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Abstract

Large language models (LLMs) are increas-
ingly used to solve complex tasks where they
must retrieve and compose many pieces of in-
context information in long reasoning chains.
For many real-world tasks it is hard to ac-
curately gauge how model performance and
strategy change as task complexity grows. To
evaluate models’ complex reasoning capabil-
ity in a scalable and verifiable way, we in-
troduce RELIC (Recognition of Languages
In-Context), a framework that evaluates an
LLM’s ability to decide whether a given
string belongs to the context-free language
(CFL) generated by a grammar presented in-
context. CFL recognition allows us to modu-
late the intrinsic complexity of the problem
by varying grammar size and string length
and translate this asymptotic complexity into
predictions for ideal LLM performance. We
find that even the most advanced reasoning
models perform poorly on RELIC, not only
failing to appropriately scale their inference
compute to keep pace with task difficulty,
but even reducing the number of reasoning
tokens they use as task complexity increases.
We find that these decreases in compute ac-
company changes in reasoning strategy, as
models move from identifying and imple-
menting algorithmic solutions to guessing.
For models whose full completions go unin-
spected, this manifests as “quiet quitting” on
hard tasks.

Code: https://jpetty.org/relic

1 Introduction

Large language models (LLMs) are increasingly
used to solve problems “zero-shot,” using only a
task specification provided in the context window,
without labeled examples or additional training. As
these problems grow in complexity, models must
reason through increasingly many interdependent

* Correspondence to research@jacksonpetty.org.

steps and reference more and more pieces of in-
context information; for instance, even a simple
question like “using my credit card statement, tell
me if I spent more money in 2025 than I did on
average in the past three years” (inspired by Zhou
et al. 2024) requires an LLM to retrieve many dif-
ferent items from its context and perform multiple
operations in a particular sequence (in this example,
averaging them and comparing the outputs).

Formal domains, where solutions can be veri-
fied by an external system, are a valuable lens into
LLMs’ performance on complex reasoning tasks
(Lambert et al., 2025). By studying reasoning prob-
lems in these domains, we can leverage our ana-
lytic understanding of the complexity of the formal
problem to derive predictions for an optimal rea-
soner’s performance on each instance of the task,
and compare these predictions to the LLMs’ empir-
ical performance in a precise quantitative way.

Here, we propose the REcognition of Languages
In-Context (RELIC) framework, which applies
this approach to language recognition, a well-
studied paradigm from theoretical computer sci-
ence and computational linguistics. This paradigm
consists of determining whether a given (formal)
grammar generates a given string. In RELIC, an
LLM is prompted with an arbitrary grammar and a
string drawn from that grammar’s terminal symbols
and is asked to accept or reject the string based on
the rules of the grammar.

We focus on language recognition for two com-
plementary reasons. First, this problem is well-
studied in a classical algorithmic setting, allow-
ing us to predict how varying the hyperparameters
which drive intrinsic task complexity, such as gram-
mar size and string length, may affect performance.

Second, language recognition, though formally
defined, has connections (§2.3) to fuzzier ‘real-
world’ reasoning capabilities which are harder to
study in their own right and which do not come
equipped with precise controllability, such as in-
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A

Context-Free
Grammars

PROMPT

Is the string “t51 t43 t66 t72”

generated by the grammar:

N S->AB y {S->AB, ... F->172'}?
N A->CD
B->EF 3 5
! ‘ ’ _’\A’\,
532 t51 t43 t66 t72 L —
E -> ‘t66’ . Yes. X No.
F > «¢72’ Negative
Examples

Figure 1: RELIC is an evaluation framework for complex reasoning, where we (a) stochastically generate context-
free grammars of given complexities, (b) sample positive and negative strings for each grammar, and (¢) prompt
models to classify whether the strings are generated by those grammars.

struction following (Wei et al., 2022a; Finlayson
et al., 2022) and in-context language translation
(Tanzer et al., 2023). Like these problems, RELIC
requires sophisticated use of context: multi-hop
retrieval of self-referential pieces (retrieving ad-
ditional pieces based on ones already retrieved);
composition of these pieces into candidate solu-
tions; and a search over the candidate space for
valid solutions. It thus serves as a formal analogue
to these fuzzier tasks while bringing the benefit of
easy verification.

In this work we instantiate the RELIC paradigm
to explore for the first time how well LLMs can rec-
ognize context-free languages (CFLs) in-context.
CFLs are a class of formal languages designed
to mimic the compositional structure of both pro-
gramming and natural languages (Chomsky and
Schiitzenberger, 1963), the two primary interaction
media for LLMs. The asymptotic complexity of
CFL recognition (§2.1) is within the capacity of
transformers with chains of thought that can vary
in length (Greenlaw et al., 1991; Merrill and Sab-
harwal, 2023); in particular, to solve the problem in
all cases, the length of the chain of thought must be
allowed to grow linearly in the size of the grammar
and superlinearly in the length of the string. But
this is only a theoretical possibility: it is an em-
pirical question whether currently available LLMs,
most of which are able to grow their chains of
thought in this way, are able to solve this problem
in practice.

We create a framework for stochastically gen-
erating novel context-free grammars (CFGs) and
drawing positive and negative samples from these
grammars. Using this framework, we construct
a benchmark of grammars of varying size (up to
500 nonterminal productions) and accompanying
sets of positive and negative example strings (of
lengths of up to 50 symbols). We evaluate a range

of LLMs on this benchmark, including smaller
open-weight models (Gemma 3 and a distilled ver-
sion of DeepSeek-R1) and proprietary models from
OpenAl (03, 04-mini and the gpt-4.1 family).

To preview our findings, most models perform
well on small grammars and short strings, indicat-
ing a general understanding of the task; but all mod-
els, including the most advanced reasoning models,
fall to near-chance accuracy on the larger gram-
mars, which are still orders of magnitude smaller
than the grammars needed to define commonly-
used programming languages or approximate hu-
man languages. Qualitative analysis of the chain-
of-thought (CoT) traces shows that in many cases
models increasingly rely on incorrect heuristics;
quantitatively, the lengths of CoTs do not grow as
needed for the correct strategy to perform the task.
For “closed reasoning” models that don’t return full
reasoning traces—Ilike 04-mini and 03—this mani-
fests as “quiet quitting” where models silently shift
to prefer invalid reasoning strategies as problems
get harder.

These results indicate that LLM reasoning is brit-
tle, even among state-of-the-art reasoning models.
We conclude that there is substantial headroom for
improvement on RELIC and, by extension, on the
fuzzy problems for which language recognition
is a formal analogue. The observation that mod-
els “quiet quit” motivates finding ways to ensure
that LLMs stay faithful to valid reasoning strate-
gies while mitigating the associated compute costs.
More generally, these results illustrate the potential
for using formal languages to produce evaluations
that are resistant to data contamination, and whose
difficulty can be precisely scaled as LLMs’ capa-
bilities improve.
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2 Background

2.1 LLMs and Complexity Analysis

We are inspired by a line of work that considers how
intrinsic complexity measures for formal tasks de-
termine how efficiently a model can solve the tasks
based on the model’s architecture, hyperparame-
ters, and the number of test-time compute tokens.
Prior work has examined transformers through the
lens of circuit complexity, establishing that trans-
formers without CoT (i.e., without the ability to
produce intermediate tokens before responding)
are in the complexity class TC® (Merrill and Sab-
harwal, 2023), while those with linearly-many CoT
steps are in the complexity class NC' (Merrill and
Sabharwal, 2024).

The recognition of membership in a context-
free grammar without g-productions is known to
be in the complexity class AC' and to be NC'-
hard' (Ruzzo, 1980; Venkateswaran, 1991; Green-
law et al., 1991). Standard context-free parsing
algorithms run in time ©(G - £3) with little likeli-
hood of significant improvement (where G is the
number of rules in the grammar and ¢ is the length
of the string; Lee 2002). Translating this runtime-
complexity into steps of inference (Merrill and Sab-
harwal, 2024), this means that transformers with
CoT can, in theory, solve RELIC, but at a steep
cost: the number of CoT steps required is bounded
between at least Q(G - £!-7) and at most O (G - £9).
Since inference compute is, in practice, a limited
quantity, we then predict that there are complex-
ity bounds on both grammars and strings beyond
which transformer LLMs will be unable to perform
above chance.

2.2 LLMs and Context Use

In addition to the ability to execute algorithms in
line with theoretical measures of their difficulty, to
solve complex tasks provided in a prompt, LLMs
require the more prosaic ability to effectively use
information provided in-context.

Early work on LLMs’ context-use ability
focused on retrieval tasks like “needle-in-the-
haystack™ evaluations where models are tasked

ITc? problems are those decidable by circuits of constant
depth and polynomial size, containing binary and majority
gates; NC! 2 TC? problems are decidable by circuits of
logarithmic depth and polynomial size, with each gate having
at most two inputs; AC' 2 NC! problems are decidable by
circuits of logarithmic depth and polynomial size, but with no
fan-in restrictions on gates.

with retrieving specific pieces of information pro-
vided in-context (Kamradt, 2023; Hsieh et al.,
2024; Bohnet et al., 2024; Zhang et al., 2024; Arora
et al., 2024). More difficult tests for context use in-
troduce elements of referentiality and composition-
ality? (piecing together multiple pieces of retrieved
information). Kim and Linzen (2020) and Press
et al. (2023), inter alia, demonstrate the challenge
that compositional reasoning poses for language
models in both toy and real-world settings.

More recent work in this direction includes
Wu et al. (2025), which provides an account of
how language models learn to implement variable-
binding, a necessary component of compositional
reasoning; NeedleBench (Li et al., 2025); and
Michelangelo (Vodrahalli et al.,, 2024). Like
RELIC, Michelangelo consists of synthetically gen-
erated tasks, which make it possible to control the
complexity of the task and address dataset leak-
age issues. Our work is motivated by similar con-
cerns but studies the substantially more challenging
task of language recognition—a setting which is
harder both in the formal complexity-theory sense
addressed above, and because unlike these datasets
RELIC is characterized by non-monotonicity (the
order in which pieces of the context must be re-
trieved or modified may not be the same as their
appearance order) and search (multiple candidate
solutions must be constructed from retrieved pieces
and evaluated to explore the solution space; Yao
et al. 2023; Yang et al. 2023).

2.3 LLMs and Reasoning

Poor performance of pure language models on tasks
requiring reasoning motivated the development
of increasingly sophisticated approaches to tackle
complex problems, notably by scaling the amount
of compute models expend at inference time (test-
time compute), first through methods like chain-of-
thought prompting (Wei et al., 2022b), and later
through iterated self-reflection (OpenAl 2024) in
reasoning language models like OpenAI’s o1, 03,
04-mini, and GPT-5 (OpenAl et al., 2024; Ope-
nAl, 2025c¢,a); Gemini Thinking (Google, 2025);
Claude Thinking (Anthropic, 2025); and DeepSeek-
R1 (DeepSeek-Al et al., 2025). These approaches

2We mean compositionality in a broad sense of combining
atomic primitives in some well-defined manner; the more
specific sense of deriving the meaning of expressions from
their constituent parts is implicated in question answering
(Dziri et al., 2023; Press et al., 2023) and semantic parsing
(Kim and Linzen, 2020).
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have led to broad improvements in performance
across a wide array of static reasoning benchmarks.
Yet recent work has also noted the brittleness in rea-
soning performance (Shojaee et al., 2025), where
even the best models fail to implement consistent
algorithmic solutions in many cases or to general-
ize to new instances or kinds of tasks.

Two classes of problem of particular relevance
to RELIC are instruction following and in-context
translation. Regarding the former, ‘base’ LLMs
are typically fine-tuned to follow in-context instruc-
tions, and can generalize this skill to new instruc-
tion sets not seen during training (Sanh et al., 2022;
Wei et al., 2022a). Language recognition was first
proposed as a formal analogue to instruction fol-
lowing by Finlayson et al. (2022), who note that
grammars function as instruction sets for the task of
(regular) language recognition. RELIC expands on
work in this direction by focusing on a richer class
of languages, CFLs, which have a higher level of
intrinsic complexity than regular languages do and
consequently are better able to model the kinds of
compositional structures present in both natural and
programming languages (Chomsky, 1959; Chom-
sky and Schiitzenberger, 1963). Unlike work on
LLM language recognition where the LLMs were
trained for the specific task or on specific gram-
mars (Bhattamishra et al., 2020; Delétang et al.,
2023; Butoi et al., 2025), we examine the ability of
general-purpose LLMs to accept or reject strings.

The second class of problems that is closely re-
lated to RELIC, in-context translation, was first
proposed by Tanzer et al. (2023). In this task, an
LLM is prompted with a complete description of a
language (e.g., a reference grammar or textbook)
and is expected to use this description to translate
into a low-resource language that was not included
in its pretraining corpus. This experimental de-
sign, while innovative, suffers from the difficulty
of verifying the correctness of low-resource natural
language translations and leaves open the question
of how LLM performance is impacted by the lan-
guage description’s complexity. Our work here
begins to address some of these concerns. As an
instance of language recognition, RELIC is closely
related to language translation, and is the formal
analogue to the task of determining whether or not
a translated sentence is grammatical, independent
from whether or not it is the correct translation.
Very recently Gupta et al. (2025) has begun to ex-
plore in-context translation performance through

formal means, but only for regular languages too
simple to be good proxies for natural, human lan-
guages.

3 RELIC: Recognizing Languages
In-Context

RELIC is a framework for generating synthetic
benchmarks: it can be used to generate new eval-
uation instances of increasing complexity that are
extremely unlikely to have been observed by the
model in training. In this paper, in addition to im-
plementing this process in a codebase, we also
generate a static benchmark using this process,
and evaluate contemporary language models on
the benchmark.

Following Clark (2017, 2018), we stochasti-
cally generate grammars which are parameter-
ized by four values: the number of terminal sym-
bols n{,,,, nonterminal symbols n; ... lexical
production rules n;_, and nonlexical production
rules n/ . We start by defining n{,, sym-
bols X = {ty,t2,...}; and n) ., Symbols V =
{NT{,NT»,...}. We then sample n{ex lexical pro-
duction rules NT, — ‘tp’ from the set of pairs
VXX, and we sample n’ _ nonlexical production
rules NT, — NT, NT. from the set of all triples
({S} UV) xV x V, where S is a privileged start
symbol. The grammar is then trimmed to remove
any nonlexical rules which do not lead to a lexi-
cal rule, and any lexical rules which are inacces-
sible from nonlexical productions. The result is a
reduced context-free grammar G with at most as
many terminals 7gery, nonterminals 72yopterm, lexical
productions njex, and nonlexical productions 7ponjex
as the generating parameters; for analysis, we mea-
sure the grammar’s complexity according to these
values after reduction, and specifically define its
size as G = Njex + Mnonlex-

Using this framework, we generate a first static
benchmark, which we refer to as RELIC-500. We
sample 200 grammars where all parameters (#¢erm,
Rnonterm»> Mlex aNd Anontex) are less than 500. To
reduce the correlation between the four parameters,
we oversample many grammars and filter to obtain
the 200 with minimally-correlated parameters; we
note that some parameter pairs, such as nix and
nerm, are inherently correlated and it is not possible
to completely decorrelate them (see table 1 for the
correlation coefficients).

For each grammar, we aim to sample 10 positive
strings s of lengths 1 < £ < 50 by treating each
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grammar as a probabilistic context-free grammar
with uniform probability assigned to production
rules sharing a left-hand symbol. We also generate
10 negative strings (i.e., strings which are not gen-
erated by the grammar) of each length: we sample
negative strings from a unigram model over the
terminal symbols £* and reject any strings which
are parseable by the grammar.? Not all randomly-
generated grammars will be able to produce arbi-
trarily many strings of a given sequence length. We
refer to the size of the set of generated examples
relative to a defined goal of 1000 examples as the
grammar’s coverage, and report it as a summary
statistic of each grammar. For the experiments con-
ducted here, the majority of grammars have over
90% coverage; see appendix B for more details.
Note that due to the sampling procedure, the dis-
tribution of lengths between positive and negative
samples is not matched; see fig. 9 for the ratios
of positive to negative examples for each length
1 < ¢ < 50. In our analyses (§5.2), we rebalance
the classes.

Data novelty & contamination. RELIC is de-
signed to mitigate issues of data contamination
by synthetically generating novel grammars rather
than relying on a fixed dataset. Since the number of
possible grammar-string pairs grows very rapidly in
both the size of the grammar and the length of the
string (see appendix A for more details), the risk
of ever sampling a new grammar which could have
been seen by a model during training is vanishingly
small.

Intended use. RELIC is designed as a zero-shot
evaluation of a model’s ability to reason about com-
plex in-context tasks without also using positive
and negative exemplars. Evaluating models in a
few-shot setting could lead to higher accuracy, but
any increases in accuracy could be due to heuristics
that distinguish the two classes with some accuracy
but fail to strictly test the model’s ability to follow
in-context instructions—for example, ones that rely
on differences in the n-gram distributions in posi-
tive versus negative examples.

30ur codebase also includes the ability to sample negative
strings adversarially by making minimal edits to positive sam-
ples. Since model performance on RELIC-500 is quite poor
across the board, in our experiments we only report our results
for the easier class of negative examples sampled from the
unigram distribution, but for the purpose of evaluating more
advanced models in the future, we encourage the use of the
adversarial negative examples.

Dataset & code release. For reproducibility and
to facilitate the creation of new RELIC bench-
marks, we release RELIC-500 and the codebase
to generate new grammars and examples at https:
//jpetty.org/relic.

4 Experimental Methodology

We evaluate eight LLMs on RELIC-500. First,
three models from OpenAI’s GPT line that were
the newest at the time of writing: gpt-4.1-nano,
gpt-4.1-mini, and gpt-4.1 (OpenAl 2025b).
Second, we evaluate two reasoning models from
OpenAl, 04-mini and 03 (OpenAl, 2025c) which
are trained to generate a variable number of hidden
tokens between the prompt and the final output. All
evaluations of OpenAI’s API-based models were
carried out between 14 April 2025 and 1 May 2025.
Third, we evaluate two models from Google’s
Gemma 3 family of open-weight instruction-
tuned language models (gemma-3-1b-it and
gemma-3-4b-it; Gemma Team et al. 2025). Fi-
nally, we evaluate an open-weight reasoning model,
DeepSeek-R1-Distill-Qwen-7B (DeepSeek-Al
et al., 2025). See appendix D for more details
on API costs, compute, and evaluation hyperparam-
eters.

For each grammar G and each string s, we
prompt the model with a description of the lan-
guage recognition task, the grammar, and the string,
and ask the model to classify the string according
to whether or not it is generated by the grammar,

as shown below.*
PROMPT 1 }—

You will be presented with a context-free gram-
mar in Chomsky normal form and a string which
may or may not be in the language defined by the
given grammar. Your job is to determine whether
or not the grammar generates the provided string.
You can use any reasoning strategy you like, but
you must end your response with either ‘Yes’ (if
the string is generated by the grammar) or ‘No’
(if it isn’t.)

Grammar:

S -> NT97 NT1

NT180 -> NT47 NT121
NT120 -> NT73 NT121
NT114 -> NT197 NT79

VANV VNNV VANV VNNV VAN
4Prompts and LLM responses are shortened for brevity
and clarity by eliding ancillary text with [...].
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VVVNV VMV MVVAMV VAV VA VAV VAV

NT191 -> NT76 NT49
NT8 -> NT90 NT28
NT192 -> NT140 NT152

NT171 -> 't59'
NT31 -> 't139'
NT172 -> 't28'

NT100 -> 't16'
NT187 -> 't158'
NT100 -> 't44'

Here is the string you need to evaluate:
String: ~t64°.

Remember, end your response with either “Yes’
or ‘No’.

We use a regular expression to determine
whether the model classified the example as pos-
itive or negative; we classify the response as
“unknown” if the model fails to offer a predic-
tion. We evaluate gpt-4.1-nano, gpt-4.1-mini,
gpt-4.1, and o4-mini on the full RELIC-500
dataset; for 03, gemma-3-1b-it, gemma-3-4b-it,
and DeepSeek-R1-Distill-Qwen-7B, we subsam-
ple each grammar’s data to have at most two ex-
amples per length per type (instead of 10) due to
the increased cost of running evaluations on these
models.

5 Experimental Results

5.1 Opverall Performance

In Figure 2, we report models’ mean class-balanced
accuracy and their macro F1 score (mean of the per-
class F1 score); since models do not have access
to the distribution from which positive and neg-
ative examples are drawn, class-balancing penal-
izes models for incorrect biases towards predicting
one class (positive or negative) over another. In-
deed, models’ accuracy often differs significantly
between positive and negative examples, indicat-
ing such a bias: gpt-4.1-nano and gpt-4.1-mini
have a much higher accuracy on positive examples
than they do on negative ones, while the reverse is
true for gpt-4.1, o4-mini, and o3 (fig. 4, top).
This difference in accuracy is mostly attributable
to the individual models’ bias towards one of the
two classes (fig. 4, bottom); while most models ex-
hibit a strong tendency to classify short examples

Model Accuracy (%) Macro F1
gpt-4.1-nano 54.1+3.0 444+ 0.7
gpt-4.1-mini 63.4+1.9 57.5+1.3
gpt-4.1 53.9+4.5 48.5+0.9
04-mini 59.2+3.5 58.1+1.0
03 704 1.9 70.1 = 1.1
gemma-3-1b 48.8+2.3 30.9+0.3
gemma-3-4b 48.7 £2.1 34.3+0.7
DSR1-7B 479+33 29.6 +0.3

Figure 2: Overall performance (class-balanced accu-
racy and macro F1 score) on RELIC-500. Chance per-
formance is 50%. Performance is calculated first by
grouping observations by grammar, example type, and
example length, and then taking the mean. Errors reflect
the standard error of the mean.

as negative, gpt-4.1-nano and gpt-4.1-mini in-
creasingly classify examples as positive as they
get longer, to the point that nearly all their predic-
tions for examples of length £ = 50 are positive.
gpt-4.1, by contrast, exhibits nearly the opposite
tendency, classifying most examples as negative
across all lengths.

5.2 Performance Decreases as Grammar and
Example Complexity Increases

For all models, performance on RELIC-500 de-
creases as a function of a grammar’s complexity, as
quantified by each of the four grammar parameters.
Among these parameters, the number of nonlexical
productions npentex 1S most strongly anti-correlated
with performance. On a per-model basis, we ob-
serve a roughly log-linear relationship between the
number of nonlexical productions and performance:
though some models have high accuracy on small
grammars, as fnonlex approaches 500 all models are
at or below chance performance (fig. 3, top).
Model performance is also affected by the com-
plexity of individual examples. As example length
¢ increases, models’ mean accuracy over both pos-
itive and negative examples decreases (fig. 3, bot-
tom). This drop-off happens quite rapidly, with an
inflection point occurring between £ = Sand £ = 15
depending on the model. A regression shows that
the effects of 10g(7nnontex) and log(€) are highly sig-
nificant (see tables 2 and 3 in appendix B).

5.3 Models Generally Agree on Which
Grammars and Examples are Hard

Alongside the strong correlation between accuracy
and grammar complexity, we found substantial
variability in accuracy among grammars of similar
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gpt-4.1-nano gpt-4.1-mini gpt-4.1 04-mini gemma-3-1b gemma-3-4b  DSR1-7B
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Figure 3: Models’ accuracy on RELIC-500 reduces to near-chance (dashed lines) for all models as grammar size
(number of nonlexical productions in the grammar, top row) and string length (bottom row) increase.
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Figure 4: Accuracy on positive examples (that is, examples that can be generated by the grammar in question)
and negative examples differs between models and across string lengths (top row); this is partially attributable to
models’ biases towards predicting one class (positive or negative) over another (bottom row).
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Figure 5: Spearman’s rank correlation coefficients for the mean accuracy per grammar (left) and per example
(right) between different models, binned by complexity. Most models agree on which grammars and examples are
hard, with the exception of gpt-4.1-nano/mini which tend to disagree with other models. The strength of these
correlations increases modestly as grammar and example complexity grow.
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complexity; this is particularly the case for the mod-
els with higher overall accuracy, gpt-4.1-mini,
o4-mini and o3 (fig. 3). Are the same grammars
or examples challenging for all models? To test this,
we rank the grammars and examples by their accu-
racy for each model and compute the Spearman’s
rank correlation across models. To mitigate the
overall correlation with grammar complexity, we
first divide the grammars into five bins of 100 pro-
duction rules each; we similarly divide examples
into length bins, in increments of 10. We find that
grammars (fig. 5, left) and samples (fig. 5, right)
have generally consistent difficulty across models.
Of note is the fact that two models, gpt-4.1-nano
and gpt-4.1-mini, are less correlated with the re-
maining models but have positive correlation with
one another; this behavior likely reflects the fact
that these models have a bias in favor of predict-
ing samples to be positive, unlike the pattern of all
other models as shown in fig. 4. We also observe
that these (anti-)correlations strengthen as grammar
and example complexity increase: correlations are
closer to zero on grammars with 100-200 produc-
tions than they are for those with 200-300 produc-
tions, and similarly for examples of lengths 1-10
and 11-20. For a full overview of these correla-
tions, see fig. 11 in appendix C.

6 How Do LLMs Succeed and Fail?

To understand how models attempt to solve RELIC,
where they succeed, and why they fail, we examine
the chains-of-thought produced by models prior to
providing their final answers; we have access to
intermediate outputs for all models except 03 and
04-mini, whose CoTs are not shared with the user.
We perform a qualitative analysis of model traces to
identify high-level strategies models employ when
responding. We then quantify how model strategy
changes as a function of task complexity, and cor-
relate these observations to changes in test-time
compute expenditure.

We note that while theoretical (Merrill and Sab-
harwal, 2023) and empirical (Turpin et al., 2023;
Pfau et al., 2024) work shows that CoTs may not
be faithful representatives of underlying compu-
tation, such separation arises mostly in adversar-
ial or otherwise-biased settings, where LL.Ms have
been deliberately trained or inadvertently prompted
to elicit unfaithful CoTs; Lanham et al. (2023)
found that such problems do not often arise in non-
adversarial settings. As our setup does not con-

tain any means to introduce such bias (zero-shot
prompts preclude introducing spurious correlations
in the exemplars), we suspect that the risk of un-
faithfulness here is low.

6.1 Qualitative Analysis of Strategy

We observe that models can identify a valid strategy
to solve RELIC: using the rules of the grammar to
construct a parse tree of the string, or showing (by
exhaustion or proof) that one cannot exist. In some
cases, with small grammars and short strings, mod-
els can often follow that strategy through to arrive
at the correct answer. In other cases, models fail be-
cause they get distracted by irrelevant information,
hallucinate success criteria, or second-guess their
(correct) choice of strategy and attempt to solve the
problem by other, invalid means.

Successful attempts. In some cases, models cor-
rectly identify positive samples by identifying the
relevant production rules and deriving a parse tree.
The response below highlights such an instance in
which gpt-4.1-mini is able to exhaustively search
for derivations compatible with the provided exam-
ple; this search involves recursively applying the
rule NT5S — NT@ NT5 three times, resulting in a full
derivation for the 5-symbol string t30 t24 t24
t23 t4. The model also successfully ignores pro-
duction rules irrelevant to the particular example.

[LLM RESPONSE 2)

Let’s analyze the grammar carefully and the string
to verify if the string can be generated by the
grammar.

Step 1: Since S -> NTS5 NT2

The string breaks into two substrings:

- substring generated by NT5

- substring generated by NT2

Let’s try possible splits:

- split after 1 token: (t30) (t24 t24 t23 t4)
- split after 2 tokens: (t30 t24) (124 t23 t4)
- split after 3 tokens: (t30 t24 t24) (123 t4)
- split after 4 tokens: (t30 t24 t24 23) (t4)

Try each possibility.

Step 2: Can NT5 generate the initial substring?
NT5 options:

- NT5 -> NTO NT5

- NTS -> terminals like ‘t18°, ‘t23°, ‘t25°, ‘t13’
(no ’t30’ here)

NTO terminals:
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So parse:

- NTS:

NT5 -> NTO NT5

NTO -> “t30°

NTS5 -> NTO NT5

NTO -> ‘t24°

NTS5 -> NTO NT5

NTO -> ‘124’

NTS5 -> ‘623’ (terminal)

Tokens: t30 t24 t24 t23
So yes, this derives the 4 tokens.

Step 3: Now check if NT2 can generate last token:
‘t4,

NT?2 terminals: ‘t9’, ‘t23°, ‘127, ‘t4°, ‘t30°

Yes, ‘t4’ is a terminal allowed by NT2
Therefore, NT2 can directly generate ‘t4’

Step 4: Full derivation

S -> NT5 NT2

NT5 > ‘t30 t24 t24 t23’° (via recursive NT5 ->
NTO NT5)

NT2 -> ‘t4’ terminal

The full string ‘t30 t24 t24 t23 t4° is generated by
S.

Final conclusion: The string can be generated by
the grammar.

Answer: Yes

Failed attempts. Models often fail on more com-
plicated versions of the task even when they are
able to solve it in the simpler cases. These fail-
ures have many different causes. In some instances,
models fail because they accumulate errors. Ap-
pendices E.1 and E.2 highlight such cases in which
models describe a valid way to solve the problem
but make invalid inferences from intermediate con-
clusions, become distracted by irrelevant informa-
tion, or otherwise commit mistakes in the process
of trying to follow a good strategy to its conclusion.

In other instances, models fail because they rely
on invalid strategies. Although the nature of the
problem is unchanged, prompting models with
more complex grammars and strings can cause
models to move away from valid, rule-based ap-
proaches and instead attempt to solve the task based
on irrelevant or invalid heuristics, such as string
length or the number of different ways to derive a
single terminal symbol. Importantly, these heuris-
tics can partially coincide with correct conclusions,

leading to models being right for the wrong rea-
sons (McCoy et al., 2019). Appendix E.3 shows
just such a case, where a model rejects a string
because it does not contain a particular symbol;
while the response is correct, the reasoning is dou-
bly invalid: not only does accepting the string not
involve ensuring the presence of this symbol, but
the symbol in question is not even in the grammar,
and so its presence would be sufficient to reject the
string.

6.2 Quantitative Analysis of Strategy

In light of the finding that models can propose
valid solutions to RELIC but don’t always imple-
ment those solutions, we perform a quantitative
analysis to explore how model strategy changes
as a function of task complexity. We employ the
“LLM-as-a-judge” framework (Zheng et al., 2023),
prompting gpt-5 to classify model completions as
either rule-based (requiring a full derivation of the
string, or a proof that one cannot exist) or heuristic
(appealing to properties of the example or grammar
to argue why an example seems likely or unlikely
to be derivable). We focus on the gpt-4.1 series
of models, since they can solve the task in simple
cases, fail on complex ones, and provide full ac-
cess to their CoTs. We perform human and LLM
validation of the LLM-judge; see appendix F for
details.

Figure 6 (bottom) shows that model strategy
is strongly dependent on task complexity. When
plotted against string length, the proportion of re-
sponses employing a rule-based approach peaks
very early and then falls off quickly as all three
models in the gpt-4.1 series shift to using invalid
heuristics to arrive at an answer.

6.3 Test-Time Compute Grows Insufficiently

Models can scale their test-time compute (TTC)
expenditure by producing more intermediate CoT
tokens in a bid to solve harder problems. We exam-
ine how models expend TTC on RELIC by explor-
ing how the length of the candidate strings impacts
the number of tokens a model produces during in-
ference (relative to the maximum token limit set for
the model). Solving RELIC requires transformer
LLMs to increase compute expenditure superlin-
early in string length (§2.1). Yet fig. 6 (top) shows
that relative TTC grows sublinearly, peaks early at
levels far below (~ 10%) the token limits set for
each model, and then decreases as a function of
string length. Moreover, the point at which TTC
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Figure 6: As string length increases, the test-time compute (TTC) expended by models peaks early and then
diminishes (top row, blue line); this contrasts with the cubic growth that would be expected from applying the
correct algorithm (yellow line). The cubic curve is fit to points before the peak, and TTC is computed as the mean
number of completion tokens produced for examples of a given length, relative to the model’s maximum token
limit. As relative TTC stops increasing, models shift from pursuing rule-based approaches to guessing (bottom
row, based on gpt-5’s classifications of the models’ chains-of-thought). Neither o4-mini nor 03 provide full CoTs,
so we cannot classify their strategies directly, but the similarity in compute expenditure to models that report CoTs

suggests a similar shift in strategy.

peaks and starts to drop off occurs close to the peak
and drop-off in preference for rule-based strategies
over heuristic guesses, further supporting the hy-
pothesis that the models stop attempting to apply
the correct strategy once the string reaches a certain
length.

7 Finetuning on RELIC Does Not
Improve Performance

100% =
[ No fine-tuning
80% = B RELIC fune-tuning

60% =

40% =

Accuracy

20% =

0%

gemma-3-1b-it gemma-3-4b-it

Figure 7: Finetuning the Gemma 3 models directly on
RELIC grammar-string—label data does not confer any
statistically significant benefit for the 1B or 4B models;
error bars report 95% confidence intervals for mean
model accuracy over five random seeds.

Could the weaker performance of smaller, open-
weight models we study be due to a limited ability

to infer the task from the prompt, as opposed to
weak reasoning capabilities? To test this possibil-
ity, we directly tune the two Gemma 3 variants
studied here (-1b-it and -4b-it) on a subset of
RELIC-500. Since these two models are fine-tuned
to be chat models, we format the fine-tuning sam-
ples using the Gemma chat templates for multi-turn
conversations, with the user turn being the stan-
dard RELIC prompt used during evaluation and
the model turn being the correct answer. See ap-
pendix G for details on fine-tuning.

Figure 7 shows that directly fine-tuning the
Gemma 3 models on grammar—string—label data
has no statistically significant impact on model per-
formance: for both the 1B and 4B models, mean
validation accuracy after fine-tuning remained
within the 95% confidence intervals of the mean
accuracies of the non-fine-tuned models. This sug-
gests that these models’ poor performance is not
primarily due to inability to infer the task that needs
to be performed from a single prompt.

8 Discussion

8.1 LLMs Quiet Quit on Hard Tasks

Across a wide variety of contemporary LLMs, mod-
els often demonstrate a good high-level understand-
ing of the RELIC task: models can correctly out-
line sound strategies to solve in-context language
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recognition and apply these strategies on simple
instances of the task. Yet increasing the difficulty
of RELIC by making strings longer and grammars
larger—though still considerably smaller than the
grammars of natural languages—induces a signifi-
cant degradation in performance, even among the
most capable reasoning models trained to “think
longer” for harder problems. Quantitative analysis
of their token expenditures shows that models stop
increasing their inference compute expenditure as
a function of task complexity quite early on, in
contrast to theoretical requirements for maintain-
ing accuracy on RELIC. Instead, compute expen-
diture peaks early, well short of the models’ allot-
ted compute budgets, and then decreases. Qualita-
tive analysis on models where reasoning traces are
available reveals that this shift in compute expendi-
ture accompanies a dramatic reversal in reasoning
strategy: as problems become harder, models are
increasingly less inclined to apply sound reason-
ing strategies, instead opting to rely on shallow
guesses.

We observe the same trend of diminishing TTC
expenditure as a function of task complexity in the
reasoning models for which we do not have ac-
cess to reasoning traces (here, o4-mini and 03) as
we do in those with visible intermediate reasoning
(e.g., the gpt-4.1 series). Since the computational
complexity of RELIC requires that models grow
their compute expenditure as a function of task dif-
ficulty, the observed behavior means that these rea-
soning models must be exhibiting the same shift in
reasoning strategy which can be directly observed
in the other models: as the task becomes harder,
they start to guess. This results in a peculiar phe-
nomenon where the best reasoning models must
be “quiet quitting” on hard tasks which they could
succeed at if they applied better strategies.

8.2 RELIC Predicts Reasoning Performance

CFL recognition may be hard for LLMs not only
because of its computational complexity (§2.1) and
context use requirements (§2.2), but also because
the task itself is out-of-distribution and involves
using data presented in a particular format that may
be under-represented in training. To validate that
success on RELIC is not merely an artifact of the
LLMs’ inability to infer the task itself, we com-
pare performance on RELIC to that on a variety
of other benchmarks: reasoning and knowledge
benchmarks MMLU Pro (Wang et al., 2024) and

MMLU Pro GPQA ¢ IFEval IFEvalCode

o 100% . °

¥ 60% — @ oo

© [ J

€ 40% —® °

< ®

2 20% @ 3 o

3 °

0% = 1T 1T 1T 1

1 30 1 30 1 30 1 30

Max String Length Above Chance

Figure 8: Performance on RELIC (here, measured by
the longest string lengths for which models are reliably
above their minimum accuracy, which for most models
is at-chance) generally correlates with reasoning and
instruction following evaluations.

GPQA Diamond (Rein et al., 2024); IFEval (Zhou
et al., 2023), an instruction following benchmark;
and IFEvalCode (Yang et al., 2025), an instruction-
following benchmark specifically focusing on code
generation. Figure 8 shows that performance on
RELIC (as measured by the maximum length of
strings that models can reliably classify above-
chance) broadly correlates with performance on
these more general-purpose benchmarks, suggest-
ing that success or failure on RELIC is not merely
an artifact of a model’s ability to understand the
task formatting but is more broadly correlated with
its general-purpose utility on reasoning tasks.

8.3 Scalably-Complex Tasks Can Evaluate
Hidden Reasoning

Proprietary reasoning models, such as o4-mini
and 03, commonly obscure their reasoning traces,
presenting the user with only their final response
and potentially a summary of the hidden traces,
along with metadata about how many tokens of
compute were used to arrive at that final answer.
The fact that these traces are withheld poses chal-
lenges for evaluation of such models, since it is
impossible to conduct any qualitative analysis on
the responses to determine whether the reasoning
strategies employed are sound or consistent with a
user’s guidance.

Scalably-complex tasks like RELIC offer a par-
tial window into the reasoning traces of these pro-
prietary models. By connecting the intrinsic com-
putational complexity of the task, here measured
by the time-complexity of the best algorithms for
solving RELIC as a function of its generating hy-
perparameters, to the computational behavior of
language models, we can derive predictions for
how test-time compute budgets must increase as a
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function of task complexity; comparing this pre-
dicted behavior to what is observed empirically
reveals whether closed-reasoning models are, in
general, applying sound reasoning strategies.

8.4 Models Struggle at Dense Context Use

Models’ poor performance on RELIC highlights
that difficulties in context use can arise from a
prompt’s density in addition to its length. The gram-
mars and strings used in RELIC are small com-
pared to the models’ context windows, amounting
to no more than a few hundred unary or binary pro-
duction rules and strings of no more than 50 words.
Despite this, the highly-compositional nature of the
task presents challenges for current LLMs: since it
is not prima facie obvious which nonterminal rules
must be retrieved from the context, nor the order
in which they must be combined, RELIC requires
models to effectively search over combinations of
pieces of context to arrive at an answer, making the
task much harder than many long-context use evalu-
ations such as multi-hop needles or state evaluation
benchmarks like NeedleBench (Li et al., 2025) or
Michelangelo (Vodrahalli et al., 2024).

8.5 Limitations

RELIC does not control for task familiarity.
While RELIC’s nature as a synthetic benchmark
means we can be very confident that any particular
evaluation sample is novel for an LLM, it is quite
possible that different models have been exposed
to the concept of CFL recognition and the associ-
ated solutions. As such, success on RELIC likely
depends on models having some prior understand-
ing of the problem setup and does not constitute
evidence that models are able to develop novel so-
lutions to the task, but merely that they may be able
to apply known solutions to novel instances of the
task.

Strategy classification is subject to error.
While our LLM-judge attained reasonable levels
of agreement with human annotators on whether
models were guessing versus attempting to employ
good reasoning strategies when solving RELIC,
the ability to further verify whether or not models
make low-level mistakes in their chains of thought
is not here addressed at scale. While we do observe
instances of this, such as in the response shown
in appendix E.3 where a model hallucinates a suc-
cess condition based on a terminal symbol which
doesn’t appear in the grammar, we do not know

how often such cases appear. Since these cases
are difficult to automatically detect and verify, we
think it possible that the LLM-judge strategy clas-
sifications may be overly rosy, as many instances
classified by the LLMs as displaying rule-based
reasoning may contain errors which make the argu-
ments invalid or unsound.

8.6 Future Directions

The results here suggest several avenues of future
research. First, the negative results of our fine-
tuning experiments, albeit on small models, imply
that different strategies must be pursued to improve
model performance. In particular, it may be the
case that training models on more structured com-
pletions involving guided reasoning strategies, such
as full derivations or exhaustive searches, is more
effective than merely tuning on labeled outputs
(Lambert et al., 2025). Likewise, using in-context
samples to generalize to novel grammars may be a
promising way to attain better fidelity to rule-based
approaches. Explicit guidance on which particular
strategies are to be used may further boost perfor-
mance, though at the cost of requiring the user to
do upfront work to identify what those solutions
are. Taken as a proxy for more general reasoning
tasks, it is more desirable to find ways of improv-
ing performance which do not require the user to
proactively identify valid completion strategies on
a per-prompt basis.

Second, extending the class of grammars sur-
veyed here to include more complex languages,
such as context-sensitive languages, may yield fur-
ther insight into how LLMs fare on tasks that are
computationally harder than what is tested here;
extension to context-sensitive languages would pro-
vide a clear analogy to the task of determining the
syntactic validity of programs in many program-
ming languages, which have non-context free com-
ponents such as macros in C.

Finally, it may be possible to leverage a simi-
lar experimental setup to test for LLMs’ ability to
reason about formal languages in tasks other than
language recognition; a promising candidate is to
explore whether or not reasoning models can use
formal grammars as a means of translating between
two formal languages when given their specifica-
tions. Such an evaluation would provide a way to
estimate how well LLMs can do in-context transla-
tion of natural languages (Tanzer et al., 2023; Petty
et al., 2026).
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A Grammar and String Novelty

The grammars and candidate strings generated by
RELIC are almost certainly novel, meaning that
they are very unlikely to have been generated and
observed before during training.

Lemma A.1. Let G be a context-free grammar in
Chomsky normal form with n nonterminal symbols
and |Z| = t terminal symbols, and let € be the
length of a string drawn from Z*. Then there are
at least 21+ =2n many distinct grammars and t°
many distinct strings.

Proof. To establish a lower bound on the number
of reduced CFGs in Chomsky normal form we
exhibit a set of such grammars and count them. Fix
V ={NTy,...,NT,}and & = {ty,..., t;}. Let G’
be a base grammar whose nonlexical productions
are all rules of the form

{§ = NT; NT{} forl <i<n, ()

and whose lexical productions are all rules of the
form

{NT; —» ‘t;’} forl <i<n. B)

It is clear that G’ is reduced, since every nontermi-
nal NT; is accessible from the ith nonlexical rule
by (@) and productive in the ith lexical rule by (8).
Furthermore, G’ remains reduced after adding any
other lexical or nonlexical production rules since
their inclusion does not affect productivity or acces-
sibility. A lower bound on the number of reduced
CNF CFGs is then the number of distinct gram-
mars which may extend G’. There are n> possible
distinct nonterminal production rules and nt pos-
sible distinct terminal production rules. Since G’
contains 2z production rules, there are n® + nt — 2n
remaining distinct production rules to choose from,
and so there are at least 2"+ =2 distinct reduced
CNF CFGs.

The number of distinct strings on ¢ symbols of
length ¢ is trivial. |

Remark. The number of distinct grammar—sample
pairs for fixed n, t, and € is multiplicative:

Npairs > 2n3+nt—2n i tf'
This grows very fast. In practice, the space of
distinct grammars and samples is extraordinarily
large, and the chance of accidentally generating
a grammar—sample pair which had been observed
during training is vanishingly small.

B Dataset Information

B.1 Distributional Statistics for Grammars
and Strings

To construct the static evaluation set used in our ex-
periments, we first over-generate grammars (~1000
total) where the four generating hyperparameters of
each grammar (the numbers of terminal ny, and
nonterminal npopeerm Symbols and the numbers of
lexical njex and nonlexical n,0n1ex production rules)
are bounded above by 500. We then subsample
these grammars to include the 200 grammars whose
hyperparameters are minimally correlated with one
another. Table 1 below reports the hyperparameter
correlations in the released set. Note that the corre-
lations between ierm ~ Miex and Nponterm ~ Pnonlex
are higher than the others since the former term is
bounded above by the latter in both cases.

Nterm Nnonterm Nex
Nnonterm 0.01
Niex 0.54 0.07
Nnonlex 0.00 0.31 _0.01

Table 1: Correlations between generating hyperparame-
ters for the released static set. Note that njex and nerm
are inherently correlated.

From each grammar we sample positive and neg-
ative strings. Positive strings are sampled by con-
verting each grammar into a probabilistic context-
free grammar (Booth and Thompson, 1973) with
uniform probability for each right-hand-side path
among all productions which share a left-hand-side
nonterminal and sampling a production stochasti-
cally. We over-sample positive strings and filter
so that they are of length at most 50, and such
that we have no more than 10 strings per length.
Negative strings are sampled by drawing strings
over the set of terminal symbols X* of fixed length
1 < ¢ < 50 uniformly-at-random and rejecting
any strings which are parseable by the grammar.
We repeat this process until we have 10 strings per
length.

Since positive examples are not drawn with a
pre-determined length and not all grammars can
generate 10 strings for each length, the resulting
set of sampled strings will in some cases be smaller
than that of the negative examples; fig. 9 shows the
relative proportions of positive and negative sam-
ples drawn from the released set of grammars. For
our evaluations, we choose not to post-hoc rebal-
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Figure 9: Proportions of example types represented in
the static dataset, in aggregate (left) and broken down
by example length (right).
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Figure 10: Distribution of grammars by coverage (i.e.,
the size of the language they generate, measured as the
number of positive examples of lengths ¢ < 50, with a
maximum of 10 examples/length, out of a theoretical
maximum of 500) shown as a histogram (top) and a
cumulative distribution function (bottom).

ance example types for each length since the distri-
bution of positive examples by length is a property
of the grammar. Since not all grammars will gen-
erate strings of every length in equal proportions,
the length of an example contains relevant informa-
tion about the example’s type, albeit information
which is not provided to the model independently
from the grammar itself. For a model to justifiably
use the example length to arrive at the correct an-
swer, it must derive the relevant properties from
the production rules itself.

We refer to the number of examples for a gram-
mar, relative to the theoretical maximum of 1000
strings (= 2 example types * 50 lengths * 10 exam-
ples per length per type) as the grammar’s coverage;
fig. 10 shows the coverage of the grammars used
in our experiments.

B.2 Why are ngrm and njex Correlated?

In any context-free grammar the number of termi-
nal symbols 7., is bounded above by the number
of lexical production rules nj; to see why, con-
sider the following minimal grammar with a single
lexical rule and a single terminal symbol:

S—AA
A—'a'

To add a new terminal symbol 'b' to the grammar,
we must add a production rule which yields it:

S—AA

A—'a'

A—'b'
Thus, nerm < niex. To see how it could be lower,
consider a grammar like the following where mul-
tiple distinct nonterminals yield the same terminal:

S—AB

A—'a'

B—'a'
Here the grammar has two lexical production rules
but only a single terminal symbol. A similar argu-
ment extends to the relationship between nponterm
and Mponex-

C Regressions & Correlation Data

Table 2 reports the Pearson correlation coefficients
for model accuracy and macro F1 score with the log
transforms of the four generating hyperparameters
of each grammar (the numbers of terminal 7
and nonterminal 72,0pterm Symbols and the numbers
of lexical njex and nonlexical nponex production
rules).

We also report the coefficients of regression
for accuracy (as a percentage) versus model type,
Nponlex, and example length ¢ in table 3. Both
Nnonlex and € were log-transformed and centered
before being entered into the regression.

Figure 11 shows the full Spearman’s rank corre-
lation coefficients across models for the difficulties
of individual grammars and samples.

D Inference Cost, Setup, and
Hyperparameters

Evaluations on OpenAl models used roughly $15k
total of compute credits. Evaluations on the
open-weight models were run on a GPU clus-
ter using NVIDIA A100s, H100s, V100s, and
RTX8000s; models were loaded using the Hugging
Face transformers library (Wolf et al., 2020).

Table 4 reports the inference hyperparameters
used in our experiments. For the open-weight mod-
els, which we run on local hardware, we restrict the
number of new tokens (max_completion_tokens)
to 4096 to limit memory usage and inference time.
For all models, we generate completions with sam-
pling using the default parameters (temperature 7
and nucleus constant p) specified by the model or
APL
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log(nerm)  log(mex)  log(nnonterm)  10g(7nontex)
o 1 0.26 0.23 0.14 ~0.10
gpt-4.1-nano Fce. 0.15 0.17 0.09 ~0.05
o rE1 0.07 ~0.02 ~0.13 057
gpt-4.1-mini FAce, 0.09 0.02 ~0.13 ~0.45
] e 011 ~0.37 052 059
gpt-4.1 race. 013 ~0.28 ~0.25 027
hming re —0.20 039 ~0.60 ~0.79
rae.  —0.15 ~0.28 ~0.20 ~0.36
o re =012 ~0.22 ~0.37 ~0.75
race.  —0.06 ~0.12 ~0.17 ~0.40
N re =021 ~0.24 ~0.19 020
gemma-3-1b Face.  —0.09 -0.13 -0.13 ~0.11
N re —0.22 ~0.36 —0.49 —0.61
gemma-3-4b Face.  —0.05 ~0.09 ~0.21 ~0.19
] re -0.14 ~0.24 —0.43 038
DSR1-78 Face. | —0.12 ~0.20 ~0.20 ~0.20

Table 2: Pearson correlation coefficients r between models’ accuracy/macro F1 scores and grammar hyperparameters,
including the numbers of terminal symbols 7m, nonterminal symbols nponerm, lexical productions nex, and
nonlexical productions nponex. Correlation scores are taken over the mean F1 and accuracy values grouped by

grammar.

E Chains-of-Thought

This appendix provides a few examples of
the chains-of-thought (tokens generated between
the prompt and the answer) produced by
DeepSeek-R1-Distill-Qwen-7B (which we ab-
breviate here as DSR1).

E.1 Example A: Faulty Reasoning

In the example shown below, DSR1 reports identify-
ing a strategy that, while vaguely described, is con-
sistent with the appropriate way to determine if the
example is generated by the grammar ( “start from
the string and see if I can break it down into the non-
terminals according to the production rules”; see
€E.1). It begins exploring this strategy, but quickly
backtracks and veers off into a heuristic and irrele-
vant analysis based on string length (“Wait, let me
count the tokens”; §E.1). It then backtracks again,
and attempts to find a derivation for the first sym-
bol in the example (YE.1). It correctly identifies
two production rules that together can generate the
first symbol in the example (the first symbol is t75,
and the relevant rules are {S — NT97 NT1, NT97
— ‘t7573). It then proceeds to determine how the
second symbol in the example, t104, could be de-
rived. It notices that NT1—the second nonterminal
in the rule S — NT97 NT1, which it used to derive
the first symbol—does not directly produce t104,

and considers this a potential reason for rejecting
the string (YE.1). It then considers the possibility
that NT1 produces t104 not directly but through
intermediate productions ({E.1); it then rejects this
possibility based on the presence of a different lexi-
cal production rule involving NT1—although this is
an incorrect reason to reject this possibility—and
concludes, incorrectly, that the example is not gen-
erated by the grammar (YE.1).

( LLM RESPONSE 3 j

I think the approach is to start from the
string and see if I can break it down into the
nonterminals according to the production rules.

Wait, let me count the tokens:

Let me count
these: 41 tokens.

Alternatively, starting from the beginning, the
first symbol is ‘t75°, which must come from
some terminal in the grammar. Looking at the
grammar, let’s find which nonterminals have
a production ending with ‘t75’.
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1-10 symbols 11-20 21-30 31-40 41-50
gpt-4.1-nano -l [ | [ | | |
gpt-4.1-mini - [l | || | |
gpt-4.1 - M [ | || | |
o4-mini - [H [ | | [ | | [ ] |
03 - u u u u u
gemma-3-1b - [ | [ ] | B B
gemma-3-4b — [ ] ] || |
DSR1-7B - | | | | | | ||
1-100 productions 101-200 201-300 301-400 401-500
gpt-4.1-nano i [ | [ ]
gpt-4.1-mini - [l | ] [ | [ | | [ ]
gpt-4.1 -1 M [ | [ [ | [ | [ | | [ ] |
od-mini - [/ [ [ | [ [ [ ][] || N
o3 - NN || [ | L[| [ [ [ [ ]|
gemma-3-1b {1 [ W [ | N N EEE Tlm N
gemma-3-4b - B B B HETE B
DSR1-78 -1 [T H EEEE BN BEE "ENE ENm |

Figure 11: Spearman’s rank correlation coefficients for accuracies between different models (top: per-example,
faceted by example length; bottom: per-grammar, faceted by number of non-lexical productions).

Term Coeff. p-value Sig. Model Token limit 7 p
Intercept 46.56 < 0.001 *x*x gpt-4.1-nano None 1.0 1.00
gpt-4.1-mini 13.18 < 0.001 **x gpt-4.1-mini None 1.0 1.00
gpt-4.1 19.43 < 0.001 **x gpt-4.1 None 1.0 1.00
ot-mini 21.69 < 0.001 e o4-mini None 1.0 1.00
03 26.26 < 0.001 *#*x*
gemma-3-1b 7.87 <0.001 #*x% 03 None 10 1.00
gemma-3-4b 7.38 < 0.001 **x* gemma-3-1b-it 4096 1.0 0.95
DSR1-7B 9.66 < 0.001 #**x* gemma-3-4b-it 4096 1.0 0.95
logyo(nonlex) * gpt-4.1-nano -2.28 <0.001 x*x DeepSeek-R1-Distill-Qwen-7B 2048 0.6 0.95
logo(Mnonlex) * gpt-4.1-mini  —24.17 <0.001 **x
logo(Mnonlex) * 8pt-4.1 —10.28 < 0.001 »xx Table 4: Inference hyperparameters used in experi-
logg(inonlex) * 04-mini —14.41 < 0.001 *xx ments.
log o (Mnonlex) * 03 —23.54 < 0.001 *xx
logo(Mnonlex) * gemma-3-1b —4.44 <0.001 *%x
logg(ponlex) * gemma-3-4b -9.93 < 0.001 *x%x*
log o (Mnonlex) * DSR1-7B -9.78 < 0.001 **x 15
logyo(€) * gpt-4.1-nano —26.79 < 0.001 *xx
logo(¢f) * gpt-4.1-mini 0.72  0.385
log((€) * gpt-4.1 15.93 <0.001 #x%
logo(£) * 04-mini 8.73 < 0.001 *xx and NT97 -> “t75” according to the end of the
log;o(£) * 03 -1.36  0.102 20 grammar list: NT97 -> ‘t75’. So, NT97 can
logo(¢) * gemma-3-1b 28.37 < 0.001 *** directly produce ‘t75’.
logyo(€) * gemma-3-4b 41.20 <0.001 #*=*x . )
log () * DSR1-7B 28.03 <0.00] %%% Now, looking at NT1: according to the gram-
mar, NT1 -> ‘t1’. So, that’s a terminal. So the
1019 (tnontex) * 10g 9 (£) ~1028 <0.001 e first two symbols in the string must be ‘t75” fol-
. . 25 lowed by ‘t1’. Let me check the given string:
Table 3: Regression coefficients for accuracy by model, the first two tokens are ‘75 t104°, but wait,
10g10 (nontex), an_d example length Z..Th.e base level of that’s not ‘t75” followed by ‘t1’. So that’s a
the model factor is gpt-4.1-nano. Significance values problem.
are listed as *x* for p < 0.001, **x for p < 0.01, and *
for p < 0.05. Wait, alternatively, maybe the NT1 is not the
30 immediate right child but another expansion. ...

grammar, NT44 -> ‘t132’, and NT197 -> “t178’,

145(

Therefore, it’s not possible that the entire string
is generated by this grammar because the sec-
ond symbol doesn’t match ‘t1°. ...
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E.2 Example B: Irrelevant Distractions

Here, DSR1 is prompted by a (negative) example
consisting of a single symbol t136; though it iden-
tifies that this token is derivable by some lexical
production rule, it immediately begins investigat-
ing irrelevant derivations which contain additional
terminal symbols (€1). It continues along this line
before arguing (incorrectly) that the example seems
plausible since it seems like there exist derivations
containing the provided terminal symbol (92).

[ LLM RESPONSE 4)

I remember that
‘t136° could link to ‘t39” and ‘t6’ based on some
5 earlier patterns. q

it seems like ‘t136’ is a
valid node in the context.

Q2

E.3 Example C: Incorrect Strategy

Here, DSR1 adopts a strategy that is entirely irrele-
vant: it decides to check if the string contains the
symbol t27 (93), a symbol which not only does
not appear in the example it was given, but does
not even appear in the grammar in question. It then
proceeds to check if any symbol in the provided
string is t27 before rejecting the example because
t27 was not present (94). Because the example
in this case happened to be a negative example,
DSR1 happened to produce the correct answer, but
it reached this answer for irrelevant reasons.

[ LLM RESPONSE 5)

First, I see that the task involves checking if the
token ‘t27° appears in the output of a certain
string evaluation.

E

So, based on my evaluation, the output of the
10 evaluation doesn’t contain ‘t27’. Therefore, the
condition isn’t met, and the answer should be
‘No’. q“4

F Strategy Classification Details

To categorize the strategies used by the gpt-4.1-
series of models, we employ the ‘LLM-as-judge’
framework (Zheng et al., 2023): we prompt a judge
model to classify other models’ responses accord-
ing to a rubric. To validate this methodology, we
collect human judgments on model strategies for
62 different completions, balanced for binned sam-
ple length (short, medium, and long) and sample
class (positive or negative). Human judgments are
provided by paper authors. We then select two
candidate judge LLMs, o4-mini and gpt-5, and
prompt these judge models to categorize the same
62 samples. We compare the majority-category se-
lected by the human annotators to that of the LLMs
to compute the validation agreement between hu-
man and LLM judgment. We then select the judge
LLM with the highest validation agreement to clas-
sify model strategies for a much larger subsampling
of the full data, and report these values in fig. 6. We
prompt all judge models with the same guidelines
given to human annotators, shown below:

PROMPT 6 }—

You will be presented with a completion from an
LLM which was given a context-free grammar
and a string of symbols drawn from that gram-
mar’s set of terminal symbols and asked to de-
termine whether the string is generated by the
grammar or not. Your job is to classify how the
LLM attempted to solve the task by binning the
completion strategy into one of the following cat-
egories:

- “heuristic™: The LLM attempts to solve the
task by using heuristics it surmises from the gram-
mar, such as “if the string is long, it is likely gener-
ated by the grammar” or “the string only contains
terminal symbols present in the grammar, so it’s
likely a positive sample”. Count strategies as
heuristic if they appeal to the existence of certain
production rules but do not rigorously determine
that no such derivation exists.

- “rule-based™: The LLM attempts to solve the
task by writing out the FULL DERIVATION of
the sample from the grammar, or rigorously deter-
mining that no such derivation exists. Only count
strategies as rule-based if the LLM doesn’t use
any guesswork to reach its final conclusion.

- “code”: The LLM attempts to solve the task
by writing out a program or algorithm which it
claims will solve the task. This includes writing

VANV VNNV VANV VNNV VAN
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out a program in a programming language, or
writing out pseudocode.

You can write as much as you want in your answet,
but please end your response with the name of the
classification you think is most appropriate.

Here is the LLM’s completion:

{completion}

We found that o4-mini had a human-agreement
of 68% while gpt-5 had a human-agreement of
83%, and so report gpt-5’s analysis in the main
text, though we note that 04-mini’s classifications
generally agree with those of gpt-5.

G Finetuning Details

We fine-tune gemma-3-1b-it and gemma-3-4b-it
on a subset of RELIC (§7). We randomly select
100 grammars and generate an 80%-20% train-
validation split, training on the RELIC prompt
(see Prompt 1) in §4 along with the correct re-
sponse. We fine-tune each model for five epochs,
after which point validation loss begins to diverge.
For each model size we perform five training runs
from different random seeds. We use the AdamW
optimizer (Loshchilov and Hutter, 2019) with stan-
dard parameters (81 = 0.9, B> = 0.999) and an
initial learning rate of 5 x 107>, using the TRL
framework from HuggingFace (von Werra et al.,
2020).
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