. Filler-gap de- 044

pendencies are a type of syntactic relation formed 045

when a constituent (or the filler) is displaced from 046

its canonical position (the gap) and interpreted in 047

another position. These gaps can exist across var- 048

ious constructions including, but not limited to, 049

wh-questions (“What did the student make _?”), 050

relative clauses (“the robot that the student made 051

_”), and topicalization (“This robot, the student 052

made _”). 053

Filler-gap dependencies are a useful test case for 054

evaluating representations necessary for language 055

acquisition, as they not only require knowledge 056

of hierarchical structure but also the recognition 057

of an empty syntactic position. Many linguistic 058

theories claim that despite superficial differences, 059

these constructions may share an abstract underly- 060

ing mechanism (Chomsky, 1977; Culicover et al., 061

1977; Gazdar, 1982; Kaplan and Bresnan, 1982; 062

Postal, 1999). However, results from LMs have 063

led others to argue that statistical patterns over lan- 064

guage input may be sufficient (Wilcox et al., 2018, 065

2024). 066

These results have since been challenged, high- 067

lighting that LMs may not represent filler-gap de- 068

pendencies in a human-like manner (Bhattacharya 069

and van Schijndel, 2020; Lan et al., 2024; Howitt 070

et al., 2024; Chang et al., 2025). However, most 071

previous work relies largely on evaluating language 072

model probabilities, rather than explicitly finding 073

causal patterns in LM representations. Boguraev 074

et al. (2025) do apply causal interpretability meth- 075

ods (Geiger et al., 2024; Mueller et al., 2025), and 076

identify shared underlying structure across various 077

types of filler-gap dependencies. However, even 078

if Boguraev et al. (2025) show a shared represen- 079

tation of filler-gap dependencies may be learnable 080

in principle, their results do not address whether 081

inductive biases are needed for humans, as they 082

evaluated LMs trained on data that matches nei- 083
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ther the content nor the quality of data available to084

human learners (Wilcox et al., 2025).085

We run causal interventions on LMs (Boguraev086

et al., 2025) trained on data from the BabyLM087

challenge (Warstadt et al., 2023), which reflects088

material that English-speaking children could be089

exposed to, up to 12 years of age. Our experi-090

ments show that LMs may posit a shared represen-091

tation of filler-gap dependencies across high and092

low frequency constructions, but this representation093

is far less general than the ones proposed by lin-094

guists, showing systematic variability across items095

and constructions. Importantly, the model fails to096

posit this representation at the point it is expected097

to emerge in human learners (Perkins and Lidz,098

2021). This result suggests that human learners099

need a combination of domain-general statistical100

learning mechanisms, along with language-specific101

inductive biases (Yang, 2004; Portelance and Jasbi,102

2024).103

2 Background104

Filler-gap dependencies are shared across syntac-105

tic constructions that show different surface forms,106

even if they may serve different semantic and dis-107

course functions (Schütze et al., 2015). Looking at108

the following sentences, (1) is a wh-question, while109

(3) is an example of topicalization.110

(1) Who did the teacher like _ ?111

(2) Did the teacher like?*112

(3) The author, the teacher liked _ .113

(4) The teacher liked.*114

In (1) who is the object of like, and in (3), The115

author is the object of liked. These constituents,116

which are fillers, are fronted to form a dependency117

with the gaps, which are unpronounced but marked118

with _ for readability. Learning the generaliza-119

tion also involves recognizing where the depen-120

dency may not be valid, such as (2) and (4), which121

show that (1) and (3) are respectively ungrammat-122

ical without the fillers. Syntactic configurations123

called islands make extracting a filler ungrammati-124

cal (Chomsky, 1977).1 This has made recognizing125

filler-gap licensing a particularly relevant test case126

when evaluating syntactic structure in language127

models.128

1Refer to Wilcox et al. (2024), Howitt et al. (2024), and
Chang et al. (2025) for further discussion relating to language
models and island constraints.

2.1 LM Surprisal and Filler-Gap 129

Dependencies 130

Many studies use LMs to compute the surprisal, or 131

negative log probability, of a word given its context. 132

Surprisal quantifies the effect of processing diffi- 133

culty (Levy, 2008), and evaluating LMs’ surprisals 134

at particular points in a sentence effectively identi- 135

fies which parts are expected to be more difficult 136

to process (Futrell et al., 2019).2 Work evaluat- 137

ing LMs on syntactic structure has often relied on 138

comparing two minimal pairs of sentences, such as 139

(1) vs. (2) and (3) vs. (4), where the ungrammati- 140

cal version should typically have a higher surprisal 141

than the grammatical version (Marvin and Linzen, 142

2018; Warstadt et al., 2020; Gauthier et al., 2020). 143

In English sentences with embedded wh- 144

movement, LSTM language models have shown 145

positive results in recognizing the presence and 146

absence of fillers and gaps (Wilcox et al., 2018). 147

These results have been extended to Transformer 148

models and various island constraints (Wilcox et al., 149

2024).3 150

Ozaki et al. (2022) evaluated LSTMs across a 151

range of other filler-gap constructions, including 152

topicalization, and found that model performance 153

for each construction is highly correlated with its 154

frequency. They do not present evidence whether 155

this generalization is shared across constructions. 156

To this end, other approaches involve providing 157

LMs with additional training examples. Simulated 158

priming studies on wh-movement (Bhattacharya 159

and van Schijndel, 2020; Prasad et al., 2019) have 160

shown some evidence for a shared representation of 161

filler-gap dependency, but not constraints on the de- 162

pendency. More recent studies have retrained LMs 163

by augmenting their training data with positive ex- 164

amples of a dependency. Lan et al. (2024) show 165

that augmentation improves LMs’ performance on 166

complicated filler-gap constructions (parasitic gaps 167

and across-the-board movement). Extending this 168

approach across constructions, Howitt et al. (2024) 169

adopted their methodology and found that augment- 170

ing LSTMs’ training data with instances of one con- 171

struction (clefting and topicalization) failed to im- 172

prove performance on detecting filler-gap licensing 173

2However, see Huang et al. (2024) for evidence that LM
surprisal cannot reflect the quantitative effects of processing
difficulty for particular types of syntactically complex sen-
tences.

3Results are more mixed in Norwegian (Kobzeva et al.,
2023) and Dutch (Suijkerbuijk et al., 2023), which have differ-
ent filler-gap structures from English.
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and islands for other constructions (wh-movement,174

clefting, topicalization, and tough-movement).175

Although surprisal can effectively show whether176

LMs are able to assign probabilities appropriately177

for cases of filler-gap licensing, it may not nec-178

essarily directly reflect LMs’ internal representa-179

tions. Retraining LMs can help address whether180

they posit a shared representation for filler-gap de-181

pendencies, but results have been mixed.182

2.2 Causal Interventions183

In order to evaluate whether LM representations184

can indeed encode linguistic features of interest,185

several studies have adopted methods from mech-186

anistic interpretability, using causal interventions.187

Broadly speaking, these approaches manipulate an188

LM’s internal representations of individual items189

to find aspects of its representational space that are190

causally responsible for a desired feature (Wang191

et al., 2021; Lasri et al., 2022; Hao and Linzen,192

2023; Kryvosheieva et al., 2025, among others,193

see Mueller et al. (2025) for a review). Arora194

et al. (2024) evaluated causal intervention meth-195

ods on models from the Pythia series (Biderman196

et al., 2023), run on a large-scale suite of syntac-197

tic constructions (Gauthier et al., 2020), includ-198

ing wh-movement. Arora et al. (2024)’s best-199

performing method, Distributed Alignment Search200

(DAS) (Geiger et al., 2024), learns a rotation of the201

representation space to identify a direction; when202

intervened upon, this vector maximizes the proba-203

bility of a counterfactual output label. We provide204

further description of this method in 4.3. Boguraev205

et al. (2025) applied DAS to Pythia-6.9B, finding206

evidence for a shared representation across seven207

types of filler-gap constructions. In their analysis,208

they identify an underlying “transfer network” that209

evaluates whether the representation from one filler-210

gap construction can successfully be implanted in211

another. More frequent constructions, such as wh-212

questions, act as “source” nodes in the network213

towards infrequent “sink” nodes such as topicaliza-214

tion. Despite unequal contributions to the shared215

representation, evidence for such a representation216

did exist. They also identify a “lexical boost”4217

effect based on whether the examples involved in218

the intervention share the same level of animacy,219

that is; stronger causal effects when both sentences220

in the intervention describe animate or inanimate221

4This term is borrowed from psycholinguistic studies using
syntactic priming, where human processing gets facilitated by
similar sentence structures (Traxler et al., 2014).

subjects. 222

2.3 Developmentally Plausible Data 223

Although Boguraev et al. (2025) shows evidence 224

for an LM positing a shared mechanism for filler- 225

gap dependencies, they relied on a Transformer 226

model with billions of parameters, trained on a 227

Web-scale corpus (Gao et al., 2020). These re- 228

sults make the case that filler-gap dependencies 229

are learnable with a domain-general mechanism in 230

principle, but have less to say about questions of 231

human language acquisition (Wilcox et al., 2025). 232

Human learners demonstrate sensitivity to filler- 233

gap dependencies with exposure to exponentially 234

less input than modern LMs (Gagliardi et al., 2016; 235

Atkinson et al., 2018; Perkins and Lidz, 2021). The 236

BabyLM Challenge (Warstadt et al., 2023) trains 237

models on approximately 100 million tokens, the 238

estimated linguistic input of a child around 12 years 239

of age (Gilkerson et al., 2017). The data and models 240

from BabyLM allow researchers to answer ques- 241

tions about human language acquisition that would 242

be difficult to test experimentally, while providing 243

learners with training data mimicking children’s in- 244

put. A prior evaluation of BabyLM models’ perfor- 245

mance on filler-gap licensing and island constraint 246

violations found partial but incomplete acquisition, 247

with performance varying substantially across is- 248

land types (Chang et al., 2025). However, their 249

findings are limited to wh-movement, which fre- 250

quently occurs in children’s input (Furrow et al., 251

1979), but models should also be evaluated across 252

other constructions that appear less frequently to 253

see if they posit a shared representation. 254

3 Research Questions and Hypotheses 255

Our study seeks to evaluate whether a causal cross- 256

construction representation for filler-gap dependen- 257

cies is learnable under a domain-general mecha- 258

nism, provided that a learner has access to child- 259

like amounts of input data. To this end, we aim to 260

replicate findings from Boguraev et al. (2025) on a 261

model trained on the corpus used in the BabyLM 262

challenge, in service of extending results from lin- 263

guistically informed mechanistic interpretability 264

studies to questions about language development. 265

We evaluate the model on both a high-frequency 266

construction: wh-questions, compared to a low- 267

frequency construction, topicalization. We propose 268

the following three research questions: 269

• RQ1: Can a language model with relatively 270

3



Wh-Questions

Base Condition:

Did the teacher like him?

No filler present → expects object pronoun

Filler-Gap Condition:

Who did the teacher like [__]?

Wh-filler present → expects gap continuation

Dependency

Topicalization

Base Condition:

Actually, the teacher liked him.

No filler present → expects object pronoun

Filler-Gap Condition:

Actually, the author the teacher liked [__].

Topicalized NP filler → sentence closure

Dependency

Figure 1: The diagram contrasts Wh-Questions (left, green) and Topicalization structures (right, orange).

few parameters and human-like training data271

still posit a causal representation of filler-gap272

dependencies? If so, when does this effect273

emerge?274

• RQ2: Are representations localized within275

examples of the same construction?276

• RQ3: Do representations transfer from low-277

frequency to high-frequency constructions?278

We create three hypotheses based on these ques-279

tions. First, the version of the model trained on280

all 100 million tokens in the BabyLM training cor-281

pus should learn an abstract filler-gap mechanism282

that is detectable and transferable by DAS from283

one construction to another, based on some of the284

positive results from Chang et al. (2025). How-285

ever, due to the lack of language-specific induc-286

tive biases, we do not predict a strong causal ef-287

fect before 10 million tokens. This is because the288

BabyLM checkpoint for 10 million tokens mimics289

the linguistic input of children from ages 2-5 years290

(Warstadt et al., 2023), while English-speaking291

children are able to recognize filler-gap dependen-292

cies around 18 months (Perkins and Lidz, 2021)293

(H1: Misaligned Emergence Hypothesis). Sec-294

ond, since LMs likely learn the filler-gap depen-295

dency in a piecemeal fashion (Ozaki et al., 2022;296

Howitt et al., 2024), we expect stronger causal297

effects for within-construction interventions com-298

pared to cross-construction interventions. We also299

hypothesize that transfer improves when both con-300

structions share the same level of animacy, to repli-301

cate (Boguraev et al., 2025)’s findings for lexical302

boost effects. (H2: Construction-Specificity Hy-303

pothesis). Third, given the greater prevalence of304

wh-questions in language corpora, as opposed to305

topicalization, and existing work showing learn-306

ing correlates with input frequency (Ozaki et al.,307

2022; Boguraev et al., 2025), we expect an asym- 308

metrical and one-way transfer from high-frequency 309

wh-questions to low-frequency Topicalization (H3: 310

Frequency Modulation Hypothesis). 311

4 Methods 312

4.1 Model 313

We use the BabyLM-100M model (Warstadt et al., 314

2023). This model uses the GPT-2-small architec- 315

ture (Radford et al., 2019) trained on the BabyLM 316

Strict-100M corpus, consisting of a set of approx- 317

imately 100 million words as training data de- 318

signed to mimic the total linguistic input received 319

by an English-speaking child until early adoles- 320

cence (around 12 years of age) (Gilkerson et al., 321

2017; Warstadt et al., 2023). 322

The corpus consists of relevant data from the 323

British National Corpus, CHILDES language ac- 324

quisition database, Switchboard Dialog Act Corpus, 325

subtitles from children’s TV shows, and simplified 326

Wikipedia articles (Charpentier et al., 2025). 327

Multiple checkpoints for the model across the 328

training process were also released. We evaluate 329

several checkpoints where the model received in- 330

creasing amounts of input (1M–100M tokens): 10 331

checkpoints from 0–10M tokens and 9 checkpoints 332

between 10M–100M tokens. Additionally, nine 333

additional checkpoints (100M–1000M) are used in 334

extended analysis in the appendix.5 335

4.1.1 Constructions 336

We use two filler-gap constructions that have differ- 337

ent levels of frequency: matrix wh-questions (high 338

frequency) and topicalization (low frequency), 339

based on Ozaki et al. (2022). This combination 340

5If accepted, code and data for this paper will be publicly
released.
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allows us to systematically evaluate whether knowl-341

edge of high-frequency constructions can be trans-342

ferred to less frequent ones that may barely be343

present in children’s input.344

Wh-Questions (High Frequency). We use345

single-clause matrix wh-questions, such as “What346

did the doctor do ___?” and “What did the student347

read ___?” Wh-questions are very common in348

natural language and exist in child-directed speech349

(Furrow et al., 1979). Prior work demonstrates350

that neural LMs readily acquire sensitivity to wh-351

dependencies in English (Wilcox et al., 2024). This352

makes Wh-questions a plausible construction for a353

high-frequency “source” in transfer experiments.354

Topicalization (Low Frequency). We employ355

fronted object topicalization with an optional dis-356

course marker, such as “The student, the teacher357

liked ___” or “Actually, the book the author read358

___” Topicalization is extremely uncommon in359

natural language and almost absent from child-360

directed speech (Roland et al., 2007). Related361

works find that LMs fail to display the correct be-362

havior for topicalization (Ozaki et al., 2022), even363

when augmented with examples in the training data364

(Howitt et al., 2024).6 In addition, when analyzing365

transfer of the filler-gap mechanism across con-366

structions, Boguraev et al. (2025) found topical-367

ization had a low “out-degree” in their transfer368

network: despite receiving other constructions, top-369

icalization rarely transfers to them. This makes top-370

icalization a strong candidate for a low-frequency371

“sink” construction for our experiments.372

We created minimal pairs following the origi-373

nal template and methodology of Boguraev et al.374

(2025). Each pair compares a base sentence with375

no filler-gap dependency with a filler-gap sentence376

containing a matrix wh-question or a topicalization377

setup. The model’s expected next-token prediction378

differs based on the two predicted gaps (marked379

with _):380

4.2 Materials381

Replicating the experimental structure of Bogu-382

raev et al. (2025), we test sentences with both an-383

imate and inanimate fillers. Animate fillers use384

who (wh-questions) or NPs with perceived life385

or agency, such as the author (topicalization). In386

contrast, inanimate fillers use what (wh-questions)387

6Howitt et al. (2024) show that including the discourse
marker leads to slight qualitative improvements, but the gen-
eralization is only learned in one direction, when the filler is
present.

Input: “Did the teacher like him?”

Entangled
Representation

a⊤ Project onto a
(Learned via SGD)

1D Subspace
(Filler-Gap)

FILLER_
PRESENT

Source: “Who did...”
(Has Filler)

High-Level Model

Inject Feature

a Add to Stream

Next Layers...

Figure 2: To create a DAS vector, we learn a direction a
to align neural representations with the binary variable
FILLER_PRESENT. We intervene by projecting the
difference between the source and base representations
onto a and injecting it into the base sentence.

or nonliving and nonsentient NPs such as the 388

book. This creates four dataset template variants: 389

wh_animate, wh_inanimate, topic_animate, and 390

topic_inanimate. 391

Different combinations of the following lexical 392

items are used in respective templates: Subject 393

NPs (50 animate nouns: teacher, doctor, manager, 394

etc.), Verbs (30 transitive verbs: like, admire, fol- 395

low, etc.), Auxiliaries for wh-questions (7 verbs: 396

did, will, could, etc.), and Licensing adverbs for 397

topicalization (25 adverbs: Actually, Frankly, Sur- 398

prisingly, etc.). We verified all materials consist 399

of one token for the model and occur within the 400

BabyLM corpus.7 401

This yielded approximately 21,000 unique sen- 402

tence pairs for wh-questions and 1,875,000 for top- 403

icalization per animacy condition. Topicalization 404

randomly selects both the sentence-initial adverb 405

and the topicalized filler phrase, increasing the 406

amount of unique sentences. However, both pools 407

remain substantially larger than 2000 pairs sampled 408

for DAS training, maintaining sentence diversity 409

for generalization. 410

4.3 Distributed Alignment Search (DAS) 411

Distributed Alignment Search (DAS) is a causal 412

intervention method to test if a high-level con- 413

cept aligns with the internal weights of a language 414

model (Geiger et al., 2024). We can define a mini- 415

7See Nair and Resnik (2023), Giulianelli et al. (2024), and
Oh and Schuler (2025) for discussion of tokenization and
psycholinguistic applications.
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mum causal model for a filler-gap dependency us-416

ing a binary variable: FILLER_PRESENT ∈ {0, 1}.417

This variable causally influences gap expectations418

and the model’s next-token predictions.419

Given a source sentence with a filler (1) and a420

base sentence without a filler (1), we can intervene421

based on the internal representations of the base422

sentence by implanting the learned filler-gap DAS423

feature from the source, as seen in figure 2. A424

successful implementation should shift the predic-425

tion of the model from the base label (him) toward426

the source label (?). This would suggest that the427

filler-gap dependency is encoded at the intervention428

site (Wu et al., 2024).429

4.3.1 Training430

Following prior work, we use a 1-dimensional vari-431

ant of DAS vector (Geiger et al., 2024; Arora et al.,432

2024; Boguraev et al., 2025). Given an embed-433

ding space with dimensionality d, for each layer ℓ434

and token position p, we learn a direction vector435

aℓ,p ∈ Rd that defines a one-dimensional subspace436

in which the filler-gap feature is encoded, between437

the model’s representations of the base construc-438

tion at ℓ and p (hbase,ℓ,p ∈ Rd) and the source439

construction (hsource,ℓ,p ∈ Rd). Once the vector a440

is learned, the intervention projects the difference441

between the source and base representations onto442

a and adds it to the base representation:443

h̃ = hbase + aa⊤(hsource − hbase) (1)444

This intervention preserves the orthogonal di-445

mensions of the base representation and only mod-446

ifies the value along the learned feature direction447

a. The direction is optimized to minimize cross-448

entropy loss between the counterfactual predictions449

of the model after intervention and the source sen-450

tence labels.451

We use a batch size of 25, 80 training steps per452

layer-position combination, and a learning rate of453

5×10−3 to train each DAS vector. We provide fur-454

ther information on hyperparameter selection in455

Appendix A. Due to the comparatively low number456

of layers in BabyLM’s architecture, we test all 12457

layers across 6 token positions aligned to template458

slots: prefix (position 0), filler (position 1), auxil-459

iary/complementizer (position 2), article (position460

3), subject NP (position 4), and verb (position 5).461

4.3.2 Evaluation Metrics462

We primarily use the ODDS metric to quantify the463

magnitude of the causal effect through measuring464

how much the intervention shifts log-probabilities 465

toward the counterfactual outcome. This is given 466

by the formula: 467

ODDS = log P (base | clean)
P (source | clean)

+ log P (source | int)
P (base | int)

(2) 468

In Equation (2), ‘clean’ refers to a standard for- 469

ward pass without an intervention, while ‘int’ refers 470

to a forward pass where the DAS intervention is 471

applied. 472

A positive ODDS value suggests the intervention 473

successfully shifts predictions toward the source; in 474

addition, the higher the ODDS values, the stronger 475

the causal effects. 476

Utilizing empirical findings from Arora et al. 477

(2024) on the Pythia model family, we establish 478

the following qualitative thresholds: values near 479

0 show little to no causal effect (comparable to 480

random baselines), values in the 3–6 range demon- 481

strate emerging to moderate causal structure (as 482

seen in smaller models such as Pythia-14M), and 483

values greater than 8 indicate strong causal mech- 484

anisms (as seen in larger models such as Pythia- 485

6.9B). 486

We primarily report MAX ODDS , or the maxi- 487

mum ODDS value across all layers at a given po- 488

sition. The goal of DAS is to localize the feature 489

to specific layers, so the maximum represents the 490

layer-position combination with the most effective 491

causal effect. 492

4.3.3 Experiments 493

We run two types of experiments: localization and 494

transfer, to evaluate generalizations within and 495

across construction types. 496

1. Wh → Wh (within-construction localiza- 497

tion): Train DAS on wh-questions, test on 498

held-out wh-questions 499

2. Topic → Topic (within-construction local- 500

ization): Train DAS on topicalization, test on 501

held-out topicalization 502

3. Wh → Topic (forward transfer): Train DAS 503

on wh-questions, test on topicalization 504

4. Topic → Wh (backward transfer): Train 505

DAS on topicalization, test on wh-questions 506

The localization experiments (Wh→Wh, 507

Topic→Topic) quantify the extent to which 508
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Figure 3: Developmental trajectory of all filler-gap mechanisms across training. Error bands show ±1 SE across a
minimum of 6 seeds. All four conditions show a monotonic increase with training tokens.

the DAS can identify filler-gap representations509

within each construction type. Likewise, cross-510

construction transfers (Wh→Topic, Topic→Wh)511

test if representations of a given construction are512

generalizable across the filler-gap constructions.513

If the transfer is symmetric, ODDS retention514

should be similar in both directions. If frequency515

modulates transfer, we predict asymmetrical516

transfer towards the high-frequency (Wh → Topic)517

direction.518

4.4 Statistical Analysis519

We fit a linear model predicting MAX ODDS from520

number of training tokens, transfer direction, and521

animacy:522

y = β0 + βtxtokens + βdxdir + βaxanim + ϵ (3)523

Where y is MAX ODDS , and x represents524

the fixed effects for token count, transfer direc-525

tion, and animacy. Post-hoc contrasts used esti-526

mated marginal means with Holm-Bonferroni cor-527

rection for 171 pairwise comparisons (Lenth and528

Piaskowski, 2017). Cohen’s d is used to measure529

effect sizes using the residual standard deviation.530

5 Results531

We present the results from 19 BabyLM check-532

points in the developmentally plausible range (1M–533

100M tokens) across multiple constructions (wh-534

questions, topicalization) and animacy conditions535

(animate, inanimate). All experiments were re-536

peated on a minimum of 6 seeds to establish tighter537

bounds of confidence. The linear model achieved 538

R2 = 0.53, F (22, 4537) = 235, p < .001. 539

5.1 Developmental Trajectory 540

Figure 3 shows MAX ODDS across training on 541

all four transfer directions. Filler-gap localiza- 542

tion significantly increased with training duration 543

(F (18, 4537) = 264.3, p < .001), from near zero 544

at 1M tokens (MAX ODDS ≈ 0.8) to a robust effect 545

by 100M (MAX ODDS ≈ 10.6 for Wh→Wh). Qual- 546

itatively, relatively stronger causal effects (MAX 547

ODDS > 8) began emerging after around 50M to- 548

kens, while the effects are weaker (MAX ODDS ≈ 549

3) around 10M tokens. 550

5.2 Within-Construction Localization 551

Both constructions displayed successful within- 552

construction localization, increasing with train- 553

ing tokens. At 100M tokens, Wh→Wh achieved 554

MAX ODDS = 10.56 (SD = 2.11) and Topic→Topic 555

achieved MAX ODDS = 9.79 (SD = 3.24). Com- 556

pared to the results of the transfer experiments, 557

within-construction localization effects consis- 558

tently exceeded cross-construction transfer effects 559

(mean difference = 1.33 MAX ODDS , t = 17.4, 560

p < .001, d = 0.52), showing that high perfor- 561

mance on one dependency type does not completely 562

generalize to others. 563

5.3 Cross-Construction Transfer 564

Unlike the frequency-based prediction in Hypothe- 565

sis 3, Topic→Wh transfer exceeded Wh→Topic 566

transfer throughout training (difference = 0.57 567

MAX ODDS , t = -5.29, p < .001, d = -0.22). At 568
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Contrast Est. SE t p d

Within–Across 1.33 0.08 17.4 <.001 0.52
Wh→Topic–Topic→Wh -0.57 0.11 -5.3 <.001 -0.22
Animate–Inanimate 0.68 0.08 8.6 <.001 0.26

Table 1: Post-hoc comparisons from linear model. Neg-
ative asymmetry results suggest Topic→Wh outper-
formed Wh→Topic.

the 100M checkpoint, Topic→Wh achieved MAX569

ODDS = 7.82 versus Wh→Topic’s MAX ODDS =570

6.21.571

This transfer asymmetry could be due to wh-572

questions developing a more item-specific repre-573

sentation that transfers less effectively across con-574

struction types. Conversely, a more general mech-575

anism may be reflected in topicalization, when it576

is learned, due to little to no presence in the input.577

We evaluate this behavior on the model when it is578

trained on up to 1 billion tokens in Appendix A.3.579

5.4 Animacy Effects580

We find further evidence of a “lexical boost” effect581

predicted by Boguraev et al. (2025). DAS transfer582

was significantly stronger when animacy of train-583

ing and evaluation matched relative to animacy-584

mismatched conditions (difference = 0.67 MAX585

ODDS , t = 4.86, p < .001, d = 0.28).586

6 Discussion and Conclusions587

This study applies causal interventions to determine588

how a language model learns filler-gap dependen-589

cies when provided with developmentally realistic590

amounts of training data from the BabyLM corpus,591

determining if findings from larger LMs (Bogu-592

raev et al., 2025) apply in this setting. Using DAS,593

we evaluated BabyLM-100M’s generalizations in594

four experimental conditions: localization within595

constructions and transfer across constructions, for596

two types of filler-gap dependencies, wh-questions597

and topicalization. Our results show that the model598

learns a shared representation for filler-gap depen-599

dencies, but still requires far more data than chil-600

dren would, and is still highly sensitive to variation601

across items.602

Regarding RQ1, which asks both whether and603

when LMs learn a causal representation, we find604

evidence in favor of our misaligned emergence605

hypothesis. Although the BabyLM-100M model606

showed strong causal effects when trained on the607

full corpus, they failed to emerge when the model608

received human-like quantities of training data.609

The full corpus was comparable to the input avail- 610

able to English-speaking adolescents (up to around 611

12 years) (Warstadt et al., 2023), while children ex- 612

hibit robust knowledge of filler-gap dependencies 613

prior to two years of age (Gagliardi et al., 2016; 614

Atkinson et al., 2018; Perkins and Lidz, 2021). In 615

their description of the BabyLM corpus, Warstadt 616

et al. (2023) report that the 10M checkpoint corre- 617

sponds to children’s linguistic knowledge between 618

the ages of 2 and 5. If the model was learning 619

with a human-like mechanism, we would expect 620

strong causal effects prior to this checkpoint, yet 621

only report weak effects, if any. 622

RQ2 asks whether the learned representations 623

are specific to particular constructions. We found 624

evidence for this construction-specificity hypoth- 625

esis because the localization experiments consis- 626

tently performed better than the transfer experi- 627

ments. That is, generalization within examples of 628

the same construction was far more effective than 629

transferring representations across constructions. 630

We also replicated the lexical boost effects when 631

animacy gets matched during the intervention, sug- 632

gesting this feature may transfer across items. Re- 633

garding the direction of transfer, as discussed in 634

RQ3, we found improved performance generaliz- 635

ing from topicalization to wh-questions, which was 636

the opposite of our predictions in the frequency 637

modulation hypothesis. Future work can determine 638

if this happens because LMs may learn more item- 639

specific representations for wh-questions since they 640

are more frequent, and deploy a more generalized 641

mechanism to represent topicalization. 642

Overall, instead of positing a single, general rep- 643

resentation of filler-gap constructions, LMs learn 644

item and construction-specific representations. Fu- 645

ture work should extend DAS to evaluate learning 646

the filler-gap dependency in both directions and 647

sensitivity to island constraints, across more di- 648

verse construction types. 649

When modeling human language acquisition, 650

however, our results show LMs trained solely on 651

next-word prediction are not sufficient. Instead, 652

we emphasize the need to model learning with ex- 653

plicit inductive biases over structured hypothesis 654

spaces. LMs may still play a role in this enterprise, 655

through reflecting inductive biases architecturally 656

(Murty et al., 2023) or specifying possible hypoth- 657

esis spaces (Misra and Kim, 2024; Portelance and 658

Jasbi, 2024). Thus, cognitive models of language 659

acquisition should build on advances from statisti- 660

cal learning, while acknowledging their limits. 661

8



Limitations662

This study only focused on English, limiting the663

generalizability of these results to other languages664

where filler-gap dependencies behave differently665

under LMs (Kobzeva et al., 2023; Suijkerbuijk666

et al., 2023). Additionally, the training corpus is667

based on text input alone, while children learn from668

spoken data, multimodal environments, and social669

interaction (Meylan et al., 2023; Vong et al., 2024).670

Since this study focused on extending Boguraev671

et al. (2025)’s results to a BabyLM-scale model, we672

did not evaluate whether it could recognize the ab-673

sence of filler-gap dependencies, and for island con-674

straints, which have been used in surprisal-based675

studies (Ozaki et al., 2022; Wilcox et al., 2024;676

Howitt et al., 2024; Chang et al., 2025). More677

complex materials would also be useful to ensure678

results are not associated with confounding factors679

like punctuation, since we extract representations680

from periods and question marks. Lastly, although681

DAS was the best performing method from Arora682

et al. (2024), measures like Boundless DAS operate683

over subspaces instead of single dimensions (Wu684

et al., 2023; Geiger et al., 2024), and could have685

yielded stronger causal effects.686

Ethical Considerations687

This work used publicly available data and models,688

which are described further in the original publica-689

tions. We do not foresee any risks associated with690

this work, as we used the data for their intended691

purpose to study human language acquisition. Gen-692

erative AI (GenAI) was used in this project. We693

used Antigravity8 to design plots and refactor code,694

and Claude Opus 4.5 to refine paper writing for695

brevity. We never use GenAI for writing text from696

scratch in this paper. We take complete responsi-697

bility for any GenAI errors. By discussing GenAI698

usage here, we aim to encourage other researchers699

to do the same.700
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A Appendix997

A.1 Hyperparameter Selection998

Early experiments found that the default hyperpa-999

rameters reported in the Boguraev et al. (2025)1000

codebase (batch size 25 × 16 steps) resulted in un-1001

dertrained DAS vectors. This is possible because1002

the Pythia 1.4B model has far more parameters and1003

was trained on far more data compared to BabyLM-1004

100M.1005

We conducted a hyperparameter sweep to deter-1006

mine optimal DAS training parameters. Figure 41007

and 5 show MAX ODDS across different batch sizes1008

(8, 16, 25, 32) and training steps (40, 60, 80, 100,1009

120) for the Wh→Wh within-construction condi-1010

tion at the 100M checkpoint. Based on these results,1011

we selected a batch size of 25 with 80 training steps1012

(2000 total samples) for all experiments.1013

The learning rate was fixed at the default value1014

of 5×10−3 used in Arora et al. (2024).1015

A.2 Animacy Figures1016

Supplementing the statistical tests for animacy ef-1017

fects in 5.4, we plot the increase in MAX ODDS1018

across training split by lexical matching conditions.1019

Figure 6 compares the causal performance when1020

the intervention source and target base sentences1021

share the same animacy status (Animate → Ani-1022

mate) versus differing animacy status (Animate →1023

Inanimate). Results show a consistent gap between1024

the two conditions, suggesting the learned repre-1025

sentation may retain sensitivity to lexical features,1026

such as animacy, through the pretraining process.1027

To separate animacy effects from construction-1028

specific variance, the reported metrics for both Fig-1029

ure 6 and statistical testing are averaged across1030

wh-question and topicalization constructions.1031

A.3 Beyond Developmental Constraints1032

We also present our results for the full 1 billion1033

token training trajectory (100M–1000M tokens)91034

based on additional checkpoints released for the1035

BabyLM model to better understand how filler-1036

gap mechanisms continue to develop beyond de-1037

velopmentally plausible input levels. We see cross-1038

construction generalizations plateau after 100M1039

tokens, and performance begins to overlap for1040

both sets of results. LMs could require more in-1041

put to learn a representation specific to topical-1042

ization, since it rarely shows up in children’s in-1043

9The model received 1000M tokens because it was trained
on the 100M token dataset for 10 epochs.

put. These results confirm our overall claims lo- 1044

calization within examples of one construction is 1045

stronger than transfer across constructions, while 1046

showing inconclusive evidence for our third hypoth- 1047

esis regarding interactions between construction 1048

frequency and transfer. 1049
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Figure 4: Hyperparameter sweep for DAS training. MAX ODDS increases with training samples and stabilizes
around 2000 samples (batch size 25 × 80 steps).
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Figure 5: MAX ODDS as a function of total training samples, collapsed across batch sizes. Performance plateaus
around 2000–2500 samples.
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Figure 6: Developmental trajectory of lexical boost across training. Error bands show ±1 SE across a minimum of
2 seeds.
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Figure 7: Full developmental trajectory from 1M to 1000M tokens. Filler-gap mechanisms continue to improve but
begin to plateau around 500M–700M tokens.
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Figure 8: Transfer asymmetry across full training range. The asymmetry (Topic→Wh > Wh→Topic) persists and
slightly increases at later checkpoints.
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