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Abstract

Understanding whether large language models
operate under constraints comparable to human
linguistic cognition remains a central question
in Al and cognitive science. While there has
been some research into whether LLMs can
learn linguistically possible and impossible lan-
guages, it is less clear whether they can system-
atically recover linguistic structure and mean-
ing from systematically degraded input. In this
work, we investigate whether LLMs can trans-
late and recover impossible languages back into
possible forms and whether there is any dif-
ference between different types of impossible
languages for recovery. By fine-tuning GPT-2
on several perturbation types, we find that mod-
els can reconstruct grammatically well-formed
output, with performance systematically mod-
ulated by the nature of the perturbation. Mod-
els trained on longer sentences benefit from
richer training contexts, although longer se-
quences also increase the difficulty of resolving
non-local dependencies. Overall, our findings
indicate that LLMs display a preference for
local over distant dependencies, yet can still
overcome structural violations that render in-
put unintelligible, revealing a partial alignment
between neural architectural constraints and
human linguistic biases.

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

1 Introduction

Human cognitive constraints determine which lan-
guages humans can learn, understand, and use
(Chomsky, 1957, 1986; Jackendoff, 2002; Pinker,
1994). One goal of linguistics is to distinguish
natural languages from other systems (de Saus-
sure, 1983; Hockett, 1958; Lyons, 1968). Hence,
linguists have proposed various descriptive frame-
works, with some theories of universal gram-
mar focusing on word order patterns and relation-
ships among sentence elements, drawing on cross-
linguistic typology (Greenberg, 1963; Hawkins,
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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
Cooper, 1981; Keenan and Stavi, 1986), syntactic
theory (Vennemann, 1974; Primus, 2001; Hawkins,
1994), and generative grammar (Chomsky, 1981,
1995).

A central criticism of LLMs is that they fail to
capture constraints defining human linguistic com-
petence. Chomsky and colleagues argue that LLMs
cannot distinguish between possible and impossi-
ble languages, as they can accommodate systems
violating universal grammatical principles, thereby
undermining their status as models of the human
language faculty (Chomsky, 2023; Chomsky et al.,
2023). Moro et al. (2023) argue that impossible lan-
guages exist only for humans, as neurobiological ar-
chitecture constrains learnable grammars, whereas
LLMs lack such constraints. Extending this view,
Bolhuis et al. (2024) contend that LL.Ms do not
model human language representation or acquisi-
tion, since their behaviour arises from statistical
optimisation rather than biological mechanisms.
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While some argue that LLMs process impossible
and possible languages similarly (Ziv et al., 2025),
Kallini et al. (2024) demonstrate systematic learn-
ing differences, showing a clear bias toward natu-
ral language structures. This suggests that while
LLMs can technically learn impossible languages,
the principles defining human linguistic feasibility
still influence their performance.

A fundamental principle underlying human lan-
guage is information locality, which posits that
semantically and syntactically related elements ap-
pear close together in linear order (Gibson et al.,
2000; Futrell et al., 2020). The Dependency Lo-
cality Theory (DLT) formalizes this, predicting
that processing difficulty increases as distance be-
tween dependent elements grows, reflecting cog-
nitive constraints on working memory during in-
cremental comprehension (Gibson, 1998). Cross-
linguistic research supports this through depen-
dency length minimisation (DLM), showing natu-
ral languages systematically organise word order to
keep grammatically related elements close together.
(Hawkins, 1994; Liu, 2008; Futrell et al., 2020;
Temperley, 2018). When information locality is
violated through scattered dependent elements with
intervening unrelated material, structures become
cognitively inaccessible to humans despite intact
lexical content, rendering text incomprehensible
because information cannot be efficiently accessed
(Levy, 2008; Hahn et al., 2020).

This study examines whether LLMs can trans-
late linguistically impossible languages into possi-
ble forms by recovering information rendered inac-
cessible through structural violations. We applied
perturbation functions to the BabyLLM dataset that
systematically altered sentence structures, intro-
ducing linguistic inconsistencies absent in natural
languages (Warstadt et al., 2023; Sinha et al., 2021).
We then fine-tuned three separate GPT-2 models
on these transformed datasets to reconstruct valid
forms (Radford et al., 2019; Ebrahimi et al., 2020).
As Figure 1 illustrates, each model translates im-
possible language inputs into possible language
outputs, recovering disrupted natural structure (one
model for each impossible language).

Some perturbations employed in this study sys-
tematically violate information locality. By scram-
bling word order or inserting distance-based mark-
ers, these transformations increase dependency
lengths and disrupt local relationships, enabling in-
cremental comprehension (Gibson et al., 2000; Liu,
2008). Since intelligible natural language requires

semantically related words to appear close together,
translating an impossible language requires mod-
els to identify scattered semantic dependencies and
restore characteristic proximity. This raises a crit-
ical question: can LL.Ms, not subject to the same
working memory limitations as humans, recover in-
formation made inaccessible by locality violations?

Investigating whether neural language models
can translate these structurally degraded inputs
back into forms respecting information locality pro-
vides insight into LLM architectural biases and
their relationship to cognitive constraints defining
possible human languages (Kallini et al., 2024; Xu
et al., 2025; Tran et al., 2018; Khandelwal et al.,
2018). Beyond theoretical implications for under-
standing neural architectures and human linguistic
constraints, this information recovery capability
has practical applications in processing corrupted
text, restoring degraded documents, and handling
noisy linguistic input. This study provides insights
into limits and capabilities of LL.Ms in language
learning, demonstrating their potential to interpret
and transform linguistically impossible inputs into
coherent outputs, contributing to understanding ma-
chine learning applications in linguistics, cognitive

science, and artificial intelligence'.

2 Background and Previous Work

Chomsky’s Universal Grammar (UG) framework
distinguishes possible from impossible human lan-
guages, proposing that all human languages share
constrained structural principles from innate cogni-
tive mechanisms (Chomsky, 1965). Crucially, for-
mal inadequacy (whether grammatical formalisms
describe natural language structure) differs from
cognitive impossibility (whether humans can learn
a linguistic system) (Moro, 2016; Musso et al.,
2003). Impossible languages are defined by un-
learnable grammars which humans cannot acquire
despite exposure due to cognitive constaints, rather
than failure to fit formal grammatical models. Em-
pirical evidence suggests languages relying solely
on position-based rules without hierarchical struc-
ture are impossible, conflicting with core syntactic
processing mechanisms and fundamentally con-
cerning learnability rather than formal expressive-
ness (Musso et al., 2003; Smith and Tsimpli, 1993).

Nefdt (2024) argues identifying possible gram-
mar boundaries requires grounding in theoretical

'All 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 | Tt is (R) there in nice |

we °d need@we n’t would , again it at look to

WORDHOP ‘ It be nice in there ‘

we ’d need to look at@ it@ again , would n’t we @

Table 1: Example data for each perturbation function.
Kallini et al. (2024).

linguistic competence, not solely distributional reg-
ularities. Smith and Tsimpli (1993)’s work on the
polyglot savant Christopher showed successful ac-
quisition of an artificial language consistent with
universal principles but failure to learn one vio-
lating them, suggesting certain grammars remain
unlearnable even for exceptionally linguistically
talented individuals. Neurolinguistic studies show
brain regions for syntactic processing selectively
respond to natural language-compatible structures,
supporting that impossible languages lack neuro-
biological realisation (Moro, 2016; Musso et al.,
2003). However, empirical evidence remains re-
markably limited. Smith and Tsimpli (1993) focus
on a single individual and most theoretical claims
lack systematic empirical testing. This gap high-
lights computational approaches’ potential value,
as LLMs offer systematic ways to test which lin-
guistic systems are truly unlearnable, providing
empirical grounding for theoretical claims about
possible human language boundaries.

Against this theoretical and cognitive backdrop,
artificial neural networks examined as linguistic
competence models reveal important discrepan-
cies. Hahn (2020) shows standard self-attention
architectures face intrinsic limitations modelling
unbounded hierarchical dependencies, challenging
their adequacy as full natural language syntax mod-
els. Mitchell and Bowers (2020) demonstrate that
recurrent neural networks learn highly unnatural
patterns humans do not acquire, highlighting mis-
alignment between human and neural inductive
biases. While approximating complex string dis-
tributions, they are not automatically constrained
by possible human languages and may generalise
divergently from human cognition.

Studies of transformer capabilities show mixed
results. Abdou et al. (2022) show that models
trained on shuffled text retain non-trivial word or-
der information, while Huang et al. (2023) demon-
strate that lexically invariant transformer vari-

For ease of comparison, we use a similar visualisation to

ants match standard models under long contexts.
Ebrahimi et al. (2020) show that self-attention net-
works learn certain hierarchical languages with ap-
propriate cues, though Delétang et al. (2023) argue
standard architectures face principled challenges
representing complex hierarchical dependencies
without explicit structured memory.

Recent research comparing human learners
and LLMs shows that both benefit from com-
positional, structured input (Galke et al., 2024),
with transformers partially encoding hierarchical
phrase structure though not fully matching genera-
tive grammar expectations (Alleman et al., 2021).
Kallini et al. (2024) demonstrate that LLMs ex-
hibit systematic learnability differences between
possible and impossible languages, displaying bi-
ases toward natural patterns while struggling with
highly unnatural systems. Xu et al. (2025) find
that GPT-2 shows learning slowdowns aligned with
typological universals when acquiring implausible
counterfactual languages, though it can ultimately
learn them. While LLMs can learn highly unnatural
patterns, their learning is shaped by architectural
and data-driven biases that only partially overlap
with the cognitive constraints defining human lan-
guage, motivating examination of whether LLMs
can systematically recover possible languages from
impossible ones by reversing perturbations violat-
ing natural linguistic structure.

3 Method

The main goal of this research is to train an LLM
to translate impossible language into possible lan-
guage. Formally, we define a perturbation function
f: A — A’ where A represents standard English
text and A’ is the perturbed version. Our objective
is to train a model M such that M(A’) := A, ef-
fectively reversing the perturbation and recovering
the original linguistic information.

A critical constraint is that M must not have
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Figure 2: The mechanism of masking labels and calculating loss

been pre-trained on A. If M had prior exposure to
standard English, it could leverage that knowledge
rather than genuinely learning to recover linguistic
structure from perturbed input, confounding our
evaluation of information recovery. Therefore, M
must be pre-trained on an impossible language and
then fine-tuned for the translation task. To satisfy
this requirement, we adopt the models pre-trained
by Kallini et al. (2024) as the starting point for
our fine-tuning process, since these models were
trained from scratch on impossible languages, gen-
erated by applying different perturbation functions
to standard English sentences.

3.1 Data Generation

The BabyLM (Warstadt et al., 2023) dataset was
used for these experiments, specifically selecting
the bnc_spoken and Gutenberg subsets to anal-
yse the impact of contrasting sentence lengths on
translation performance. Applying perturbations
to these subsets yields paired examples (perturbed,
original) for training.

Following Kallini et al. (2024), we apply three
perturbation functions that systematically violate
natural characteristics of language.

LOCALSHUFFLE: This perturbation randomly
reorders words within a local window, disrupt-
ing the sequential arrangement while maintaining
words within bounded distances.

PARTIALREVERSE: A random starting point
is selected within the sentence, and an (R] token is
placed in this position, and subsequent tokens are
reversed in order. This creates a partition where
the initial segment remains unchanged, the final
segment reversed, and the @ marks the boundary.

WORDHOP: This perturbation violates the
principle that no human language requires counting
words for grammatical operations (Musso et al.,
2003) by adding markers ( for singular, [E]
for plural) at fixed distances after verbs based on
subject-verb agreement.

Table 1 presents examples of each function.
We created three datasets, each containing paired

texts (impossible, possible), by applying one per-
turbation strategy to each. Preprocessing included
tokenization, lemmatization, POS tagging, and con-
stituency parsing, enabling grammatical structure-
dependent perturbations such as WORDHOP’s
verb phrase identification and marker placement.
To investigate training scale effects, we created
datasets of 10K and 100K sample pairs from
bnc_spoken.

3.2 Model Fine-tuning

The models were fine-tuned by combining the
causal language modelling (CLM) paradigm of
GPT-2 (Radford et al., 2019) with a masked la-
bel strategy. Each training sample consists of a
pair: an impossible text and its corresponding pos-
sible version. These pairs are formatted into the
following instruction-response structure:

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

To ensure the model focuses on producing cor-
rect output rather than memorising instructions,
masked labelling is applied. The instruction por-
tion (from sequence start to the word Corrected)
receives label value [—100], while the response
portion (correct text and <|endoftext|> token)
retains its tokens as labels. Only these tokens con-
tribute to the cross-entropy loss, enabling the model
to learn accurate corrections conditioned on the in-
struction. Figure 2 displays the label masking and
loss calculation.

3.3 Experimental Design

We conduct three experiments testing whether
LLMs exhibit locality constraints when translating
impossible languages. We hypothesise that transla-
tion performance degrades as perturbations inten-
sify locality violations. Our perturbations systemat-
ically violate this by scattering related words across
sentences, altering the normal subject-verb agree-
ment rule. If LLMs exhibit locality constraints,



translation performance should degrade as viola-
tions intensify: longer sentences increase difficulty
by expanding distances between related elements
and enlarging reordering search spaces, while per-
turbation types should vary by locality disruption
severity.

In all experiments, models were trained on
NVIDIA H100 96GB GPUs. We train with a batch
size of 512. Training the 100K dataset requires ap-
proximately 1 GPU hour per model.

Experiment 1: Effect of Training Sample Size.
This experiment investigates how training data
size influences translation performance. Mod-
els were fine-tuned on 10K and 100K subsets
of bnc_spoken, with learning progress evaluated
at multiple checkpoints using Exact Match (EM),
measuring perfect reconstruction (Rajpurkar et al.,
2016), and BLEU score quantifying n-gram over-
lap (Papineni et al., 2002). These metrics suit the
task because impossible and possible texts share
vocabulary but differ in token order, making both
perfect reconstruction (EM) and partial accuracy
(BLEU) informative. The hypothesis is that larger
datasets will improve performance across all pertur-
bations, but with different learning rates: WORD-
HOP should be learned fastest due to preserved
word order, while LOCALSHUFFLE and PARTIAL-
REVERSE will require more examples to recover
disrupted locality.

Experiment 2: Effect of Sentence Length.
Building on the locality principle introduced above,
this experiment directly tests how sentence length
affects the difficulty of recovering grammatical
structure. Results were compared between the
bnc_spoken dataset (shorter sentences, avg. 12 to-
kens) and the Gutenberg dataset (longer sentences,
avg. 40 tokens). The hypothesis is that longer
sentences provide more training signal, potentially
improving overall performance, but simultaneously
increase difficulty for perturbations disrupting in-
formation locality. Specifically, LOCALSHUFFLE
and PARTIALREVERSE are expected to show com-
plex effects: benefits from additional training con-
tent may be offset by challenges from related words
scattered over greater distances, which exponen-
tially expand the space of possible reorderings and
integration costs. WORDHOP is expected to ben-
efit more straightforwardly from longer sentences
since it preserves underlying word order and only
adds markers at fixed distances, maintaining most
local dependencies intact.
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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
experiment evaluates the extent to which gener-
ated texts are similar to human-written text using
perplexity, computed under pretrained GPT-2 to
measure how well generated text aligns with natu-
ral language distributions (Jelinek et al., 2005). A
lower perplexity value indicates that a text is more
consistent with natural language distributions (Rad-
ford et al., 2019). We hypothesise that prediction
perplexity will converge toward that of the original
text as training progresses, with rates varying by
perturbation type. Specifically, LOCALSHUFFLE
and PARTIALREVERSE predictions are expected to
show steeper perplexity reductions as these pertur-
bations more severely disrupt natural word order,
while WORDHOP predictions maintain slightly
higher perplexity even after convergence due to po-
tential artifacts from marker removal that do not
fully restore natural linguistic flow.

4 Experimental results

Experiment 1: Figure 3 shows that training size
critically affects performance, with 100K samples
substantially outperforming 10K across all pertur-
bations. However, improvement rates vary: WORD-
HOP’s high performance (0.6 EM) reflects the
tractability of marker removal when word order
is preserved, while LOCALSHUFFLE’s low ceil-
ing (0.18 EM) even with 100K samples indicates
that additional data cannot fully overcome the dif-
ficulty of recovering severely disrupted locality,
suggesting fundamental architectural limitations in
reconstructing scrambled dependencies. Qualita-
tive examples illustrating the learning progression
at different checkpoints are provided in Appendix



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).

Experiment 2: Table 2 shows average sentence
lengths for both datasets. Comparing final perfor-
mance at 100K samples (Figures 4 and 3) reveals
substantial sentence length effects that vary by per-
turbation type. On Gutenberg (avg. 40 tokens),
WORDHOP achieves approximately 78% BLEU
compared to 60% on bnc_spoken (avg. 12 tokens),
representing an 18 percentage point improvement.
PARTIALREVERSE shows even larger gains, im-
proving from 55% BLEU on short sentences to
82% on long sentences (27 percentage points). In
contrast, LOCALSHUFFLE demonstrates minimal
improvement, rising from 18% EM to only 25%
EM (7 percentage points), remaining challenging
regardless of sentence length. Analysis of perfor-
mance improvement by input text length class is
shown in Appendix Figure 9.

This differential response indicates that WORD-
HOP’s preserved word order and PARTIALRE-
VERSE’s partial structure enable better exploitation
of additional training content in longer sentences,
whereas LOCALSHUFFLE’s complete locality dis-
ruption presents fundamental recovery difficulties
that additional context cannot overcome. Figure 4
further confirms that while model performance im-
proves on longer texts, learning progress is notably
slower than on shorter sentences.

For perturbations that directly disrupt intra-
sentential dependencies, sentence length becomes
a crucial factor: as sentences grow longer, depen-
dency distances increase and the perturbation af-
fects a larger portion of the sequence, thereby en-
larging the effective search space of possible re-
orderings. This is consistent with prior work show-
ing that neural language models rely more heavily
on nearby context and struggle with long-range de-
pendencies and hierarchical structure, especially
when architectural capacity does not scale with in-

put length (Khandelwal et al., 2018; Hahn, 2020;
Tran et al., 2018). It also aligns with findings that
models trained on shuffled or perturbed word or-
ders retain only partial and noisy order information,
with performance degrading as structures become
more globally disrupted (Sinha et al., 2021; Abdou
et al., 2022).

Experiment 3: Although our model is fine-tuned
from GPT-2, we use the pre-trained (base) GPT-2
model for evaluation to measure how well the gen-
erated text aligns with general language patterns
learned from large-scale pretraining data: lower
perplexity indicates that the text is more consistent
with natural language distributions.

Figure 5 compares impossible language inputs with
model predictions against baseline unperturbed
text (perplexity = 129.34). Results reveal strik-
ing differences across perturbation types. LOCAL-
SHUFFLE input exhibits extremely high perplexity
(3902.34), which model predictions reduce signif-
icantly to 212.40, representing a 94.6% decrease.
This substantial reduction demonstrates successful
reconstruction approaching natural language dis-
tributions, though predictions remain above base-
line, indicating incomplete restoration. PARTIAL-
REVERSE shows similar patterns with less ex-
treme values. Input perplexity (1500.38) reduces
to 146.56, a 90.2% reduction. Predictions come
closer to baseline than LOCALSHUFFLE (146.56
vs. 212.40), suggesting more successful structural
recovery, aligning with higher exact match scores
(0.29 vs. 0.18). WORDHOP presents a contrasting
pattern. Input perplexity (168.11) is already near
baseline, as this perturbation preserves underlying
word order. However, predictions show increased
perplexity (243.81), a 45.0% increase. While the
model successfully removes inserted markers, the
reconstruction introduces subtle artefacts deviating
from standard distributions, likely from imperfect
verb agreement handling. Concrete examples of
text quality at different training stages are provided
in Appendix Tables 3, 4, and 5.

5 Discussion

Recent research demonstrates that LLMs exhibit
disparities in their capacity to acquire impossible
languages, attributed to underlying inductive bi-
ases (Kallini et al., 2024; Xu et al., 2025). Building
on this foundation, we adopt a reverse approach,
examining whether large language models can re-
cover accessible linguistic structure from systemat-
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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.
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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 investigate
whether models are influenced by universal princi-
ples constraining human linguistic feasibility and
whether their ability to recover information is af-
fected by the locality of the perturbation. We argue
that this serves as a test of the Information Local-
ity hypothesis, which holds that natural languages
tend to group related elements closer together. Our
experiments with GPT-2, pre-trained on impossible
languages by Kallini et al. (2024) and fine-tuned on
three perturbation types (LOCALSHUFFLE, PAR-
TIALREVERSE, WORDHOP), reveal important
findings about neural language models’ capabilities
and limitations in recovering linguistically possible
forms from impossible ones.

Information Locality Our results demonstrate
that model performance directly reflects the de-
gree to which perturbations violate information
locality (Gibson et al., 2000). LOCALSHUFFLE
and PARTIALREVERSE, which disperse grammati-

cally related elements across sentences and create
non-local dependencies, proved most difficult (0.18
and 0.29 EM respectively), requiring models to re-
construct hierarchical structures from scrambled
input. Conversely, WORDHOP, which preserves
underlying word order and maintains most local
dependencies, achieved substantially higher per-
formance (>0.6 EM) despite introducing distance-
based markers. Crucially, perplexity analysis re-
veals that models genuinely recover underlying
structure rather than memorizing mappings. The
dramatic perplexity reductions for LOCALSHUF-
FLE (94.6%) and PARTIALREVERSE (90.2%) to-
ward the baseline indicate successful reconstruc-
tion of locality-respecting configurations, where
scattered elements are reordered into interpretable
structures restoring local dependencies (Hahn et al.,
2020; Hahn, 2020). This convergence demonstrates
that translation effectively recovers information
rendered inaccessible by locality violations, though
WORDHOP’s increased perplexity suggests arti-
facts from imperfect marker removal.

Performance across perturbation functions
Our results demonstrate GPT-2 can perform infor-
mation recovery, with performance varying system-
atically by perturbation type. WORDHOP proved
easiest, achieving exact match scores above 0.6 on
100K samples, as it preserves underlying word or-
der despite introducing distance-based markers. In
contrast, LOCALSHUFFLE and PARTIALREVERSE
plateaued around 0.18 and 0.29 EM respectively,
requiring reconstruction of hierarchical syntactic
structures from scrambled input where local depen-
dencies become non-local. This difficulty aligns
with theoretical arguments about transformer archi-
tectural limitations in capturing unbounded hierar-
chical dependencies (Tran et al., 2018; Delétang
et al., 2023; Hahn, 2020; Khandelwal et al., 2018).
Our work examines the reverse task: whether mod-
els pre-trained on impossible languages can re-
cover possible language structure through trans-
lation. The pattern of difficulty we observe in
translation—WORDHOP easiest, LOCALSHUFFLE
hardest—mirrors the pattern Kallini et al. (2024)
found for learning these languages, suggesting the
same architectural biases that make certain im-
possible languages harder to acquire also make
them harder to translate. Perplexity analysis con-
firms models genuinely recover underlying struc-
ture rather than memorizing mappings. For LoO-
CALSHUFFLE and PARTIALREVERSE, prediction



perplexity decreased toward original unperturbed
text, with fine-tuned models producing sequences
increasingly consistent with pre-trained GPT-2 dis-
tributions (Radford et al., 2019; Holtzman et al.,
2020), demonstrating effective recovery of infor-
mation rendered inaccessible by locality violations.

Importance of sentence length Our second ex-
periment revealed strong sentence length effects
relating to information locality and data availabil-
ity. Models trained on Gutenberg outperform
bnc_spoken as longer sentences provide more
training content. However, longer sequences ex-
ponentially expand possible reorderings and dis-
tances between originally adjacent elements (Gib-
son, 1998), increasing integration costs for recon-
structing relationships as processing costs grow
with dependency length (Futrell et al., 2020; Gib-
son et al., 2000). The model must recover informa-
tion over longer distances while identifying which
scattered elements belong together, similar to the
challenge of processing deeply nested structures
(Levy, 2008). This reveals important implications
for LLM inductive biases. While longer sequences
provide more training signal and thereby enable
better performance, they simultaneously present
greater challenges for recovering non-local depen-
dencies. Though LLMs lack human cognitive-
neurobiological constraints, they exhibit architec-
tural constraints where learning efficiency balances
data availability against dependency distance, cre-
ating biases partially aligned with natural language
properties and preferring local over non-local de-
pendencies (Futrell et al., 2020; Khandelwal et al.,
2018).

6 Conclusion

This study demonstrates that LLMs can translate
linguistically impossible inputs into possible forms
by recovering information obscured through infor-
mation locality violations. Performance varies sys-
tematically (WORDHOP easiest, LOCALSHUFFLE
hardest), with longer sentences providing more
training content while increasing recovery diffi-
culty. While LLMs are sensitive to locality con-
straints, they overcome intractable violations.

Our findings reveal incomplete alignment be-
tween LLMs and human linguistic competence.
Models show sensitivity to information locality yet
operate with distinct inductive biases, indicating
that putative constraints on human learnability do
not necessarily impose bounds on learnability by

neural networks. The same architectural properties
constrain both acquisition and translation, revealing
biases partially aligned with cognitive constraints.

This raises intriguing questions about child lan-
guage acquisition: Could similar approaches help
explain how children extract linguistic structure
from limited and imperfect input (Chomsky, 1986;
Pinker, 1994)? More speculatively, these methods
might help analyse extraterrestrial communication
systems violating human universals, with models
distinguishing incomprehensible from unfamiliar
aspects. Systematic investigation of impossible
languages through computational models reveals
boundaries of linguistic possibility beyond human
cognition.

This study’s approach could be applied to some
real-world problems, such as recovering disrupted
information locality, enabling error correction, text
normalisation, and robustness to noisy input. Fu-
ture work should investigate scaling to larger ar-
chitectures, generalisation to novel perturbations,
and cross-linguistic extension, contributing to un-
derstanding the computational basis of language
and boundaries defining linguistic possibility.

7 Limitations and Future Directions

It is important to acknowledge several limitations
of this study. First, our experiments focus on a rela-
tively small model (GPT-2) and a limited set of per-
turbation functions. Larger, more recent architec-
tures with enhanced capabilities for modeling long-
range dependencies might exhibit different learning
patterns or overcome some of the limitations we ob-
served. Second, we evaluate performance primarily
through exact match, BLEU scores, and perplex-
ity, which capture surface-level accuracy but may
not fully reflect whether the model has genuinely
learned the underlying principles of information lo-
cality restoration or merely exploited distributional
shortcuts.

Third, our impossible languages, while designed
to violate linguistic universals, represent only a
small subset of the space of possible perturbations.
Future work could explore a broader range of im-
possible language constructions, including those
that violate other aspects of linguistic structure be-
yond word order, and evaluate whether consistent
patterns emerge in model behavior. Additionally,
investigating whether models can generalize their
translation abilities to novel perturbation types or
combinations would provide insight into whether



they learn abstract principles of information local-
ity recovery or task-specific mappings.

The notion of "impossible language" itself re-
quires careful interpretation. While linguistic the-
ory identifies certain systems as impossible for hu-
man acquisition based on violations of informa-
tion locality and other neurobiological and cogni-
tive constraints, these systems remain well-defined
computational problems that neural networks can,
in principle, solve. Our results highlight an im-
portant distinction between cognitive impossibility,
which arises from violations of information local-
ity, and computational possibility. Recognizing this
gap is essential for understanding both the potential
and the limits of LLMs as models of human lan-
guage and as practical language processing tools.
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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 original text
Boston. Having ascertained from the clerk that he was still staying there, the next
thing was to get hold of Louis Anderson.

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

“Steve had to find out what they were going to put him in the hotel, the next | Checkpoint-200
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

Reggie was able to find out for the them place at which Fleming was putting | Checkpoint-600
up in Boston. Having ascertained from the clerk that he was still staying there,
the next thing was to get on Louis Anderson.

Reggie was able to find out for them the place at which Fleming was putting | Checkpoint-1000
up in Boston. Having ascertained from the clerk that he was still staying there,
the next thing was to get to Louis Anderson of.

Reggie was able to find out for them the place at which Fleming was putting | Checkpoint-1400
up in Boston. Having ascertained from the clerk that he was still staying there,
the next thing was to get hold of Louis Anderson.

A Larger Plots

Because the images embedded in the main text are
relatively small, this appendix provides enlarged
versions to improve readability and highlight finer
details.

B Examples

During training, we evaluated model perfor-
mance at multiple checkpoints to monitor learn-
ing progress. We tracked generated text quality
across checkpoints for each impossible language
type. This section provides examples illustrating
the improvement trajectory throughout training.

Additionally, we investigate how performance
varies by input text length for the LOCALSHUF-
FLE perturbation. Since LOCALSHUFFLE uses a
window size of 3, we classify input texts by the
number of shuffling windows they contain. Specif-
ically, we define class(text;) = [len(text;)/3],
where len(text;) is the number of tokens in the
text. This groups texts by how many 3-token win-
dows were shuffled during perturbation. Figure
9 shows model improvement across these classes,
revealing how performance scales with the number
of shuffled segments.
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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 original text
front door open. They heard their father talking. Then came a funny, squeaking,
whining sound.

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

Bessie and Sue, so impatient and impatiently. The children were not allowed Checkpoint-200
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

Bucky and Sue, so impatient they could hardly keep still, waited, waited, | Checkpoint-600
waited, waited. They heard their father talking. Then Then came a funny,
squeaky voice.

Bumper and Sue, so impatient they could hardly keep still, waited. They | Checkpoint-1000
heard the front door open. They heard their father talking. Then came a
funny, squeaking, whining sound.

Bunny and Sue, so impatient they could hardly keep still, waited. They | Checkpoint-1400
heard the front door open. They heard their father talking. Then came a
funny, squeaking, whining sound.

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. original text
It’s snowing harder than ever."
"That be what I say!" came (S] from Mart. "This (P) be no night for a WORDHOP
little boy to be out. It be snowing harder than ever (S]."
"That’s what I say!"" came (S| from Mart. "This** what I say!" came (S]from | Checkpoint-200
Mart. '"This## no night for a (S| little boy to be out. It’s snowing
"That’s what I say!"' came |S] from Mart. '"This is no night for a (S| little boy | Checkpoint-600
to be out. It’s snowing harder than ever"
"That’s what I say!"' came from Mart. '"This is no night for a little boy to be | Checkpoint-1000
out. It’s snowing harder than ever."
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