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Abstract

Linguistic puzzles, wherein the solver must de-
duce rules of an unfamiliar language purely
in-context, represent a uniquely perplexing
problem format even for state-of-the-art large
language models. Yet by exploring various
inference-time scaling methods, we demon-
strate that language models’ performance on
these problems can be improved without
the need for fine-tuning or providing sup-
plementary linguistic context. To this end,
this paper introduces the first domain-specific
inference-time scaling framework for linguistic
puzzles, which we use to improve the perfor-
mance of three model families - R1 (Deepseek),
Gemini 2.5 Flash (Google), and Llama 3.3 70B
Instruct (Meta) - on a challenging Linguistics
Olympiad-based benchmark by 4.9, 13.1, and
4.9 percentage points, respectively. Nonethe-
less, even when multiple optimisations are ap-
plied, we find that LLMs’ linguistic puzzle
performance remains well below comparable
mathematical and commonsense benchmarks,
and we speculate as to why linguistic reason-
ing continues to pose a distinctive challenge for
even the most capable large language models. '

1 Introduction

In 2025, OpenAl and Google announced that their
large language models (LLMs) would have re-
ceived gold medals in that year’s International
Mathematics Olympiad (IMO), a global mathe-
matics competition for secondary students, by an-
swering five of the six competition questions cor-
rectly (Huang and Yang, 2025). This is reflec-
tive of the growing reasoning capability of state-
of-the-art LLMs, which have been shown to per-
form extremely well on arithmetic and coding
benchmarks (Guo et al., 2025; Comanici et al.,

!Code and dataset available at https://
github.com/JamieGarnham/lingoly—-team
and https://huggingface.co/datasets/
jamiegarnham/lingoly-team

Ehsan Shareghi
Monash University
ehsan.shareghi@monash.edu

2025). This strong performance on these bench-
marks has been aided further by the development
of inference-time scaling methods, where the mod-
els are allocated greater time and computational
resources to produce outputs, allowing the mod-
els to self-correct, check for self-consistency, and
hence improve performance (Muennighoff et al.,
2025; Wang et al., 2023).

Contrastingly, LLMs perform significantly
worse on benchmarks based on the International
Linguistics Olympiad (IOL), the IMO’s linguistic
counterpart, designed to test secondary students’
ability to recognise and apply patterns in real-world,
often lesser-known languages (Chi et al., 2024;
Bean et al., 2024). In light of this, there has been
growing interest in measuring and improving the
ability of LLMs to solve these problems, across the
various puzzle formats present in the Linguistics
Olympiad papers (see Figure 1 and Appendix A
for examples of these formats) (Zhu et al., 2025;
Choudhary et al., 2025).

This naturally leads to the question of whether
inference-time scaling methods, which have seen
success in other domains but are as yet largely
untested in the linguistic puzzle space, can pro-
vide similar value when applied to this benchmark
(Snell et al., 2025; Wang et al., 2023; Yao et al.,
2023). Accordingly, we aim to optimise the ‘ex-
traction’ of reasoning from these models, to hence
determine whether their poor performance is reme-
diable at inference-time, or is reflective of a true
deficiency in the specialised reasoning modes re-
quired for this domain.

To test this, we comprehensively analyse the
effect of scaling inference-time budget, measuring
the performance of seven different inference-time
scaling methods (including combinations thereof)
across four different puzzle formats in the linguistic
puzzle domain. We use a downscaled version of
the LINGOLY-TOO dataset, intended to mirror this
benchmark in difficulty, and compare three model
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families: DeepSeek R1, Gemini 2.5 Flash, and
Llama 3.3 70B Instruct (Guo et al., 2025; Comanici
et al., 2025; Dubey et al., 2024).

From these experiments, we find that sampling
multiple responses from an LLM in parallel and
applying self-consistency to these outputs provides
a moderate improvement above the baseline for
all models, suggesting that there is value in scal-
ing the models’ inference-time budget to more ac-
curately measure their capability in this domain.
Conversely, we find that LL.M-as-a-Judge-based
approaches are ineffective in this problem domain,
in large part because the processes of solving and
correctness verification are not strictly separated
for this problem format, unlike in mathematical or
commonsense problems (Gu et al., 2024).

Finally, we design and implement a novel
inference-time scaling and prompting framework,
LINGOLY-TEAM, which isolates the individual rea-
soning steps and then aggregates an answer from a
‘team’ of LLM instances working in parallel. Our
domain-specific framework outperforms all other
approaches for the Llama model (scoring 17.7%,
compared to a baseline of 12.8%), and provides
significant improvement for the Gemini model (to
36.5%, from a baseline of 23.4%), but offers less
advantage to the already-deliberative R1 model
(34.8% compared to a 29.9% baseline). Despite
still performing reasonably poorly overall, we find
that in the Linguistics Olympiad puzzle domain,
the more powerful R1 and Gemini 2.5 Flash mod-
els show reasoning capability occasionally; but to
be considered true linguistic reasoners, it is nec-
essary to develop the capacity of LLMs to do this
consistently.

2 Background

Modern LLMs have become increasingly ‘multi-
lingual’, enabled by efforts to increase the num-
ber of languages included in their pre-training
data (Huang et al., 2024); state-of-the-art LLMs
have also demonstrated the capacity to ‘learn’ a
language purely in-context, when presented with a
bilingual dictionary, small bilingual corpora, and
explicit grammar rules (Tanzer et al., 2024; Court
and Elsner, 2024; Zhang et al., 2024; Merx et al.,
2024). Contrastingly, Linguistics Olympiad puz-
zles, which involve deducing a low-resource lan-
guage’s grammar and semantic rules only from a
very limited set of paired examples and then apply-
ing a combination of these to a set of unseen test

Preamble: “Beja” is the Arabic name for
the language which calls itself...

Context:
a. ilaga diwiini
b. doobaab rhitni

The male calf is sleeping.
She sees a bridegroom.

Questions:
3.1. Translate into English:
1. uukaam ootak rhaabu.

3.2. Translate into Beja:
6. A man meets the mouse.

Figure 1: ‘Rosetta Stone’ linguistic puzzle (source:
United Kingdom Linguistics Olympiad 2013, Round
2, Question 3: Beja).

examples, constitute a challenging problem format
for LLMs (Bozhanov and Derzhanski, 2013; Bean
et al., 2024; Chi et al., 2024).

Methods to improve LLMs’ ability to solve
these linguistic reasoning problems include manu-
ally synthesising ‘step-by-step’ examples to guide
LLMs to the solution (Zhu et al., 2025), retriev-
ing comparable examples from languages of the
same family (Ramji and Ramji, 2025) to augment
the examples, and human-labelling individual mor-
phemes in preprocessing (Choudhary et al., 2025),
all of which result in an improvement in solution
quality. Yet the performance reported in previous
papers may not reflect LLMs’ true linguistic rea-
soning capability for two key reasons: knowledge
contamination (as these benchmarks consist of pub-
licly available problem sheets), and reliance on ex-
ternal assistance (the supplementation of additional
linguistic context by a human annotator). The for-
mer has been addressed by the recent release of
an obfuscated Linguistics Olympiad benchmark,
LINGOLY-TOO (Khouja et al., 2026) — on which
LLM performance is found to be notably worse —
yet the latter remains largely unexamined.

As the paucity of linguistic puzzles generally
precludes fine-tuning, the logical approach to opti-
mising LLMs’ linguistic reasoning performance is
inference-time scaling, wherein increased compu-
tational effort is invested in the generation and eval-
uation of a model’s output, rather than in its train-
ing (Muennighoff et al., 2025; Snell et al., 2025).



One such method is self-consistency (Wang et al.,
2023), whereby a single LLM is prompted many
times to solve the same problem, and the most
‘consistent’ answer from the sample pool is taken,
generally using majority voting, weighted voting,
or an LLLM-as-a-Judge approach (Wang et al., 2023;
Gu et al., 2024). Despite their suitability for this
problem, there has been no comprehensive attempt
to apply inference-time scaling methods to the lin-
guistic puzzle domain.

Furthermore, LLMs demonstrate sensitivity to
the structure of the prompt, and investment in this
has been shown to dramatically improve perfor-
mance in other reasoning domains; most notably,
chain-of-thought prompting encourages step-by-
step reasoning (Wei et al., 2022), while Step-Back
prompting guides the model to first reason about
the principles required to solve the problem be-
fore answering it (Zheng et al., 2024). Providing
LLMs with a generic linguistic puzzle-solving al-
gorithm has shown promise in very small-scale
studies (Khouja et al., 2026), but has yet to be thor-
oughly examined. Given the absence of system-
atic optimisation efforts in this domain, the upper
bounds of LLMs’ end-to-end linguistic reasoning
remain undetermined.

3 LINGOLY-TEAM: Methodology

3.1 Dataset

The dataset used in this paper is an abridged ver-
sion of the LINGOLY-TOO benchmark, which con-
sists of Linguistic Olympiad problems across four
formats: ‘Rosetta Stone’, ‘Pattern’, ‘Match-up’,
and ‘Monolingual’ (Khouja et al., 2026). Each of
these puzzles is a real-world Linguistics Olympiad
problem with a systematic orthographic obfusca-
tion (i.e. a swapping of vowels and consonants)
applied to it, such that the language tested in the
puzzle is ‘unrecognisable’ to an LLM and hence
mimics the conditions of a human participant in
a Linguistics Olympiad competition. Due to cost
constraints associated with using proprietary mod-
els, we take a representative sample of the original
dataset, filtering this benchmark to include exactly
one randomly selected obfuscation per problem
(out of the six obfuscations for each problem in the
benchmark). The resulting dataset consists of 82
problem sheets that span 80 languages, containing
a total of 173 questions, and 1,005 individual ques-
tion parts. See Appendix A for examples of each
problem format.

3.2 Baseline

After curating this dataset, the initial sample of
32 responses to each question for each model is
generated, using the same baseline prompt as the
LINGOLY-TOO benchmark (see Appendix B for
the prompt used) (Khouja et al., 2026). A varia-
tion of this prompt is also tested, but not found
to improve performance (see B for this ablation
study).

To be consistent with the LINGOLY-TOO bench-
mark, exact matching is used to evaluate the cor-
rectness of each response (see Appendix C for cor-
rigenda of the puzzle solutions), with no partial
marks for semi-correct answers. Each model’s tem-
perature parameter is set to 1.0 to produce a diverse
sample of responses, enhancing the effectiveness
of self-consistency (Wang et al., 2023). Further-
more, from manual inspection, it is found that 46
of the 82 problem sheets contain arbitrarily ordered
tables of language data (such as sets of paired vo-
cabulary words). In these cases, these tables are
randomly shuffled row-wise between runs to miti-
gate LLMs’ sensitivity to the order in which infor-
mation is presented (Pezeshkpour and Hruschka,
2024), and further promote diversity in the sample
pool.

The baseline is taken to be the average exact
match % across the sample of 32 responses for
each model to minimise the variance of the base-
line, given the stochasticity of model outputs. For
all experiments, the reported accuracy is the %
of subquestions where the LLM’s output exactly
matches any correct answer.

3.3 Inference-time budget simulation

Random subsamples of 16, 8, 4, 2, and 1 responses
respectively are taken sequentially from this ini-
tial sample of 32. This subsampling simulates the
effect on LLM performance of varying inference-
time budget; an LLM that can generate and aggre-
gate from a sample of 32 responses has a relative
inference-time budget that is 32 times greater than
an LLM that may only generate 1 response per
question.

To determine the upper bound on the perfor-
mance of the methods tested in this experiment,
we also determine the proportion of samples that
contain at least one correct answer at each sub-
sample size. This upper bound is not considered
to be a valuable indicator of model performance,
rather as a trajectory against which to evaluate the



effectiveness of the various aggregation methods.

3.4 Aggregation methods

3.4.1 Self-consistency (majority voting)

For the first aggregation method, we apply self-
consistency to each subquestion, whereby the most
frequently occurring response from each sample
is taken as the final answer for each subquestion
from that sample. In cases where there is a tie
for the ‘majority’ answer, random tiebreaking is
used, to ensure that we have exactly one ‘final an-
swer’ per problem. We use majority voting rather
than weighted voting due to the unreliability of
self-reported LLM ‘confidence’ scores (Yang et al.,
2025), and the unavailability of token probabilities
for the proprietary models.

3.4.2 LLM-as-a-Judge

Two distinct LL.M-as-a-Judge approaches are also
applied to all non-unanimous cases. The first is a
‘reranking judge’, whereby the LLM is provided
with the problem sheet context, the question, and
the set of all unique answers produced by the same
LLM; the model is then asked to rerank the an-
swers according to quality from first to last, with
the answer ranked first by the LLM selected as the
judge’s answer. The rationale behind this method
is to reduce open-answer questions (which com-
prise the majority of subquestions in the dataset;
see Experiments 4) to multiple choice questions, or
to narrow the set of options available in the case of
multiple choice questions, with the aim of increas-
ing the likelihood that the aggregated answer is the
correct one. The second approach (‘top-1 judge’)
aims to simplify the judging task, prompting the
LLM to select only the single ‘best’ output, rather
than (largely arbitrarily) reranking all outputs. See
Appendix D for the used LLM-as-a-Judge prompts.

3.4.3 Hybrid vote/judge

To strike a balance between minimising the likeli-
hood of an errant judge contradicting a large major-
ity, and ensuring that slim ‘pluralities’ are not over-
valued in cases where there is significant division
among LLMs, we propose a hybrid approach; if the
size of the majority (the frequency of the most com-
mon answer in a sample) exceeds a 50% threshold,
the majority answer is used; otherwise, the judge’s
answer is used as the final response. This method is
tested separately for both the reranking judge and
the top-1 judge.

We compare the accuracy of each of these five
aggregation methods for each model and subsam-
ple size.

3.5 LINGOLY-TEAM

3.5.1 Induction-application with
self-consistency

A unique prompting method, combining elements
of Chain-of-Thought and Step-Back prompting, is
also developed for each problem format. From
our own analysis, we find that the ‘Rosetta Stone’,
‘Pattern’, and ‘Monolingual’ puzzles can generally
be solved using the following two-step approach:

1. Induction: Determine the language’s rules
(lexical semantics, syntax, and morphology)
from the provided examples

2. Application: Use analogy to apply these rules
to the test example

Accordingly, we propose a new framework,
adapted for the linguistic puzzle domain:

1. Prompt the model to first determine as many
‘rules’ of the language as possible and write
these out (but not answer any questions).
Record this output. See Appendix E for the
used prompt.

2. In the same context window, prompt the
model to use the rules it has determined to
answer the first question. See Appendix E for
the used prompt.

3. Repeat 2. for each subsequent question in the
problem sheet.

This approach is intended to force the model to
‘step back’ and examine the whole problem sheet,
rather than take shortcuts in answering the ques-
tions based on only a partial reading of the provided
examples, or repeatedly change its interpretation of
the language’s rules after having already answered
previous subquestions (both of which are observed
behaviours in the preceding experiments). We de-
sign variants of this for each puzzle format, tailored
to the typical characteristics of each problem type
(see E).

For the ‘Rosetta Stone’, ‘Pattern’, and ‘Mono-
lingual’ questions, we repeat this induction-
application prompting approach to generate a sam-
ple of 32 sets of ‘thoughts’ and consequent re-
sponses for each problem sheet. From this sample
and each constituent subsample (of sizes 16, 8, 4,
2, and 1), we then aggregate the final answer from
the sample using majority voting.
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Figure 2: Tree-of-Matches (for a subsample of size 4). Boxes marked with % represent the selected response at each

stage.

3.5.2

The ‘Match-up’ puzzle format is unique in that it is
not solved using the same induction-application al-
gorithm as the other formats; because the provided
examples are unpaired, there is initially no paired
data from which to induce the rules of the language.
The general algorithm for these problems is instead
as follows:

1. Determine the ‘most likely’ initial pairing of
examples (this may be based on a loanword,
or some other context clue).

2. Based on the initial pairing determined, de-
duce some set of rules for the language.

3. Based on the existing set of rules, determine
the next ‘most likely’ pairing of examples. If
there are multiple possible options, keep track
of all ‘paths’.

4. Based on the new pairing determined, add any
new rules to the existing set of rules.

5. Repeat 3. and 4. until each example has been
paired.

We design a framework to prompt the model
to follow this algorithm sequentially, and we take
the final answer to be the most frequent match-up
at each step; this is summarised in Figure 2. See
Appendix E for the used prompts.

Match-up format: Tree-of-Matches

4 Experiments and analysis

4.1 Baseline performance

Figure 3 shows the baseline performance for each
model. The DeepSeek R1 model is the most ef-
fective baseline model, scoring 29.9 (0=1.25), fol-
lowed by the Gemini 2.5 Flash model, with a base-
line score of 23.4 (0=1.40); the Llama 3.3 70B
Instruct model is the lowest scorer at 12.8 (6=0.95).

B Deepseek R1 M Gemini 2.5 Flash W Llama 3.3 70B Instruct

Average exact match %

Pattern
(n=282)

Rosetta
(n=466)

Overall
(n=1005)

Monolingual
(n=40)

Match-up
(n=217)

Figure 3: Baseline performance by puzzle format (aver-
age exact match % across a sample of 32 responses to
each subquestion).

As in previous benchmarks, all three models per-
form best on the simpler ‘Pattern’ problems, while
the complex ‘Match-up’ puzzles are the most chal-
lenging for the R1 and Gemini 2.5 Flash models.
The relatively lightweight Llama 3.3 70B model
performs exceptionally poorly on the ‘Monolin-
gual’ puzzles, potentially because these puzzles all
involve numerical reasoning as well as linguistic
reasoning.

The DeepSeek R1 and Llama 3.3 70B mod-
els both perform better here than in the original
LINGOLY-TOO benchmark (29.9 vs. 26.5 and
12.8 vs. 8.2 respectively). This is attributed to the
introduction of shuffling of the tabular question
data (see 3.2), which mitigates LLMs’ sensitivity
to row order, and the use of only one obfuscated
version of each problem (as opposed to the six ver-
sions used in the original benchmark), which may
introduce some stochasticity (see 3.1). Given these
solving conditions differ slightly, all comparisons
in this paper use our own baseline to ensure the
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Figure 4: Inference-time budget vs. majority vote accu-
racy.

validity of results.

4.2 Aggregation methods
4.2.1 Self-consistency

As Figure 4 illustrates, increasing the inference-
time budget indeed improves performance for all
models when self-consistency is applied, with ben-
efits plateauing above sample sizes of 16. With ma-
jority voting across 32 samples, benchmark scores
increase to 35.5 (R1), 31.2 (Gemini 2.5 Flash), and
16.6 (Llama 3.3), representing gains of 5.6, 7.8,
and 3.8 percentage points, respectively, compared
to the baseline.

This method proves most effective for the speed-
optimised Gemini 2.5 Flash model, as majority vot-
ing mitigates the impact of the model’s tendency
to take ‘shortcuts’ (evidenced by its high variance
of accuracy). Notably, this enables the faster Gem-
ini model to outperform R1’s baseline, indicating
that for linguistic puzzles, allocating inference-time
budget to repeated sampling may be more effective
than using a single sample from a slower-reasoning
model.

4.2.2 LLM-as-a-Judge

Figure 5 summarises the effectiveness of each ag-
gregation method tested. The upper bound trajec-
tory represents a theoretical ‘perfect’ judge that is
credited with a correct answer whenever at least
one correct answer is present in the sample. This
upper bound significantly exceeds both baseline
and majority vote performance, providing a key
insight: the models can produce correct responses
for many subquestions, but only occasionally, in-

sufficiently frequently to form a majority.”

However, LLLM-as-a-Judge methods are found to
be largely ineffective. Reranking, top-1, and hybrid
judge approaches all perform worse than majority
voting across all models, with the reranking method
failing to exceed even the random baseline for Gem-
ini. The reranking task proved too complex, with
models frequently producing unparsable outputs or
failing to follow instructions. While the top-1 judge
and hybrid methods showed minor improvements
over reranking, neither consistently beat majority
voting.

4.3 Induction-application prompting with
self-consistency

As shown in Figure 6, the induction-application
method near-ubiquitously improves the baseline
performance for all three models across the three
applicable puzzle formats. While improvements
are minor for R1 on Rosetta Stone and Pattern puz-
zles (likely because this model already uses a sim-
ilar method without needing explicit prompting),
this approach yields an 18% point gain on Mono-
lingual puzzles, suggesting that format-specific al-
gorithms can effectively boost linguistic reasoning
performance, even for slow-reasoning models.

Combined with self-consistency, the effects com-
pound substantially. Performance improves with
larger samples, plateauing around n=38 for Pattern
and Monolingual formats. For Rosetta Stone puz-
zles, gains reach 7.8, 13.8, and 2.8 percentage
points for R1, Gemini 2.5 Flash, and Llama 3.3
70B respectively. Gemini benefits most, outper-
forming even R1 on two formats, indicating that
algorithmic guidance and increased inference-time
budget can unlock this speed-optimised model’s
reasoning capability beyond what its baseline per-
formance suggests.

4.4 Tree-of-Matches

The results of applying our Tree-of-Matches
method to the fourth and most challenging prob-
lem format, the Match-up puzzles, are shown in
Figure 7. Performance generally improves with
increasing inference-time budget, though much
less monotonically; this instability is attributed to
the complexity of our sequential prompting frame-
work, which results in a high rate of invalid or
unparsable responses (12.0%, 12.4%, and 27.2%

*This strong upper bound performance is only partially
attributed to the 26.5% of subquestions that are essentially
‘multiple choice’.
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Figure 7: Tree-of-Matches performance.

for R1, Gemini, and Llama respectively). Con-
versely, the Llama model’s performance improves
by 9.9 percentage points over the baseline to 18.4%,
nearly matching R1’s performance. Inspection of
outputs suggest that while our algorithm helps the
models determine the first few matches (the ‘low-
hanging fruit’), the later, more difficult matches
remain out-of-reach, even for the most powerful
models. This puzzle format remains a largely un-
solved challenge; further iteration on this method
is left for future work.
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Figure 8: LINGOLY-TEAM vs. baseline with original
prompting framework, and majority voting with original
prompting framework.

4.5 LINGOLY-TEAM: Overall Performance

By combining the results of our two format-specific
algorithms with inference-time scaling, we obtain
a set of results for all puzzles in the filtered bench-
mark, summarised in Figure 8. Overall, optimal
inference time-scaling offers significant improve-
ment over the baseline for all three models. For the
R1 model, our format-specific algorithm performs



marginally worse than self-consistency with the
original prompting framework, attributed largely to
this model’s poorer performance on the Match-up
puzzles using this method. Conversely, for Gem-
ini 2.5 Flash and Llama 3.3 70B, the LINGOLY-
TEAM method outperforms all other approaches.
The Gemini model in particular improves markedly
using this method to a score of 36.5%, an increase
of 5.3 percentage points above any other method,
and 13.1 points above its baseline performance, ex-
ceeding even the much more powerful R1 model’s
best score (36.0%), suggesting that this method
may be best suited to boosting the performance of
faster, mid-sized models.

5 Discussion

The performance of our LINGOLY-TEAM method,
particularly the increase of the speed-optimised
Gemini 2.5 Flash model’s performance above that
of the slower-reasoning R1 model, suggests that
dividing inference-time budget across parallel in-
stances and aggregating an output can be more
effective than simply scaling the allocated ‘rea-
soning time’ for a single instance, mirroring the
improvement seen in other domains (Snell et al.,
2025). Additionally, for some linguistic puzzle for-
mats, extrapolation of the models’ accuracy curve
to larger sample sizes shows potential for further
performance improvement, indicating that there
may be benefit to scaling inference-time budget
even beyond the sample sizes tested here.

The failure of all LLM-as-a-Judge methods
tested likely stems from the nature of linguistic puz-
zles: the tasks of solving the puzzle and verifying a
solution’s correctness are inextricable. Reasoning
traces suggest the judge must solve the problem
independently before selecting an answer, hence
a ‘judge’ offers little advantage over a single sam-
ple. The effectiveness of a ‘judge’ LLM in this
domain could be improved by instead prompting
the ‘judge’ to evaluate intermediate reasoning steps,
rather than simply the final answer; this is left for
future work.

Notably, for each of the three models, the num-
ber of subquestions answered correctly at least oc-
casionally is almost twice the number of subques-
tions answered correctly a majority of the time.
This suggests that most of the questions are not
‘impossible’ for LLMs; their issue is with finding
consistency, a central aspect of becoming ‘true’ log-
ical reasoners. In the case of the R1 ‘reasoning’

model, this inconsistency suggests some deficiency
of the model’s purported self-correction capacity,
which, if improved, could reduce the frequency
of flawed reasoning pathways and hence increase
performance on similar benchmarks.

Ultimately, our experiments demonstrate that
LLMs have significant room for improvement in
the modes of reasoning required for these linguis-
tic puzzles. These include subword and character-
level reasoning in puzzles where morphemes are
not clearly delineated, which has been shown to
pose challenges for LLMs that tokenise at a word
or subword-level (Shin and Kaneko, 2024). Fur-
thermore, some of the puzzles require phonolog-
ical reasoning - the ability to recognise similar-
sounding morphemes that may not necessarily be
spelled identically - which has been shown to be
challenging for text-based models (Suvarna et al.,
2024). Another distinguishing feature of Linguis-
tics Olympiad problems is context length; com-
pared with their Mathematics Olympiad counter-
parts, linguistic puzzles involve a significantly
longer initial context, and may include many semi-
connected subquestions connected to a single prob-
lem context. Although state-of-the-art LLMs are
able to retrieve information from increasingly long
contexts, this performance degrades rapidly with
increasing task complexity (Li et al., 2024); we
speculate that when the problem is sufficiently in-
tricate, even a medium-length context suffices to
overwhelm the LLLM and produce logical failures.

6 Conclusion

Adapting existing inference-time scaling methods
to the linguistic puzzle problem domain proves ef-
fective in improving the benchmark performance of
a variety of models, suggesting that when allocated
a sufficient inference-time budget, the ‘linguistic
reasoning’ ability of LLMs may exceed that sug-
gested by existing linguistic puzzle benchmarks.

Even with significant investment in inference-
time optimisation and a markedly increased com-
pute budget, the performance of all the models
on this benchmark remains well below a human-
performance upper bound. We hence suggest that
there is need for the development of LLMs’ capac-
ity in reasoning modes that are often underrepre-
sented by mathematical or commonsense bench-
marks, including longer-context, phonological, and
character-level reasoning, in order for these models
to be truly labelled as ‘reasoners’.



Limitations

One obfuscation per problem: Unlike the orig-
inal LINGOLY-TOO benchmark, which includes
up to six obfuscations per problem, our dataset is
limited to only one randomly selected obfuscation
per problem, as taking repeated samples from pro-
prietary models becomes prohibitively expensive
over the entire benchmark. Although different ob-
fuscations of the same problem should theoretically
be of equal difficulty, and hence our sample should
be a fair representation of the benchmark, this may
introduce some variance to the results. As such, all
comparisons in this paper are with our own base-
line, rather than the LINGOLY-TOO baseline; it is
left for future work to test LINGOLY-TEAM on the
full dataset.

Simulated inference-time budget: Simulating
inference-time budget using number of samples is
effective when comparing results for a given model,
but does not reflect the true inference-time budget
when comparing across models, as some models
spend more time and/or tokens on reasoning for
each sample. For example, of the models tested,
the R1 model spends significantly more time rea-
soning for each problem, whereas the other two
models generally output significantly more tokens,
rendering the true ‘inference-time budget’ avail-
able to each model difficult to control for. Accord-
ingly, the paper’s focus is on improving the per-
formance of each individual model, as this allows
fair comparison of inference-time budget across
sample sizes. To enable a fairer comparison across
models, compute-normalisation could be applied,
though this is left for future work.

Format-specific algorithms: For our LINGOLY-
TEAM method, we provide the LLM with a format-
specific algorithm to solve each puzzle; however,
to be truly ‘unassisted’ and replicate the Olympiad
solving conditions, the LLM must be able to recog-
nise to which of the four formats the puzzle be-
longs, and hence select the correct algorithm. As
these formats are generally distinct from each other
and consistent across competition papers, this task
is deemed sufficiently trivial to be excluded.

No ‘script’ puzzles: The dataset does not in-
clude problems that involve reading or writing non-
Latin scripts, as this relies on multimodal capabili-
ties, which are not common to all the LLMs tested.
However, these problems are common in Linguis-
tics Olympiad Papers, and so to truly test how well
an LLM would perform in the International Lin-

guistics Olympiad, these questions would need to
be included; this is left for future work.

Exact matching only: All model responses in
our experiments are evaluated using exact matching
only, whereas in real-world Linguistics Olympiad
competitions, partial marks are given for answers
that are partially correct or show evidence of cor-
rect reasoning. With the recent release of human-
annotated step-by-step solutions to linguistic puz-
zles (Lian et al., 2025), partial marking is now
feasible; the use of these solutions to evaluate the
induction phase of the LINGOLY-TEAM framework
represents an unexplored but promising pathway
for future work.
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A Example Puzzles

Examples for Rosetta Stone, Pattern, Monolingual,
and Match-up puzzles are provided in Figure 9.

B Ablation study - Reduced Context
Prompt

We carry out a small ablation study to determine if
reducing the complexity of the baseline prompt im-
proves performance. The baseline prompt contains
the entire set of questions in the problem sheet,
and then asks the LLM to answer a specific ques-
tion from this set. However, we hypothesise that
this may ‘overwhelm’ the model, and cause confu-
sion about which question it must answer. To test
this, we remove any ‘irrelevant’ questions from the
prompt, as illustrated in Figure 10.

We test this with the DeepSeek R1 model only,
and perform self-consistency on subsamples of size
16, 8, 4, 2, and 1. This performance is compared to
the ‘original’ baseline prompt in Figure 11.

We see that while the ‘reduced context’ prompt
results in a marginally improved baseline, as
inference-time budget increases, it is outperformed
by the original prompt. This suggests that for some
problem sheets, the other questions provide some
information that helps the model answer the given
question. Additionally, allowing the model to ‘see’
all questions before answering a given question
better replicates the solving conditions of human
participants in Linguistics Olympiad competitions,
as all questions in a problem sheet are visible to the
participant at all times. Accordingly, this ‘reduced
context’ prompt is abandoned for the remainder
of this project, in favour of the original baseline
prompt from the LINGOLY-TOO benchmark.

C Manual corrections to dataset

For all questions, correct answers are evaluated
case-insensitively. Occasionally the set of correct
answers will be missing trailing full stops, despite
these being present in the exemplars, leading the
LLMs to include them; to fix this, full stops are
always stripped from both the LLM output and the
correct response when evaluating correctness. See
Table 1.

D LLM-as-a-Judge prompts

Puzzle-specific prompts used for LLM-as-a-Judge
methods are provided in Figure 12 and Figure 13.

E LINGOLY-TEAM Prompts

Puzzle-specific prompts used for LINGOLY-TEAM
are provided in Figure 14-17.

F Full Results

Full results for DeepSeek R1, Gemini 2.5 Flash,
and Llama 3.3 70B Instruct are provided in Table 2.



Rosetta Stone Puzzle (Beja — UKLO 2013, R2Q3)
Preamble: “Beja” is the Arabic name for the language which calls itself “ti bedawye”, the unwritten language...

Context:

a. ilaga diwiini The male calf is sleeping.
b. doobaab rhitni She sees a bridegroom.
c. gwibu It is a mouse
Questions:

3.1. Translate into English:
1. uukaam ootak rhaabu.
2. faar katamya.

3.2. Translate into Beja:
6. A man meets the mouse.
7. The bridegroom is not eating

Pattern Puzzle (Dinka — UKLO 2022, R2Q4)

Context:
1st person  3rd person Translation
naaf noon to have
kwooc ktiuc to not know
Question:

4.2) Assuming that the following verbs conform to the previous pattern, fill in the correct form on your answer sheet:
1st person  3rd person Translation
Iw000j b) to be different
d) ceéém to eat

Monolingual Puzzle (Gumatj — UKLO 2019, R1Q8)

Context:
1) lurrkun rulu ga wanggang + wanggang rulu ga wanggang = dambumiriw rulu ga marrma
2) lurrkun + lurrkun rulu ga lurrkun = dambumiriw rulu ga wanggang

Question:

Q.2. Write the following Gumatj numbers in Arabic numerals.
6) wanggang
7) dambumiriw rulu ga lurrkun

Match-up Puzzle (Albanian — UKLO 2023, R1Q6)

Context:

Below are some questions in Albanian, in a random order, and their English translations, in alphabetical order. Note that
€ is a vowel and ¢ is a consonant.

1. Pse &shté né Angli? a) Did you drink anything?
2. Kujt ia shiti? b) Did you kill someone?
3. K& vrau? ¢) How did you dance?
Question:

Q 6.1 Match the Albanian sentences to their English translations.
Follow-up question(s):
Q 6.2 Translate:

(a) Ku kérceu?

Figure 9: Examples of linguistic puzzles used in Olympiad-style problems: (1) Rosetta Stone translation (Beja),
(2) morphological Pattern discovery (Dinka), (3) Monolingual numerical reasoning (Gumatj), and (4) bilingual
Match-Up (Albanian).



Instructions: Below is a problem sheet . ..

Problem sheet context: Here are a number of sentences in Language X. ..

Specific question: Now answer the following question:
Q1. Translate from English to Language X. ..

Figure 10: Baseline prompt sketch, from the LINGOLY-TOO benchmark. The strikethrough text is omitted from
the ‘reduced’ prompt.

== == Original prompt, baseline == original prompt, majority vote
= = original prompt, upper bound == == reduced prompt, baseline
== reduced prompt, majority vote = = reduced prompt, upper bound

60.0%

Exact match %

20.0%

0.0%
0 1 2 3 4

log Inference-time budget

Figure 11: Comparison of original and reduced prompt performance for all puzzle formats (using the DeepSeek R1
model).

Correction 1: Problem sheet 5, Q5.1(a)

Before: "sopostiid”, "lipgontiid"

After: Any string containing both "sopostiid" and "iipgontiid"

Explanation: Questions asks for two words but does not specify order/format.

Correction 2: Problem sheet 75, Q7(3)

Before: "(2n)"

After: "(2n)" or "two people who are not siblings"

Explanation: Question explains “(2n)” is an abbreviation of “two people who are not siblings”, but
does not specify that the abbreviation must be used.

Correction 3: Problem sheet 170, Q5(k)

Before: "langgbu’"

After: "langgbu’" (note different apostrophe)

Explanation: LLMs output * (U+2019), but answer expects > (U+0027), considered equivalent.

Table 1: Corrections made to solutions in the dataset.



Judge prompt: ‘Evaluate the following solutions to a linguistic puzzle and return ONLY a JSON
dictionary with scores.’

Puzzle context: ‘PUZZLE: [Main question text and specific subquestion extracted from the
problem sheet]’

Possible answers: ‘POSSIBLE ANSWERS:’

‘1. [First unique answer from model responses]’

‘2. [Second unique answer from model responses]’

3.0

Scoring instructions: ‘Evaluate each answer’s correctness and assign a ranking to each one, where
1 is the answer that you think is most likely to be correct, 2 is the next most likely, etc. Consider:
whether each answer could satisfy the puzzle constraints, the possible logical reasoning behind
each answer, and how well it addresses what the puzzle is asking.’

Output format: ‘Output ONLY a valid JSON dictionary in this exact format:” ‘{"answer_1": 0.0,
"answer_2": 0.0, ...}’

Judge response: ‘{"answer_1": 1.0, "answer_2": 2.0, "answer_3": 3.0, ...}’

Figure 12: Reranking judge prompt sketch.

Preamble: ‘Below is a problem sheet from a linguistics exam. You will first see the entire sheet,
then be asked to respond to a specific subquestion from the sheet. You will be given a set of options
to choose from. Your answers to the questions should rely only on reasoning about the information
provided in the sheet.’

Problem sheet: ‘[Full cleaned problem sheet, including language data and examples]’
Subquestion: ‘Now provide the answer to the following subquestion. [Extracted question header,
e.g. “Translate into Language X:’] [Subquestion identifier and content, e.g. “a. the blind
milkman”]’

Options: ‘These are the options you have to choose from:’

‘[Option 1]’

‘[Option 2]’

‘[Option 3]’

Instructions: ‘Consider the logic that could be used to lead to each of the options presented. Based
on your reasoning, please select one option only that you think is the correct answer. If you think
multiple options could be correct, select only one of them.’

Output format: ‘Your output MUST end with a valid JSON dictionary in this exact format:’

n,on

‘{"answer": "option"}’

n,on

MC Judge response: ‘[Reasoning...] {"answer": "[Selected option]"}’

Figure 13: Top-1 judge prompt sketch.




Induction prompt: ‘Below is a problem sheet from a linguistics exam. Your task is to determine as
much information about the language as possible, purely from the information provided. You should
systematically go through the information provided, and try to determine the vocabulary meaning
of each word (where possible), the syntactic structure (such as word order), the morphology
(including any verb conjugations), and the meaning of any affixes or subwords. Test every piece of
information you determine against every example provided.’

Problem sheet context: ‘Here are a number of sentences in Language X...’

Model response: ‘Let’s systematically analyse this language...’

Application prompt 1: ‘Based on the information about the language you have determined, solve
the following puzzle:’

Question: ‘3.1. Translate into English:’

Model response: ‘{"a": "The cow sits..."}’

Application prompt 2: ‘Based on the information about the language you have determined, solve
the following puzzle:’

Question: ‘3.2. Translate into Language X:’

[ Model response: ‘{"a": "uutook gwib..."}’ ]

Figure 14: Induction-application prompt sketch for a ‘Rosetta Stone’ puzzle. (adapted from: United Kingdom
Linguistics Olympiad 2013, Round 2, Question 3: Beja).



Induction prompt: ‘Below is a problem sheet from a linguistics exam. Your task is to determine
as much information about the language as possible, purely from the information provided. You
should systematically go through the information provided, and try to determine the morphological
and phonological patterns of the language (such as noun declension), including the meaning of
any subwords or affixes you may see. Look for systematic patterns in how the language forms
syllables, words, and phrases. Test every piece of information you determine against every example
provided.’
Problem sheet context:

1st person 3rd person Translation

naaf noon to have

kwooc kuuce to not know

Model response: ‘MORPHOLOGICAL ANALYSIS OF LANGUAGE X’

Application prompt: ‘Based on the patterns you have identified in the language, solve the
following puzzle:’

Question: ‘4.2) Assuming that the following verbs conform to the previous pattern, fill in the
correct form on your answer sheet...’

Model response: ‘a) kwuc...’

Figure 15: Induction-application prompt sketch for a ‘Pattern’ puzzle (adapted from: United Kingdom Linguistics
Olympiad 2022, Round 2, Question 4: Dinka).



Induction prompt: ‘Below is a problem sheet from a linguistics exam. Your task is to determine
as much information about the language and its number system as possible, purely from the
information provided. You should systematically go through the information provided, and try to
determine the vocabulary meaning of each number, the base of the number system (e.g. decimal,
hexadecimal), the syntactic structure (such as word order), the morphology, and any other patterns
you can see in the language’s number system. Test every piece of information you determine
against every example provided.’

Problem sheet context:
1) lurrkun rulu ga wanggang + wanggang rulu ga wanggang = dambumiriw rulu ga marrma
2) lurrkun + lurrkun rulu ga lurrkun = dambumiriw rulu ga wanggang

Model response: ‘Let’s analyse the number system of Language X’

Application prompt: ‘Based on the information about the language you have determined, solve
the following puzzle:’

Question: ‘Q.2. Write the following Language X numbers in Arabic numerals.’

Model response: ‘6) 3...

Figure 16: Induction-application prompt sketch for a ‘Monolingual’ linguistic puzzle (source: United Kingdom
Linguistics Olympiad 2019, Round 1, Question 8: Gumatj).



Instructions: Below is a problem sheet from a linguistics exam. Your answers to the questions
should rely only on reasoning about the information provided in the sheet.

Context: Below are some questions in Language X, in a random order...

1. Pse éshté né Angli? a) Did you drink anything?
2. Kujt ia shiti? b) Did you kill someone?
3. K& vrau? c¢) How did you dance?

Initial match-up question:

Your task is to:

1. Determine which pair is the MOST LIKELY first pair to match-up.
2. Express this match-up using the following JSON: {{"%%": "X"}}
where %% is the serial, and X is the corresponding translation.

Do not match-up any other pairs yet.

Initial model response: {"1": "c)"}

Next match-up question:

Now let’s suppose that the following information is correct:

1 matches up to c)

1. Based on the information provided by the match-up(s) you have found, determine what the
MOST LIKELY next pair to match-up is...

Follow-up question instructions: Based on the linguistic patterns and correspondences you have
identified, answer the following question:

Follow-up question: Q 6.2 Translate: (a) Ku kérceu?...

Figure 17: Induction-application prompt sketch for a ‘Match-up’ linguistic puzzle (source: United Kingdom
Linguistics Olympiad 2023, Round 1, Question 6: Albanian).



Sample size Majority Upper Rerank Top-1 Rerank/ Top-1/ LINGOLY-

vote bound  judge judge majority majority TEAM
hybrid hybrid
DeepSeek R1 (baseline: 29.9)
1 27.4 27.4 27.4 27.4 27.4 27.4 29.9
2 274 359 31.9 30.3 31.9 30.3 30.0
4 30.9 434 33.6 32.5 33.6 32.5 32.5
8 344 49.9 33.3 31.6 33.3 31.6 329
16 354 54.3 327 33.5 32.7 33.5 33.7
32 35.5 58.3 33.0 32.2 36.1 354 34.8
Gemini 2.5 Flash (baseline: 23.4)
1 22.1 22.1 22.1 22.1 22.1 22.1 23.6
2 27.4 35.9 22.3 24.1 22.3 24.1 26.9
4 30.9 434 23.7 25.1 23.7 25.1 30.3
8 29.3 45.0 24.0 30.0 24.0 30.0 344
16 30.2 50.1 22.2 27.5 22.2 27.5 34.7
32 31.2 54.6 21.8 29.2 26.4 30.1 36.5
Llama 3.3 70B Instruct (baseline: 12.8)
1 12.2 12.2 12.2 12.2 12.2 12.2 11.2
2 12.2 17.6 12.0 12.7 12.0 12.7 13.1
4 14.9 22.7 15.3 15.6 15.3 15.6 15.1
8 15.6 28.1 14.3 14.4 14.3 14.4 17.1
16 16.4 32.7 13.5 14.2 13.5 14.2 17.9
32 16.6 38.0 13.4 13.9 14.6 14.4 17.7

Table 2: Comparison of methods across models. Section headers separate model families and report their respective
baselines.
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