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Abstract001

Understanding whether large language models002
operate under constraints comparable to human003
linguistic cognition remains a central question004
in AI and cognitive science. While there has005
been some research into whether LLMs can006
learn linguistically possible and impossible lan-007
guages, it is less clear whether they can system-008
atically recover linguistic structure and mean-009
ing from systematically degraded input. In this010
work, we investigate whether LLMs can trans-011
late and recover impossible languages back into012
possible forms and whether there is any dif-013
ference between different types of impossible014
languages for recovery. By fine-tuning GPT-2015
on several perturbation types, we find that mod-016
els can reconstruct grammatically well-formed017
output, with performance systematically mod-018
ulated by the nature of the perturbation. Mod-019
els trained on longer sentences benefit from020
richer training contexts, although longer se-021
quences also increase the difficulty of resolving022
non-local dependencies. Overall, our findings023
indicate that LLMs display a preference for024
local over distant dependencies, yet can still025
overcome structural violations that render in-026
put unintelligible, revealing a partial alignment027
between neural architectural constraints and028
human linguistic biases.029

§ https://anonymous.4open.science/r/
impossible_translation-9C4D

030

1 Introduction031

Human cognitive constraints determine which lan-032

guages humans can learn, understand, and use033

(Chomsky, 1957, 1986; Jackendoff, 2002; Pinker,034

1994). One goal of linguistics is to distinguish035

natural languages from other systems (de Saus-036

sure, 1983; Hockett, 1958; Lyons, 1968). Hence,037

linguists have proposed various descriptive frame-038

works, with some theories of universal gram-039

mar focusing on word order patterns and relation-040

ships among sentence elements, drawing on cross-041

linguistic typology (Greenberg, 1963; Hawkins,042

Impossible
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Possible
Language

The cat R
mat the on sat

The loudly
barked dog

Forodo live
at Bag End in

S the Shire.

LLMs

The cat sat
on the mat

The dog
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Forodo lives
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Figure 1: Translation task overview. Three separate
LLMs are fine-tuned on specific perturbation types
(LOCALSHUFFLE, PARTIALREVERSE, WORDHOP).
Each model translates its corresponding impossible lan-
guage input (left) into possible language output (right),
recovering disrupted natural structure.

1983; Dryer, 1992), formal semantics (Barwise and 043

Cooper, 1981; Keenan and Stavi, 1986), syntactic 044

theory (Vennemann, 1974; Primus, 2001; Hawkins, 045

1994), and generative grammar (Chomsky, 1981, 046

1995). 047

A central criticism of LLMs is that they fail to 048

capture constraints defining human linguistic com- 049

petence. Chomsky and colleagues argue that LLMs 050

cannot distinguish between possible and impossi- 051

ble languages, as they can accommodate systems 052

violating universal grammatical principles, thereby 053

undermining their status as models of the human 054

language faculty (Chomsky, 2023; Chomsky et al., 055

2023). Moro et al. (2023) argue that impossible lan- 056

guages exist only for humans, as neurobiological ar- 057

chitecture constrains learnable grammars, whereas 058

LLMs lack such constraints. Extending this view, 059

Bolhuis et al. (2024) contend that LLMs do not 060

model human language representation or acquisi- 061

tion, since their behaviour arises from statistical 062

optimisation rather than biological mechanisms. 063
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While some argue that LLMs process impossible064

and possible languages similarly (Ziv et al., 2025),065

Kallini et al. (2024) demonstrate systematic learn-066

ing differences, showing a clear bias toward natu-067

ral language structures. This suggests that while068

LLMs can technically learn impossible languages,069

the principles defining human linguistic feasibility070

still influence their performance.071

A fundamental principle underlying human lan-072

guage is information locality, which posits that073

semantically and syntactically related elements ap-074

pear close together in linear order (Gibson et al.,075

2000; Futrell et al., 2020). The Dependency Lo-076

cality Theory (DLT) formalizes this, predicting077

that processing difficulty increases as distance be-078

tween dependent elements grows, reflecting cog-079

nitive constraints on working memory during in-080

cremental comprehension (Gibson, 1998). Cross-081

linguistic research supports this through depen-082

dency length minimisation (DLM), showing natu-083

ral languages systematically organise word order to084

keep grammatically related elements close together.085

(Hawkins, 1994; Liu, 2008; Futrell et al., 2020;086

Temperley, 2018). When information locality is087

violated through scattered dependent elements with088

intervening unrelated material, structures become089

cognitively inaccessible to humans despite intact090

lexical content, rendering text incomprehensible091

because information cannot be efficiently accessed092

(Levy, 2008; Hahn et al., 2020).093

This study examines whether LLMs can trans-094

late linguistically impossible languages into possi-095

ble forms by recovering information rendered inac-096

cessible through structural violations. We applied097

perturbation functions to the BabyLM dataset that098

systematically altered sentence structures, intro-099

ducing linguistic inconsistencies absent in natural100

languages (Warstadt et al., 2023; Sinha et al., 2021).101

We then fine-tuned three separate GPT-2 models102

on these transformed datasets to reconstruct valid103

forms (Radford et al., 2019; Ebrahimi et al., 2020).104

As Figure 1 illustrates, each model translates im-105

possible language inputs into possible language106

outputs, recovering disrupted natural structure (one107

model for each impossible language).108

Some perturbations employed in this study sys-109

tematically violate information locality. By scram-110

bling word order or inserting distance-based mark-111

ers, these transformations increase dependency112

lengths and disrupt local relationships, enabling in-113

cremental comprehension (Gibson et al., 2000; Liu,114

2008). Since intelligible natural language requires115

semantically related words to appear close together, 116

translating an impossible language requires mod- 117

els to identify scattered semantic dependencies and 118

restore characteristic proximity. This raises a crit- 119

ical question: can LLMs, not subject to the same 120

working memory limitations as humans, recover in- 121

formation made inaccessible by locality violations? 122

Investigating whether neural language models 123

can translate these structurally degraded inputs 124

back into forms respecting information locality pro- 125

vides insight into LLM architectural biases and 126

their relationship to cognitive constraints defining 127

possible human languages (Kallini et al., 2024; Xu 128

et al., 2025; Tran et al., 2018; Khandelwal et al., 129

2018). Beyond theoretical implications for under- 130

standing neural architectures and human linguistic 131

constraints, this information recovery capability 132

has practical applications in processing corrupted 133

text, restoring degraded documents, and handling 134

noisy linguistic input. This study provides insights 135

into limits and capabilities of LLMs in language 136

learning, demonstrating their potential to interpret 137

and transform linguistically impossible inputs into 138

coherent outputs, contributing to understanding ma- 139

chine learning applications in linguistics, cognitive 140

science, and artificial intelligence1. 141

2 Background and Previous Work 142

Chomsky’s Universal Grammar (UG) framework 143

distinguishes possible from impossible human lan- 144

guages, proposing that all human languages share 145

constrained structural principles from innate cogni- 146

tive mechanisms (Chomsky, 1965). Crucially, for- 147

mal inadequacy (whether grammatical formalisms 148

describe natural language structure) differs from 149

cognitive impossibility (whether humans can learn 150

a linguistic system) (Moro, 2016; Musso et al., 151

2003). Impossible languages are defined by un- 152

learnable grammars which humans cannot acquire 153

despite exposure due to cognitive constaints, rather 154

than failure to fit formal grammatical models. Em- 155

pirical evidence suggests languages relying solely 156

on position-based rules without hierarchical struc- 157

ture are impossible, conflicting with core syntactic 158

processing mechanisms and fundamentally con- 159

cerning learnability rather than formal expressive- 160

ness (Musso et al., 2003; Smith and Tsimpli, 1993). 161

Nefdt (2024) argues identifying possible gram- 162

mar boundaries requires grounding in theoretical 163

1All data and source code for this paper are available on
GitHub
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Language Example 1 Example 2

ORIGINAL TEXT It is nice in there we ’d need to look at it again , would n’t we

LOCALSHUFFLE there It in is nice we ’d need to it look again at , would n’t we

PARTIALREVERSE It is R there in nice we ’d need R we n’t would , again it at look to

WORDHOP It be nice in there S we ’d need to look at P it P again , would n’t we P

Table 1: Example data for each perturbation function. For ease of comparison, we use a similar visualisation to
Kallini et al. (2024).

linguistic competence, not solely distributional reg-164

ularities. Smith and Tsimpli (1993)’s work on the165

polyglot savant Christopher showed successful ac-166

quisition of an artificial language consistent with167

universal principles but failure to learn one vio-168

lating them, suggesting certain grammars remain169

unlearnable even for exceptionally linguistically170

talented individuals. Neurolinguistic studies show171

brain regions for syntactic processing selectively172

respond to natural language-compatible structures,173

supporting that impossible languages lack neuro-174

biological realisation (Moro, 2016; Musso et al.,175

2003). However, empirical evidence remains re-176

markably limited. Smith and Tsimpli (1993) focus177

on a single individual and most theoretical claims178

lack systematic empirical testing. This gap high-179

lights computational approaches’ potential value,180

as LLMs offer systematic ways to test which lin-181

guistic systems are truly unlearnable, providing182

empirical grounding for theoretical claims about183

possible human language boundaries.184

Against this theoretical and cognitive backdrop,185

artificial neural networks examined as linguistic186

competence models reveal important discrepan-187

cies. Hahn (2020) shows standard self-attention188

architectures face intrinsic limitations modelling189

unbounded hierarchical dependencies, challenging190

their adequacy as full natural language syntax mod-191

els. Mitchell and Bowers (2020) demonstrate that192

recurrent neural networks learn highly unnatural193

patterns humans do not acquire, highlighting mis-194

alignment between human and neural inductive195

biases. While approximating complex string dis-196

tributions, they are not automatically constrained197

by possible human languages and may generalise198

divergently from human cognition.199

Studies of transformer capabilities show mixed200

results. Abdou et al. (2022) show that models201

trained on shuffled text retain non-trivial word or-202

der information, while Huang et al. (2023) demon-203

strate that lexically invariant transformer vari-204

ants match standard models under long contexts. 205

Ebrahimi et al. (2020) show that self-attention net- 206

works learn certain hierarchical languages with ap- 207

propriate cues, though Delétang et al. (2023) argue 208

standard architectures face principled challenges 209

representing complex hierarchical dependencies 210

without explicit structured memory. 211

Recent research comparing human learners 212

and LLMs shows that both benefit from com- 213

positional, structured input (Galke et al., 2024), 214

with transformers partially encoding hierarchical 215

phrase structure though not fully matching genera- 216

tive grammar expectations (Alleman et al., 2021). 217

Kallini et al. (2024) demonstrate that LLMs ex- 218

hibit systematic learnability differences between 219

possible and impossible languages, displaying bi- 220

ases toward natural patterns while struggling with 221

highly unnatural systems. Xu et al. (2025) find 222

that GPT-2 shows learning slowdowns aligned with 223

typological universals when acquiring implausible 224

counterfactual languages, though it can ultimately 225

learn them. While LLMs can learn highly unnatural 226

patterns, their learning is shaped by architectural 227

and data-driven biases that only partially overlap 228

with the cognitive constraints defining human lan- 229

guage, motivating examination of whether LLMs 230

can systematically recover possible languages from 231

impossible ones by reversing perturbations violat- 232

ing natural linguistic structure. 233

3 Method 234

The main goal of this research is to train an LLM 235

to translate impossible language into possible lan- 236

guage. Formally, we define a perturbation function 237

f : A → A′ where A represents standard English 238

text and A′ is the perturbed version. Our objective 239

is to train a model M such that M(A′) := A, ef- 240

fectively reversing the perturbation and recovering 241

the original linguistic information. 242

A critical constraint is that M must not have 243

3



"Fix this text: The cat R mat the on sat\nCorrected: The cat sat on the mat"

<[-100][-100][-100][-100]...[-100][-100][-100][-100]> <tokens>

Ignored in loss Learned from

Figure 2: The mechanism of masking labels and calculating loss

been pre-trained on A. If M had prior exposure to244

standard English, it could leverage that knowledge245

rather than genuinely learning to recover linguistic246

structure from perturbed input, confounding our247

evaluation of information recovery. Therefore, M248

must be pre-trained on an impossible language and249

then fine-tuned for the translation task. To satisfy250

this requirement, we adopt the models pre-trained251

by Kallini et al. (2024) as the starting point for252

our fine-tuning process, since these models were253

trained from scratch on impossible languages, gen-254

erated by applying different perturbation functions255

to standard English sentences.256

3.1 Data Generation257

The BabyLM (Warstadt et al., 2023) dataset was258

used for these experiments, specifically selecting259

the bnc_spoken and Gutenberg subsets to anal-260

yse the impact of contrasting sentence lengths on261

translation performance. Applying perturbations262

to these subsets yields paired examples (perturbed,263

original) for training.264

Following Kallini et al. (2024), we apply three265

perturbation functions that systematically violate266

natural characteristics of language.267

LOCALSHUFFLE: This perturbation randomly268

reorders words within a local window, disrupt-269

ing the sequential arrangement while maintaining270

words within bounded distances.271

PARTIALREVERSE: A random starting point272

is selected within the sentence, and an R token is273

placed in this position, and subsequent tokens are274

reversed in order. This creates a partition where275

the initial segment remains unchanged, the final276

segment reversed, and the R marks the boundary.277

WORDHOP: This perturbation violates the278

principle that no human language requires counting279

words for grammatical operations (Musso et al.,280

2003) by adding markers ( S for singular, P281

for plural) at fixed distances after verbs based on282

subject-verb agreement.283

Table 1 presents examples of each function.284

We created three datasets, each containing paired285

texts (impossible, possible), by applying one per- 286

turbation strategy to each. Preprocessing included 287

tokenization, lemmatization, POS tagging, and con- 288

stituency parsing, enabling grammatical structure- 289

dependent perturbations such as WORDHOP’s 290

verb phrase identification and marker placement. 291

To investigate training scale effects, we created 292

datasets of 10K and 100K sample pairs from 293

bnc_spoken. 294

3.2 Model Fine-tuning 295

The models were fine-tuned by combining the 296

causal language modelling (CLM) paradigm of 297

GPT-2 (Radford et al., 2019) with a masked la- 298

bel strategy. Each training sample consists of a 299

pair: an impossible text and its corresponding pos- 300

sible version. These pairs are formatted into the 301

following instruction-response structure: 302

Fix this text: <impossible_text>
Corrected: <possible_text><|endoftext|>

303

To ensure the model focuses on producing cor- 304

rect output rather than memorising instructions, 305

masked labelling is applied. The instruction por- 306

tion (from sequence start to the word Corrected) 307

receives label value [−100], while the response 308

portion (correct text and <|endoftext|> token) 309

retains its tokens as labels. Only these tokens con- 310

tribute to the cross-entropy loss, enabling the model 311

to learn accurate corrections conditioned on the in- 312

struction. Figure 2 displays the label masking and 313

loss calculation. 314

3.3 Experimental Design 315

We conduct three experiments testing whether 316

LLMs exhibit locality constraints when translating 317

impossible languages. We hypothesise that transla- 318

tion performance degrades as perturbations inten- 319

sify locality violations. Our perturbations systemat- 320

ically violate this by scattering related words across 321

sentences, altering the normal subject-verb agree- 322

ment rule. If LLMs exhibit locality constraints, 323
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translation performance should degrade as viola-324

tions intensify: longer sentences increase difficulty325

by expanding distances between related elements326

and enlarging reordering search spaces, while per-327

turbation types should vary by locality disruption328

severity.329

In all experiments, models were trained on330

NVIDIA H100 96GB GPUs. We train with a batch331

size of 512. Training the 100K dataset requires ap-332

proximately 1 GPU hour per model.333

Experiment 1: Effect of Training Sample Size.334

This experiment investigates how training data335

size influences translation performance. Mod-336

els were fine-tuned on 10K and 100K subsets337

of bnc_spoken, with learning progress evaluated338

at multiple checkpoints using Exact Match (EM),339

measuring perfect reconstruction (Rajpurkar et al.,340

2016), and BLEU score quantifying n-gram over-341

lap (Papineni et al., 2002). These metrics suit the342

task because impossible and possible texts share343

vocabulary but differ in token order, making both344

perfect reconstruction (EM) and partial accuracy345

(BLEU) informative. The hypothesis is that larger346

datasets will improve performance across all pertur-347

bations, but with different learning rates: WORD-348

HOP should be learned fastest due to preserved349

word order, while LOCALSHUFFLE and PARTIAL-350

REVERSE will require more examples to recover351

disrupted locality.352

Experiment 2: Effect of Sentence Length.353

Building on the locality principle introduced above,354

this experiment directly tests how sentence length355

affects the difficulty of recovering grammatical356

structure. Results were compared between the357

bnc_spoken dataset (shorter sentences, avg. 12 to-358

kens) and the Gutenberg dataset (longer sentences,359

avg. 40 tokens). The hypothesis is that longer360

sentences provide more training signal, potentially361

improving overall performance, but simultaneously362

increase difficulty for perturbations disrupting in-363

formation locality. Specifically, LOCALSHUFFLE364

and PARTIALREVERSE are expected to show com-365

plex effects: benefits from additional training con-366

tent may be offset by challenges from related words367

scattered over greater distances, which exponen-368

tially expand the space of possible reorderings and369

integration costs. WORDHOP is expected to ben-370

efit more straightforwardly from longer sentences371

since it preserves underlying word order and only372

adds markers at fixed distances, maintaining most373

local dependencies intact.374

(a) 10K training samples (b) 100K training samples

Figure 3: Training progress on bnc_spoken with (a)
10K and (b) 100K samples. WORDHOP learns fastest,
reaching ∼60% BLEU and ∼30% EM on 100K data,
while LOCALSHUFFLE and PARTIALREVERSE con-
verge more slowly at lower performance levels. For
larger plots, see Figure 6.

Experiment 3: Quality of Generated Text. This 375

experiment evaluates the extent to which gener- 376

ated texts are similar to human-written text using 377

perplexity, computed under pretrained GPT-2 to 378

measure how well generated text aligns with natu- 379

ral language distributions (Jelinek et al., 2005). A 380

lower perplexity value indicates that a text is more 381

consistent with natural language distributions (Rad- 382

ford et al., 2019). We hypothesise that prediction 383

perplexity will converge toward that of the original 384

text as training progresses, with rates varying by 385

perturbation type. Specifically, LOCALSHUFFLE 386

and PARTIALREVERSE predictions are expected to 387

show steeper perplexity reductions as these pertur- 388

bations more severely disrupt natural word order, 389

while WORDHOP predictions maintain slightly 390

higher perplexity even after convergence due to po- 391

tential artifacts from marker removal that do not 392

fully restore natural linguistic flow. 393

4 Experimental results 394

Experiment 1: Figure 3 shows that training size 395

critically affects performance, with 100K samples 396

substantially outperforming 10K across all pertur- 397

bations. However, improvement rates vary: WORD- 398

HOP’s high performance (0.6 EM) reflects the 399

tractability of marker removal when word order 400

is preserved, while LOCALSHUFFLE’s low ceil- 401

ing (0.18 EM) even with 100K samples indicates 402

that additional data cannot fully overcome the dif- 403

ficulty of recovering severely disrupted locality, 404

suggesting fundamental architectural limitations in 405

reconstructing scrambled dependencies. Qualita- 406

tive examples illustrating the learning progression 407

at different checkpoints are provided in Appendix 408
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Dataset Size Average Length
bnc_spoken train 10K 12.54
bnc_spoken train 100K 12.77
bnc_spoken test 1K 11.72

Gutenberg train 10K 40.56
Gutenberg train 100K 40.61
Gutenberg test 1K 46.78

Table 2: Average sentence lengths for the training and
test datasets at 10K and 100K sample sizes for training
and 1K for testing.

(Tables 3, 4, and 5).409

Experiment 2: Table 2 shows average sentence410

lengths for both datasets. Comparing final perfor-411

mance at 100K samples (Figures 4 and 3) reveals412

substantial sentence length effects that vary by per-413

turbation type. On Gutenberg (avg. 40 tokens),414

WORDHOP achieves approximately 78% BLEU415

compared to 60% on bnc_spoken (avg. 12 tokens),416

representing an 18 percentage point improvement.417

PARTIALREVERSE shows even larger gains, im-418

proving from 55% BLEU on short sentences to419

82% on long sentences (27 percentage points). In420

contrast, LOCALSHUFFLE demonstrates minimal421

improvement, rising from 18% EM to only 25%422

EM (7 percentage points), remaining challenging423

regardless of sentence length. Analysis of perfor-424

mance improvement by input text length class is425

shown in Appendix Figure 9.426

This differential response indicates that WORD-427

HOP’s preserved word order and PARTIALRE-428

VERSE’s partial structure enable better exploitation429

of additional training content in longer sentences,430

whereas LOCALSHUFFLE’s complete locality dis-431

ruption presents fundamental recovery difficulties432

that additional context cannot overcome. Figure 4433

further confirms that while model performance im-434

proves on longer texts, learning progress is notably435

slower than on shorter sentences.436

For perturbations that directly disrupt intra-437

sentential dependencies, sentence length becomes438

a crucial factor: as sentences grow longer, depen-439

dency distances increase and the perturbation af-440

fects a larger portion of the sequence, thereby en-441

larging the effective search space of possible re-442

orderings. This is consistent with prior work show-443

ing that neural language models rely more heavily444

on nearby context and struggle with long-range de-445

pendencies and hierarchical structure, especially446

when architectural capacity does not scale with in-447

put length (Khandelwal et al., 2018; Hahn, 2020; 448

Tran et al., 2018). It also aligns with findings that 449

models trained on shuffled or perturbed word or- 450

ders retain only partial and noisy order information, 451

with performance degrading as structures become 452

more globally disrupted (Sinha et al., 2021; Abdou 453

et al., 2022). 454

Experiment 3: Although our model is fine-tuned 455

from GPT-2, we use the pre-trained (base) GPT-2 456

model for evaluation to measure how well the gen- 457

erated text aligns with general language patterns 458

learned from large-scale pretraining data: lower 459

perplexity indicates that the text is more consistent 460

with natural language distributions. 461

Figure 5 compares impossible language inputs with 462

model predictions against baseline unperturbed 463

text (perplexity = 129.34). Results reveal strik- 464

ing differences across perturbation types. LOCAL- 465

SHUFFLE input exhibits extremely high perplexity 466

(3902.34), which model predictions reduce signif- 467

icantly to 212.40, representing a 94.6% decrease. 468

This substantial reduction demonstrates successful 469

reconstruction approaching natural language dis- 470

tributions, though predictions remain above base- 471

line, indicating incomplete restoration. PARTIAL- 472

REVERSE shows similar patterns with less ex- 473

treme values. Input perplexity (1500.38) reduces 474

to 146.56, a 90.2% reduction. Predictions come 475

closer to baseline than LOCALSHUFFLE (146.56 476

vs. 212.40), suggesting more successful structural 477

recovery, aligning with higher exact match scores 478

(0.29 vs. 0.18). WORDHOP presents a contrasting 479

pattern. Input perplexity (168.11) is already near 480

baseline, as this perturbation preserves underlying 481

word order. However, predictions show increased 482

perplexity (243.81), a 45.0% increase. While the 483

model successfully removes inserted markers, the 484

reconstruction introduces subtle artefacts deviating 485

from standard distributions, likely from imperfect 486

verb agreement handling. Concrete examples of 487

text quality at different training stages are provided 488

in Appendix Tables 3, 4, and 5. 489

5 Discussion 490

Recent research demonstrates that LLMs exhibit 491

disparities in their capacity to acquire impossible 492

languages, attributed to underlying inductive bi- 493

ases (Kallini et al., 2024; Xu et al., 2025). Building 494

on this foundation, we adopt a reverse approach, 495

examining whether large language models can re- 496

cover accessible linguistic structure from systemat- 497
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(a) (b)

Figure 4: Training progress on Gutenberg with (a) 10K
and (b) 100K samples. Longer sentences yield higher
performance than bnc_spoken. For larger plots, see
Figure 7.

Figure 5: Perplexity of impossible inputs (blue) ver-
sus model predictions (green) relative to baseline un-
perturbed text (129.34, dashed line), evaluated using
pretrained GPT-2. For larger plots, see Figure 8.

ically degraded input. Specifically, we investigate498

whether models are influenced by universal princi-499

ples constraining human linguistic feasibility and500

whether their ability to recover information is af-501

fected by the locality of the perturbation. We argue502

that this serves as a test of the Information Local-503

ity hypothesis, which holds that natural languages504

tend to group related elements closer together. Our505

experiments with GPT-2, pre-trained on impossible506

languages by Kallini et al. (2024) and fine-tuned on507

three perturbation types (LOCALSHUFFLE, PAR-508

TIALREVERSE, WORDHOP), reveal important509

findings about neural language models’ capabilities510

and limitations in recovering linguistically possible511

forms from impossible ones.512

Information Locality Our results demonstrate513

that model performance directly reflects the de-514

gree to which perturbations violate information515

locality (Gibson et al., 2000). LOCALSHUFFLE516

and PARTIALREVERSE, which disperse grammati-517

cally related elements across sentences and create 518

non-local dependencies, proved most difficult (0.18 519

and 0.29 EM respectively), requiring models to re- 520

construct hierarchical structures from scrambled 521

input. Conversely, WORDHOP, which preserves 522

underlying word order and maintains most local 523

dependencies, achieved substantially higher per- 524

formance (>0.6 EM) despite introducing distance- 525

based markers. Crucially, perplexity analysis re- 526

veals that models genuinely recover underlying 527

structure rather than memorizing mappings. The 528

dramatic perplexity reductions for LOCALSHUF- 529

FLE (94.6%) and PARTIALREVERSE (90.2%) to- 530

ward the baseline indicate successful reconstruc- 531

tion of locality-respecting configurations, where 532

scattered elements are reordered into interpretable 533

structures restoring local dependencies (Hahn et al., 534

2020; Hahn, 2020). This convergence demonstrates 535

that translation effectively recovers information 536

rendered inaccessible by locality violations, though 537

WORDHOP’s increased perplexity suggests arti- 538

facts from imperfect marker removal. 539

Performance across perturbation functions 540

Our results demonstrate GPT-2 can perform infor- 541

mation recovery, with performance varying system- 542

atically by perturbation type. WORDHOP proved 543

easiest, achieving exact match scores above 0.6 on 544

100K samples, as it preserves underlying word or- 545

der despite introducing distance-based markers. In 546

contrast, LOCALSHUFFLE and PARTIALREVERSE 547

plateaued around 0.18 and 0.29 EM respectively, 548

requiring reconstruction of hierarchical syntactic 549

structures from scrambled input where local depen- 550

dencies become non-local. This difficulty aligns 551

with theoretical arguments about transformer archi- 552

tectural limitations in capturing unbounded hierar- 553

chical dependencies (Tran et al., 2018; Delétang 554

et al., 2023; Hahn, 2020; Khandelwal et al., 2018). 555

Our work examines the reverse task: whether mod- 556

els pre-trained on impossible languages can re- 557

cover possible language structure through trans- 558

lation. The pattern of difficulty we observe in 559

translation—WORDHOP easiest, LOCALSHUFFLE 560

hardest—mirrors the pattern Kallini et al. (2024) 561

found for learning these languages, suggesting the 562

same architectural biases that make certain im- 563

possible languages harder to acquire also make 564

them harder to translate. Perplexity analysis con- 565

firms models genuinely recover underlying struc- 566

ture rather than memorizing mappings. For LO- 567

CALSHUFFLE and PARTIALREVERSE, prediction 568
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perplexity decreased toward original unperturbed569

text, with fine-tuned models producing sequences570

increasingly consistent with pre-trained GPT-2 dis-571

tributions (Radford et al., 2019; Holtzman et al.,572

2020), demonstrating effective recovery of infor-573

mation rendered inaccessible by locality violations.574

Importance of sentence length Our second ex-575

periment revealed strong sentence length effects576

relating to information locality and data availabil-577

ity. Models trained on Gutenberg outperform578

bnc_spoken as longer sentences provide more579

training content. However, longer sequences ex-580

ponentially expand possible reorderings and dis-581

tances between originally adjacent elements (Gib-582

son, 1998), increasing integration costs for recon-583

structing relationships as processing costs grow584

with dependency length (Futrell et al., 2020; Gib-585

son et al., 2000). The model must recover informa-586

tion over longer distances while identifying which587

scattered elements belong together, similar to the588

challenge of processing deeply nested structures589

(Levy, 2008). This reveals important implications590

for LLM inductive biases. While longer sequences591

provide more training signal and thereby enable592

better performance, they simultaneously present593

greater challenges for recovering non-local depen-594

dencies. Though LLMs lack human cognitive-595

neurobiological constraints, they exhibit architec-596

tural constraints where learning efficiency balances597

data availability against dependency distance, cre-598

ating biases partially aligned with natural language599

properties and preferring local over non-local de-600

pendencies (Futrell et al., 2020; Khandelwal et al.,601

2018).602

6 Conclusion603

This study demonstrates that LLMs can translate604

linguistically impossible inputs into possible forms605

by recovering information obscured through infor-606

mation locality violations. Performance varies sys-607

tematically (WORDHOP easiest, LOCALSHUFFLE608

hardest), with longer sentences providing more609

training content while increasing recovery diffi-610

culty. While LLMs are sensitive to locality con-611

straints, they overcome intractable violations.612

Our findings reveal incomplete alignment be-613

tween LLMs and human linguistic competence.614

Models show sensitivity to information locality yet615

operate with distinct inductive biases, indicating616

that putative constraints on human learnability do617

not necessarily impose bounds on learnability by618

neural networks. The same architectural properties 619

constrain both acquisition and translation, revealing 620

biases partially aligned with cognitive constraints. 621

This raises intriguing questions about child lan- 622

guage acquisition: Could similar approaches help 623

explain how children extract linguistic structure 624

from limited and imperfect input (Chomsky, 1986; 625

Pinker, 1994)? More speculatively, these methods 626

might help analyse extraterrestrial communication 627

systems violating human universals, with models 628

distinguishing incomprehensible from unfamiliar 629

aspects. Systematic investigation of impossible 630

languages through computational models reveals 631

boundaries of linguistic possibility beyond human 632

cognition. 633

This study’s approach could be applied to some 634

real-world problems, such as recovering disrupted 635

information locality, enabling error correction, text 636

normalisation, and robustness to noisy input. Fu- 637

ture work should investigate scaling to larger ar- 638

chitectures, generalisation to novel perturbations, 639

and cross-linguistic extension, contributing to un- 640

derstanding the computational basis of language 641

and boundaries defining linguistic possibility. 642

7 Limitations and Future Directions 643

It is important to acknowledge several limitations 644

of this study. First, our experiments focus on a rela- 645

tively small model (GPT-2) and a limited set of per- 646

turbation functions. Larger, more recent architec- 647

tures with enhanced capabilities for modeling long- 648

range dependencies might exhibit different learning 649

patterns or overcome some of the limitations we ob- 650

served. Second, we evaluate performance primarily 651

through exact match, BLEU scores, and perplex- 652

ity, which capture surface-level accuracy but may 653

not fully reflect whether the model has genuinely 654

learned the underlying principles of information lo- 655

cality restoration or merely exploited distributional 656

shortcuts. 657

Third, our impossible languages, while designed 658

to violate linguistic universals, represent only a 659

small subset of the space of possible perturbations. 660

Future work could explore a broader range of im- 661

possible language constructions, including those 662

that violate other aspects of linguistic structure be- 663

yond word order, and evaluate whether consistent 664

patterns emerge in model behavior. Additionally, 665

investigating whether models can generalize their 666

translation abilities to novel perturbation types or 667

combinations would provide insight into whether 668

8



they learn abstract principles of information local-669

ity recovery or task-specific mappings.670

The notion of "impossible language" itself re-671

quires careful interpretation. While linguistic the-672

ory identifies certain systems as impossible for hu-673

man acquisition based on violations of informa-674

tion locality and other neurobiological and cogni-675

tive constraints, these systems remain well-defined676

computational problems that neural networks can,677

in principle, solve. Our results highlight an im-678

portant distinction between cognitive impossibility,679

which arises from violations of information local-680

ity, and computational possibility. Recognizing this681

gap is essential for understanding both the potential682

and the limits of LLMs as models of human lan-683

guage and as practical language processing tools.684
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Table 3: Learning process for translation LOCALSHUFFLE at different learning checkpoints in a successful example.
The red colour determines the difference between the current text and with original text, and the green colour
determines similarity.

Input Text Type
Reggie was able to find out for them the place at which Fleming was putting up in
Boston. Having ascertained from the clerk that he was still staying there, the next
thing was to get hold of Louis Anderson.

original text

able Reggie was to find out the for them place at which putting Fleming was
Boston in up ascert. Havingained the from that clerk he still was staying the
there, next was thing hold to get Louis of Anderson .

LOCALSHUFFLE

“Steve had to find out what they were going to put him in the hotel, the next
thing was that was that he was going to put on to Tom. Having he was staying
in the Boston car, which was the next thing

Checkpoint-200

Reggie was able to find out for the them place at which Fleming was putting
up in Boston. Having ascertained from the clerk that he was still staying there,
the next thing was to get on Louis Anderson.

Checkpoint-600

Reggie was able to find out for them the place at which Fleming was putting
up in Boston. Having ascertained from the clerk that he was still staying there,
the next thing was to get to Louis Anderson of.

Checkpoint-1000

Reggie was able to find out for them the place at which Fleming was putting
up in Boston. Having ascertained from the clerk that he was still staying there,
the next thing was to get hold of Louis Anderson.

Checkpoint-1400

A Larger Plots879

Because the images embedded in the main text are880

relatively small, this appendix provides enlarged881

versions to improve readability and highlight finer882

details.883

B Examples884

During training, we evaluated model perfor-885

mance at multiple checkpoints to monitor learn-886

ing progress. We tracked generated text quality887

across checkpoints for each impossible language888

type. This section provides examples illustrating889

the improvement trajectory throughout training.890

Additionally, we investigate how performance891

varies by input text length for the LOCALSHUF-892

FLE perturbation. Since LOCALSHUFFLE uses a893

window size of 3, we classify input texts by the894

number of shuffling windows they contain. Specif-895

ically, we define class(texti) = ⌈len(texti)/3⌉,896

where len(texti) is the number of tokens in the897

text. This groups texts by how many 3-token win-898

dows were shuffled during perturbation. Figure899

9 shows model improvement across these classes,900

revealing how performance scales with the number901

of shuffled segments.902
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(a) 10K training samples (b) 100K training samples

Figure 6: Training progress on bnc_spoken with (a) 10K and (b) 100K samples. WORDHOP learns fastest,
reaching ∼60% BLEU and ∼30% EM on 100K data, while LOCALSHUFFLE and PARTIALREVERSE converge
more slowly at lower performance levels.

(a) (b)

Figure 7: Training progress on Gutenberg with (a) 10K and (b) 100K samples. Longer sentences yield higher
performance than bnc_spoken
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Figure 8: Perplexity of impossible inputs (blue) versus model predictions (green) relative to baseline unperturbed
text (129.34, dashed line), evaluated using pretrained GPT-2.

Figure 9: Improvement of the BLEU score for each class. The red line corresponds to the BLEU score before
translating and for shuffled text, and the green line is for texts after translation by the final model.
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Table 4: Learning process for translation PARTIALREVERSE at different learning checkpoints in a successful
example. The red colour determines the difference between the current text and with original text, and the green
colour determines similarity.

Input Text Type
Bunny and Sue, so impatient they could hardly keep still, waited. They heard the
front door open. They heard their father talking. Then came a funny, squeaking,
whining sound.

original text

Bunny and Sue , so impatient R . sound whining , aking sque , funny a came
Then . talking father their heard They . open door front the heard They .
waited , still keep hardly could they

PARTIALREVERSE

Bessie and Sue, so impatient and impatiently. The children were not allowed
to keep them shut up. They were not allowed to keep them shut. They were
not allowed to keep them shut, and they were not allowed to

Checkpoint-200

Bucky and Sue, so impatient they could hardly keep still, waited, waited,
waited, waited. They heard their father talking. Then Then came a funny,
squeaky voice.

Checkpoint-600

Bumper and Sue, so impatient they could hardly keep still, waited. They
heard the front door open. They heard their father talking. Then came a
funny, squeaking, whining sound.

Checkpoint-1000

Bunny and Sue, so impatient they could hardly keep still, waited. They
heard the front door open. They heard their father talking. Then came a
funny, squeaking, whining sound.

Checkpoint-1400

Table 5: Learning process for translation PARTIALREVERSE at different learning checkpoints in a successful
example. The red colour determines the difference between the current text and with original text, and the green
colour determines similarity.

Input Text Type
"That’s what I say!" came from Mart. "This is no night for a little boy to be out.
It’s snowing harder than ever."

original text

"That be what I say!" came S from Mart. "This P be no night for a S
little boy to be out. It be snowing harder than ever S ."

WORDHOP

"That’s what I say!" came S from Mart. "This** what I say!" came S from
Mart. "This## no night for a S little boy to be out. It’s snowing

Checkpoint-200

"That’s what I say!" came S ’from Mart. "This is no night for a S little boy
to be out. It’s snowing harder than ever"

Checkpoint-600

"That’s what I say!" came from Mart. "This is no night for a little boy to be
out. It’s snowing harder than ever."

Checkpoint-1000
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