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Abstract

Most languages lack labeled evaluation bench-
marks for large language models (LLMs). Cre-
ating such benchmarks requires native speak-
ers, domain expertise, and answer annotation—
resources unavailable for the vast majority of
languages. We investigate whether a model’s
internal processing signals—such as genera-
tion entropy and tokenizer statistics—correlate
with its actual accuracy on a language, with
the long-term goal of estimating language com-
petence without labeled data. Our key obser-
vation is that for languages a model does not
know, both tokenizer segmentation and gener-
ation entropy become highly variable across
questions, whereas for known languages they
remain consistent. We call this the inconsis-
tency hypothesis and test it on 11 instruction-
tuned LLMs (1B-70B parameters) across 14
language—script varieties (12 Turkic plus En-
glish and Russian controls). We extract over 25
processing features per model-language pair;
individually, even the strongest correlate only
moderately with accuracy (Pearson |r| up to
0.55). Yet combining just three complementary
features—a tokenizer coverage ratio, entropy
variability, and the model’s English/Russian
benchmark score—explains 75% of accuracy
variance in leave-one-language-out evaluation,
nearly doubling the 44% explained by a model-
mean baseline. The variability of processing
signals (standard deviation) consistently out-
performs mean values as a predictor across all
five model families, but only for greedy-pass
measures; sampling-based measures show no
such pattern.!

1 Introduction

Most of the world’s approximately 7,000 languages
lack any natural language understanding (NLU)
evaluation benchmark (Joshi et al., 2020). Cre-
ating labeled benchmarks requires native speak-
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ers, domain expertise, and funding. This gap is
particularly acute for Turkic languages: a large
language family spanning multiple scripts and re-
gions, with rich agglutinative morphology that chal-
lenges subword tokenizers. While TUMLU (Is-
barov et al., 2025) recently introduced natively au-
thored benchmarks for Turkic languages, creating
such resources remains costly and language-by-
language.

We hypothesize that a model’s internal process-
ing signals—extracted from its responses to ques-
tions, without using answer keys—correlate with
its actual competence in a given language. We
call this the inconsistency hypothesis: a model
that knows a language well should process dif-
ferent questions with similar confidence, whereas
a model unfamiliar with a language will handle
some questions confidently and struggle with oth-
ers. This cross-question variability in processing
signals, rather than their average level, may serve
as a diagnostic of language competence.

The contribution of this paper is as follows:
(i) Empirical test of the inconsistency hypothesis
across 11 instruction-tuned LLMs (1B-70B) from
five model families, covering 8 Turkic languages in
12 script varieties, with English and Russian con-
trols; (ii) Large-scale evaluation on low-resource
Turkic languages, including multi-script variants,
extending multilingual model analysis beyond high-
resource benchmarks; (iii) Label-free competence
proxy based on internal model signals, combining
tokenizer- and generation-level features without
using ground-truth annotations.

2 Related Work

Our work builds on three lines of research:
tokenizer-based multilingual analysis, uncertainty
estimation for LL.Ms, and Turkic language evalua-
tion.
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Tokenizer features and multilingual quality.
Ali et al. (2024) find that common tokenizer metrics
such as fertility are not always predictive of down-
stream performance. Ahia et al. (2023) show that
tokenizer design introduces systematic cost dispar-
ities across languages. Tsvetkov and Kipnis (2024)
propose information parity—the ratio of negative
log-likelihood (NLL) on parallel corpora—which
correlates with task performance but requires par-
allel text. Our method does not require parallel
text, though our experimental design includes par-
allel script variants and matched EN/RU questions
that serve as natural controls (§3.2). We find that
fertility alone is a weak predictor of accuracy in
our setting (§4.2). These approaches all require
either parallel text or downstream task labels; we
ask whether unlabeled processing signals suffice.

Uncertainty estimation for LLMs. Kuhn et al.
(2023) introduce semantic entropy over sampled
outputs. Manakul et al. (2023) propose SelfCheck-
GPT for hallucination detection via sample consis-
tency. Lin et al. (2023) derive several uncertainty
measures, including spectral graph methods, from
response similarity matrices. Fadeeva et al. (2023)
consolidate methods in LM-Polygraph; Ulmer et al.
(2024) show that LLM confidence can be calibrated
from generations alone, without requiring access
to internal probabilities. These works focus on
per-question or per-response uncertainty. Our ap-
proach differs in the aggregation level: we use the
cross-question standard deviation of per-question
uncertainty at the model-language level as the di-
agnostic signal. Tang et al. (2024) propose LAPE
for language-specific neuron identification; Mon-
dal et al. (2025) show these neurons do not reliably
improve cross-lingual transfer. We compute LAPE
but find it adds negligible predictive power (Ap-
pendix B).

Turkic language evaluation. TUMLU (Isbarov
et al., 2025) provides natively authored multiple-
choice questions for Turkic languages across 11
domains, with several languages available in multi-
ple scripts. We use TUMLU as our primary bench-
mark and supplement it with English and Russian
subsets from Global MMLU (Singh et al., 2025).

3 Experimental Setup

Our experimental pipeline has three stages: (1) we
extract processing features from model responses
to questions using a simple prompt, (2) we measure

each model’s accuracy on each language using a
separate structured evaluation prompt, and (3) we
measure how well these features—individually and
in combination—predict accuracy. This section
describes the models, data, and features.

3.1 Models

We evaluate 11 instruction-tuned models
from five families: Llama (Grattafiori et al.,
2024), Qwen (Team, 2024; Yang et al., 2025),
Gemma (Team et al., 2024; Gemma Team et al.,
2025), and GigaChat3 (Mamedov et al., 2025).
The models range from 1B to 70B parameters
(Table 1), providing diversity in both architecture
and scale to test the robustness of our findings.

Model Family Params
Llama-3.2-1B Llama 1B
Llama-3.1-8B Llama 8B
Llama-3.3-70B Llama 70B
Qwen2.5-3B/7B/14B  Qwen 3-14B
Qwen3.5-35B-A3B Qwen 35B
Gemma-2-9B Gemma-2 9B
Gemma-3-4B/12B Gemma-3 4-12B
GigaChat3-10B GigaChat3 10B

Table 1: Models evaluated. All are instruction-tuned.
Qwen3.5 (3B active) and GigaChat3 (1.8B active) use
MOoE; the rest are dense.

Two models use MoE architectures: GigaChat3-
10B (MoE with a dense first feed-forward network
(FFN) layer) and Qwen3.5-35B (pure MoE in the
FFN layers, with routed experts and a shared expert
in all 40 layers). Gemma-2-9B is primarily English-
centric and not positioned as multilingual. The
remaining nine models are dense transformers.

3.2 Languages and Benchmarks

We use two benchmarks: TUMLU for Turkic lan-
guages and Global MMLU for English and Russian.
Both consist of multiple-choice questions with four
answer options. Table 2 summarizes the dataset
statistics.

TUMLU questions are natively authored across
domains including biology, chemistry, geogra-
phy, history, mathematics, physics, and lan-
guage/literature; the number of categories varies
by language (5-10). TUMLU covers 9 Turkic lan-
guages including Kyrgyz; we exclude Kyrgyz be-
cause its questions were not available at the time of
our experiments. EN/RU subsets of Global MMLU
contain 2,157 identical questions in both languages,
drawn from categories matching TUMLU domains.
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Language Abbr. Script(s) Source #Q #Cat
Azerbaijani az Lat T 735 7
Crimean Tatar ct-1, ct-c  Lat, Cyr T 380 7
Karakalpak kar Lat T 240 5
Kazakh kk-c, kk-1 Cyr, Lat T 944 10
Tatar tat Cyr T 839 9
Turkish tr Lat T 945 9
Uyghur uy-a, uy-1 Arab, Lat T 519 5
Uzbek uz-1, uz-c Lat, Cyr T 735 7
English en Lat G 2157 7
Russian ru Cyr G 2157 7

Table 2: Languages and benchmarks. T=TUMLU;
G =Global MMLU. #Q = questions; #Cat = subject cat-
egories. Languages with two scripts share identical
(transliterated) questions.

Four Turkic languages appear in two scripts; within
each pair, questions are identical (transliterated),
so accuracy differences reflect purely model-script
interactions. This gives us 14 language—script vari-
eties in total.

3.3 Feature Extraction

We extract features in four groups: tokenizer-
based (no model inference), logit-based and
attention-based (one greedy pass per question), and
sampling-based (10 stochastic samples per ques-
tion). All features are computed from the same
questions used for evaluation but with a simpler
prompt: a one-sentence-answer instruction in the
target language, without JSON formatting or sys-
tem instructions (Appendix H). Token and ques-
tion budgets are equalized across languages (Ap-
pendix D).

Tokenizer-based features are corpus-level
statistics computed by running each model’s to-
kenizer on formatted MCQ prompts (question, four
answer choices, and instruction) without the chat
template, truncated to a common token budget (the
minimum total tokens across all 14 languages for
a given model). The features are: fertility f (to-
kens per word), subword length mean and standard
deviation (y., 0.), unique token fraction (distinct
IDs divided by vocabulary size), and shared vocab-
ulary fractions with English, Russian, and Turkish
(fraction of target language’s unique token IDs also
appearing in the high-resource language’s token
set).

Uncertainty-based features are computed per
question and aggregated as mean () and stan-
dard deviation (o) across questions. The same
prompts are wrapped in the model’s chat template
and decoded greedily (max 64 new tokens). A for-

ward pass yields per-token log-probabilities and en-
tropy: mean token NLL (NLL = —1 3~ log p(y; |
Y<i, x)), sequence NLL, and mean token entropy
H =215 H(p(- | y<i,x)), where H is Shannon
entropy. The cross-question o g captures how vari-
able the model’s uncertainty is across questions
for a given language. We additionally compute
two attention-based metrics (requiring eager atten-
tion implementation): RAUQ (Vazhentsev et al.,
2025), which recurrently aggregates token proba-
bilities and attention to preceding tokens across the
middle-third layers (a = 0.2), and Focus (Zhang
et al., 2023), which scores keyword tokens (se-
lected by IDF, adapted from the original spaCy-
based approach) using probability corrections and
attention-based penalty propagation (y = 0.9).

Sampling-based features (Lin et al., 2023): 10
samples (Tsample = 0.9, top,, = 0.95) yield four
uncertainty metrics—Iexical similarity (negative
mean pairwise 1 — BLEU, with n-gram weights
following LM-Polygraph; Fadeeva et al., 2023) and
three graph-theoretic measures (DegMat, EigVal-
Laplacian, Eccentricity) computed on a Jaccard
word-overlap similarity graph (adapted from the
original semantic similarity formulation). These do
not improve the proxy at 10x the cost (§5).

3.4 Accuracy Evaluation

Accuracy is measured using a separate prompt for-
mat: a shared English system instruction asks the
model to return a JSON object with a short chain-
of-thought and a single-letter answer (A/B/C/D),
while the user message uses a target-language
JSON request (Appendix H). Answer choices are
deterministically shuffled per question to control
for position bias. The model generates greedily
with max_new_tokens=512. Responses are parsed
as JSON, with language-specific regex fallback;
unparseable responses are scored as incorrect (Ap-
pendix G). To prevent overlap between features and
the evaluation target, proxy regression is evaluated
against accuracy on questions not used for feature
extraction (§4).

4 Results

We present results in two parts: individual fea-
ture analysis and the combined proxy. Additional
experiments (feature ablation, bridge-language ef-
fects, script effects) are in §5. All proxy regression
metrics are reported against accuracy on unseen
questions—those not used for feature extraction—
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to ensure no overlap between features and the eval-
uation target. Descriptive statistics and feature cor-
relations use total accuracy.

Accuracy across 11 models and 14 varieties
ranges from 9.9% (Gemma-2-9B on Tatar, below
the 25% random baseline) to 93.8% (Qwen3.5-
35B on English), with mean Turkic accuracy of
41.0% compared to 75.7% for English and 66.2%
for Russian. Qwen3.5-35B dominates: its low-
est Turkic accuracy (Karakalpak, 60.0%) exceeds
the highest Turkic accuracy of seven other mod-
els. Model size is a significant but incomplete pre-
dictor: Gemma-2-9B (mean Turkic 25.2%) under-
performs the smaller Qwen2.5-3B (34.5%), likely
reflecting English-centric training data rather than
capacity. Script pairs reveal consistent patterns:
Kazakh Cyrillic outperforms Latin in 9/11 mod-
els (mean gap +7.6 pp), while Uzbek and Crimean
Tatar show smaller Latin advantages (§5). Across
all languages, the accuracy gap between English
and Turkic targets ranges from 8 pp (Qwen3.5-35B
on Turkish) to 55 pp (Gemma-2-9B on Tatar), illus-
trating the wide variation our proxy aims to capture.
The full accuracy table is in Appendix A.

4.1 Individual Feature Analysis

Table 3 shows the top 15 features ranked by the
absolute value of their Pearson correlation with
accuracy across all 154 model-language pairs. No
single feature is a strong predictor: correlations
range from |r| = 0.38 to 0.55.

Feature Pearson r  Kendall 7
o (subword length std) +0.55 +0.34
Eccentricity mean —0.55 —-0.41
og (entropy std) —0.54 —0.39
e (subword length mean) +0.52 +0.29
Sequence NLL std —0.49 —0.36
pr (entropy mean) —-0.49 -0.34
Eigenvalue Laplacian mean +0.47 +0.33
Fertility (f) —0.46 —0.26
Eigenvalue Laplacian std —0.46 —0.33
Focus std —-0.42 —-0.31
NLL std —0.42 —0.31
NLL mean —-0.42 —0.30
Degree matrix mean —0.41 —0.31
Lexical similarity mean +0.39 +0.30
Unique token fraction +0.38 +0.19

Table 3: Top 15 features by |Pearson r| with accuracy
(n = 154 model-language pairs, total accuracy).

A consistent pattern emerges: for both tok-
enizer and uncertainty features, the standard de-
viation outperforms the corresponding mean as
an accuracy predictor. At the tokenizer level, o,

(r = +0.55) outranks p. (r = +0.52). At the
generation level, oy (r = —0.54) outranks gy
(r = —0.49).

Testing the inconsistency pattern. We com-
pare dependent correlations using Williams’ test
(Williams, 1959). This test is designed for the situ-
ation where two predictors (here, oz and ) are
both correlated with the same target variable (ac-
curacy) and with each other; it asks whether one
predictor has a significantly stronger correlation
with the target than the other. Pearson r measures
linear association between two variables (r = +1:
perfect linear relationship; » = 0: no linear re-
lationship). For each model family, we compute
(0w, accuracy)| vs. |r(um, accuracy)| (Table 4):

Family n|r(ou)l [r(pa)l P
Llama 42 0.82 0.77 A1
Qwen 56 0.63 0.49 .06
Gemma-2 14 0.52 0.44 .58
Gemma-3 28 0.66 0.32 .01
GigaChat3 14 0.75 0.73 .85

Table 4: Entropy standard deviation (o) vs. mean (tif7)
as accuracy predictors, by model family (Pearson |r|,
n = model-language pairs in family). Williams’ test
p-value for the difference. Bold: p < 0.05.

o outperforms g in all five families (Table 4).
To test whether this pattern generalizes beyond en-
tropy, we extend the comparison to all five greedy-
pass measures—three logit-based (entropy, token
NLL, sequence NLL) and two attention-based
(RAUQ, Focus)—across all five families, giving
25 family—measure combinations. The standard de-
viation outperforms the mean (i.e., achieves higher
|r| with accuracy) in 21 of these 25 combinations.
A binomial test gives p < 0.001, though this over-
states significance because several measures are
correlated (e.g., entropy and NLL share logit infor-
mation); a conservative grouping into two indepen-
dent clusters (logit-based and attention-based) still
finds the pattern in 4 of 5 families (§8).

In contrast, for the four sampling-based graph
metrics (lexical similarity, DegMat, EigValLapla-
cian, eccentricity; 10 samples per question), the
standard deviation outperforms the mean in only
4 of 20 family—measure combinations—consistent
with chance. This is expected: sampling already
averages over multiple stochastic outputs per ques-
tion, diluting the per-question inconsistency signal.
Sampling features also add no predictive power
to the proxy at 10x the computational cost (Ap-
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pendix C).

Robustness to architecture. Qwen3.5-35B
(pure MoE) exhibits inflated ppy relative to
Qwen2.5-14B on most languages, likely because
MoE routing distributes probability across varied
generation paths. Yet o, averaged across all 14
languages, remains nearly identical between the
two models, suggesting that oz is more robust to
architectural effects that contaminate the mean.
Since o is computed from generated text, models
with severe output truncation (high unparseable
rates) might show artificially low op; however,
partial correlation controlling for unparseable rate
confirms that oy retains a substantial association
with accuracy (Appendix G).

4.2 Combined Proxy

Individual features correlate only moderately with
accuracy. We now test whether combining features
into a single proxy yields stronger prediction. The
proxy uses three features selected by nested cross-
validation from the eight strongest candidates:

* 0./ f (tokenizer coverage ratio): the ratio of
subword length variability to fertility. High
values indicate well-represented languages
with long, meaningful tokens and few tokens
per word.

* oy (entropy variability): processing inconsis-
tency, as described in §4.1.

* Mean EN/RU accuracy from Global MMLU:
a model capability anchor, obtainable from a
single evaluation run on a publicly available
benchmark.

We combine these using Ridge regression, a
linear model with regularization that prevents
overfitting to small datasets. The regulariza-
tion strength is selected separately for each fea-
ture configuration via generalized cross-validation
(GCV; sklearn.linear_model.RidgeCV with
a € [1072,10%], 100 log-spaced candidates),
which estimates leave-one-out error analytically
without refitting.

Results. We evaluate the proxy in leave-one-
language-out (LOO) mode: for each language, the
proxy is trained on the remaining 13 languages and
predicts accuracy on the held-out language. We
report three metrics: R? (proportion of variance

explained; 1.0 = perfect), Kendall 7 (rank corre-
lation; 1.0 = perfect ranking), and mean absolute
error (MAE) in percentage points (pp). Table 5
shows results for all configurations.

Method R*> 1 MAE
Model-mean baseline 044 043 1l.1pp
Fertility only 0.09 0.23 15.0pp
opg only 023 035 132pp
Without EN/RU (3 features) 0.47 048 10.9pp
Full proxy (3 features) 075 071 7.7pp

Table 5: Proxy performance (LOO by language, ac-
curacy on unseen questions, n = 154). Model-mean
baseline predicts each pair using that model’s mean ac-
curacy on the remaining 13 languages. Without EN/RU
uses o, o, and unique token fraction.

The full proxy explains 75% of accuracy vari-
ance (R?> = 0.75, 7 = 0.71, MAE = 7.7pp),
nearly doubling the 44% achieved by the model-
mean baseline.  Bootstrap 95% CI: R?> €
[0.67,0.80]. Standardized coefficients show that
the EN/RU anchor and the tokenizer coverage ra-
tio contribute most (+11.3 and +9.8 pp per stan-
dard deviation, respectively), while oz contributes
—2.3 pp. Removing oy and keeping only EN/RU
accuracy and o./f yields R? = 0.73, confirm-
ing that the tokenizer ratio carries most of the
language-level signal. Figure 1 shows prediction
errors across all 154 model-language pairs: the
proxy systematically underpredicts Qwen3.5-35B
(the strongest model) and tends to overpredict on
the lowest-resource languages.

The anchor-free proxy (without EN/RU ac-
curacy) captures language coverage—how well
the tokenizer and representations handle a given
language—exceeding the model-mean baseline
(R? = 0.47 vs. 0.44), but it cannot distinguish
model capability: it ranks languages within a model
but not models against each other. Adding the
EN/RU anchor resolves this: if we were to use each
model’s true mean accuracy across all languages
(an idealized upper bound), the proxy would reach
R? = 0.81; the EN/RU anchor nearly matches this
because EN/RU accuracy correlates at = 0.94
with model-mean accuracy. Table 6 shows per-
model proxy diagnostics: the proxy works well for
mid-range models (MAE < 8pp) but systemati-
cally underpredicts Qwen3.5-35B (bias —9.8 pp)
and overpredicts GigaChat3 (bias +6.3 pp).
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Figure 1: Proxy prediction error (predicted — actual accuracy, pp) across 11 models and 14 language—script varieties.
Blue: underprediction; red: overprediction. The proxy systematically underpredicts Qwen3.5-35B and overpredicts

on low-resource languages.

Model MAE 7  Bias
Qwen2.5-3B 37 047 -—1.1
Qwen2.5-7B 59 043 429
Gemma-3-4B 65 043 +0.3
Gemma-2-9B 7.1 056 +4.2
Llama-3.3-70B 75 036 -3.6
Qwen2.5-14B 7.7 052 438
Llama-3.1-8B 79 071 +4.7
Llama-3.2-1B 85 021 =77
Gemma-3-12B 8.8 032 -—18
GigaChat3-10B 10.7 036 +6.3
Qwen3.5-35B 11.0 036 —9.8

Table 6: Per-model proxy performance (MAE and bias
in pp, 7 = within-model language ranking). Full proxy,
LOO by language, unseen accuracy.

4.3 Generalization

As Figure 2 shows, the proxy features extracted
from ~150 questions predict accuracy on held-out
unseen questions (20-2,028 per language—model
pair), using a different prompt format. The proxy—
accuracy format mismatch (one-sentence prompt
vs. JSON evaluation) provides additional evidence
of robustness. The subset accuracy (measured on
the ~150 proxy questions) correlates at » = 0.99
with full-dataset accuracy, suggesting that ~150
questions are sufficient for stable feature estima-

tion. For the practical task of deciding which of
two languages a model handles better, the proxy
answers correctly in 72% of within-model pairwise
comparisons (716/1,001 pairs). Cross-model gen-
eralization is analyzed in §5.

5 Ablation Studies

We analyze the contribution of individual proxy
components and investigate additional factors that
affect prediction.

Feature ablation. Table 5 shows how perfor-
mance degrades as features are removed. Remov-
ing the EN/RU anchor (R?: 0.75 — 0.47) elimi-
nates the model capability signal: the anchor-free
proxy ranks languages within a model but cannot
compare across models, since EN/RU accuracy cor-
relates at » = 0.94 with model-mean accuracy.
Removing o while keeping the anchor and o,/ f
yields R? = 0.73 (AR? = 0.02), confirming that
the tokenizer coverage ratio carries most of the
language-level signal. Using fertility alone gives
R? = 0.09—worse than the model-mean baseline
(R? = 0.44)—consistent with prior findings that
fertility is not reliably predictive of downstream
performance (Ali et al., 2024). Extended baselines
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Figure 2: Predicted vs. actual accuracy (leave-one-
language-out, 154 model-language pairs). Points col-
ored by model family. R? = 0.75, 7 = 0.71.

in Appendix E.

Sampling features. Adding sampling-based
graph metrics (10 samples per question at 10x the
cost) does not improve LOO prediction: anchor-
free R? remains at 0.47 with or without sampling
features (Appendix C). MoE models show inflated
sampling diversity independent of competence,
likely because stochastic routing introduces vari-
ability unrelated to language knowledge.

Cross-model generalization. Leave-one-model-
out evaluation (R? = 0.55, 7 = 0.68) is substan-
tially weaker than leave-one-language-out (R? =
0.75). Notably, removing o improves LOO-by-
model to R? = 0.67, suggesting that 077 captures
model-family-specific patterns that do not transfer
across architectures. The tokenizer feature o,/ f
combined with the EN/RU anchor is the most ro-
bust combination across both evaluation protocols.

Bridge language effect. Turkish vocabulary
overlap (the fraction of shared tokens between
Turkish and a target language) correlates positively
with accuracy within the five Latin-script Turkic
languages for all 11 models (r = +0.69 to +0.99;
11/11 positive, binomial p < 0.001). This is not a
script-identity effect: English overlap (also Latin)
correlates negatively (r = —0.05). The ranking
(Azerbaijani > Crimean Tatar > Kazakh-Latin >
Uyghur-Latin > Uzbek-Latin) matches known lexi-
cal proximity to Turkish. The effect is strongest for
mid-range models (Qwen2.5-7B: r = 4-0.99) and

weakest for the most capable model (Qwen3.5-35B:
r = 40.85), suggesting that the pattern is most
pronounced when a model relies on a dominant
related language rather than having direct training
data for each target. Full per-model correlations in
Appendix F.

Script effects. For four Turkic languages avail-
able in two scripts, paired t-tests across 11 models
reveal that Kazakh Cyrillic significantly outper-
forms Latin (47.6 pp, p = 0.038), consistent with
a Russian bridge: models with strong Russian ben-
efit from shared Cyrillic subword tokens. Uzbek
and Crimean Tatar show smaller, non-significant
Latin advantages. Uyghur shows no script prefer-
ence (p = 0.90), as Arabic script shares few tokens
with any high-resource language. Figure 3 shows
individual model differences; script pair statistics
in Appendix F.

Kazakh | ..
Cyr vs Lat ’ °
Uzbek |
Lat vs Cyr ’ .

Cr. Tatar |
Lat vs Cyr <>

Uyghur |
Arab vs Lat 0

T T
-10

0 10 20
Accuracy difference (pp)

Figure 3: Script pair accuracy differences across 11
models. Each dot = one model; diamond = mean.
Kazakh Cyrillic significantly outperforms Latin (p =
0.038).

6 Discussion

We discuss the implications of our findings, outline
a practical protocol for applying the proxy, and
identify directions for future work.

The inconsistency hypothesis. Our results sup-
port the hypothesis that cross-question variability
of processing signals is a better diagnostic of lan-
guage competence than their average level. The
pattern is consistent across all five model families
for greedy-pass measures (Table 4), and extends
from generation entropy to tokenizer features (o,
outranks y.; Table 3). For a well-covered language,
the tokenizer segments most words into similarly-
sized subwords; for a poorly covered language,
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some words are fragmented into single characters
while others are captured by borrowed tokens, pro-
ducing high .. This tokenizer-level inconsistency
is why o, enters the final proxy rather than p..
However, individual significance tests are under-
powered due to small per-family samples, and the
25 greedy-pass comparisons are not independent
(8§8). We view this as evidence of a consistent
pattern rather than a definitive statistical proof; no-
tably, nested cross-validation selects o in all 14
LOO folds (Appendix E), and the signal requires
only a single greedy pass—sampling adds nothing.

Practical protocol. (1) Compute o./f on target-
language MCQ prompts (no model inference
needed). (2) Run greedy decoding on ~130 of
those questions (answer keys not used); compute
og. (3) Add the model’s EN/RU accuracy from
any existing benchmark. Without the EN/RU an-
chor, the proxy is useful for within-model language
ranking but not cross-model comparison.

When is the proxy useful? The proxy is most
valuable as a triage tool: before investing in ex-
pensive human evaluation or creating a new bench-
mark, a researcher can estimate a model’s compe-
tence from existing MCQ questions without using
answer keys. For language comparison within a
single model, the anchor-free proxy suffices. For
model comparison on a fixed language, the EN/RU
anchor is needed but requires only a single addi-
tional evaluation run.

Connection to information parity. Tsvetkov
and Kipnis (2024) show that NLL ratios on paral-
lel corpora predict multilingual performance. Our
quasi-parallel design—identical questions across
script pairs, matched EN/RU categories—offers an
indirect connection: oz computed on these quasi-
parallel prompts captures similar information with-
out requiring aligned sentence-level parallel text. A
direct comparison on languages where both meth-
ods are applicable is a natural next step.

Future directions. Three extensions seem most
promising: (a) testing the inconsistency hypothesis
on typologically distant language families (Bantu,
Dravidian, Austronesian) where bridge-language
dynamics may differ; (b) exploring raw-text fea-
tures (e.g., perplexity on Wikipedia snippets) to
remove the MCQ dependency entirely; and (c) de-
veloping a capability proxy that requires no labeled
data at all—our attempts using English entropy as
a model-quality signal did not improve prediction,

but architectural features (parameter count, vocab-
ulary size) or cross-lingual transfer metrics may
prove more informative.

7 Conclusion

We investigated whether internal processing signals
of LLMs correlate with their accuracy on Turkic
languages. Our experiments on 11 models across
14 language—script varieties show that the cross-
question standard deviation of both tokenizer and
uncertainty features is consistently more predic-
tive than the mean, supporting the inconsistency
hypothesis. A three-feature proxy achieves leave-
one-language-out R? = 0.75, with the tokenizer
coverage ratio contributing most of the language-
level signal. These correlations are encouraging
as a step toward estimating language competence
without labeled benchmarks, though the current ap-
proach still relies on existing MCQ resources and a
high-resource language anchor. We hope this work
motivates further exploration of model-internal sig-
nals for low-resource language evaluation.

8 Limitations

We identify several limitations of the current study
that should be considered when interpreting the
results.

Two failure modes. The proxy has complemen-
tary weaknesses at both extremes. For the most
capable model (Qwen3.5-35B), the EN/RU anchor
still substantially underpredicts Turkic accuracy
(Table 6). For models with severe output truncation
(e.g., Gemma-2-9B on Tatar and Kazakh-Ciyrillic,
where over 60% of responses are unparseable; Ta-
ble 11), oz is anomalously low because the trun-
cated generation is too short for entropy variability
to manifest. A capability proxy without any labeled
data remains elusive: we tested several entropy-
based model-quality signals, but none improved
prediction.

Input requirements. Our features are extracted
from MCQ prompts (without using answer keys),
not from raw text. The current study relies on ex-
isting benchmarks (TUMLU, Global MMLU); for
languages without any MCQ resource, automatic
translation or question generation may introduce
artifacts—a risk we have not tested.

Generalization. All evaluation uses TUMLU
and Global MMLU. Whether the proxy transfers
to other benchmarks, task formats, or typologically
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distant language families is unknown and should
not be assumed.

Statistical power. Although the aggregate in-
consistency pattern is strong across greedy-pass
measures, individual Williams tests reach signifi-
cance only for one family (Gemma-3). The bridge-
language analysis uses only five languages per
model. The 25 greedy-pass comparisons are not
fully independent, as several measures (entropy,
NLL, sequence NLL) are strongly correlated. A
conservative analysis grouping measures into two
independent clusters finds the pattern in most but
not all families, without reaching statistical signifi-
cance.

Feature selection. The candidate features were
pre-selected from a larger pool via exploratory cor-
relation analysis. Pre-registration would strengthen
claims.

Ethical Considerations

This work uses only publicly available benchmarks
(TUMLU, Global MMLU) and open-weight mod-
els. No personal data is collected or generated.
The proxy is intended as a diagnostic tool for re-
searchers, not as a deployment-readiness criterion:
a favorable score does not guarantee safe or reli-
able performance and should be supplemented with
human evaluation.
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A Full Accuracy Table

Table 7 provides the complete accuracy matrix referenced in §4.

Model \ az ct-l ct-c en Kkk-c kk-l kar ru tat tr wuy-a uy-l uz-l uz-c

Llama-3.2-1B [25.3 23.2 189 48.6 13.8 21.5 23.8 28.8 16.7 23.5 10.8 214 19.6 152
Qwen2.5-3B 37.3 374 38.7 69.3 343 333 26.7 58.1 35.8 455 339 31.8 324 268
Gemma-3-4B  [46.0 32.9 28.7 683 46.6 32.1 33.8 58.8 40.8 52.5 29.3 27.2 30.2 29.8
Qwen2.5-7B 44.1 42.1 40.8 81.0 44.1 353 325 69.9 425 56.4 40.7 32.8 30.6 34.4
Llama-3.1-8B [ 38.0 34.0 30.8 74.5 43.3 24.8 24.6 60.3 41.5 48.2 20.0 214 27.1 235
Gemma-2-9B  [34.6 33.7 27.4 650 10.7 249 258 515 99 425 199 295 28.6 154
GigaChat3-10B | 52.5 45.3 37.6 81.6 582 442 40.8 749 542 564 28.7 353 36.2 31.6
Gemma-3-12B | 62.7 44.5 46.3 80.0 59.5 48.1 41.2 74.8 62.1 70.6 43.7 35.5 40.0 41.4
Qwen2.5-14B |51.6 48.4 40.8 83.7 49.6 40.1 37.1 76.2 46.0 66.0 30.6 37.2 37.3 35.0
Qwen3.5-35B |79.2 71.8 72.6 93.8 764 67.6 60.0 90.9 78.3 85.7 78.4 70.9 60.7 60.8
Llama-3.3-70B | 69.1 53.2 56.6 87.2 67.5 49.0 56.2 839 66.4 759 50.3 46.6 47.8 46.4

Table 7: Total accuracy (%) across all 154 model-language pairs. Models sorted by parameter count.

B LAPE Analysis

Following Tang et al. (2024), we identify language-specific neurons via LAPE (Language-specific
Activation Probability Entropy). For each FFN layer, we hook the gate projection and record which
neurons activate (> 0) across all tokens in the truncated corpus (using the same prompts as tokenizer
features, without chat template). For each neuron, the activation probability is computed per language and
normalized; the entropy of this distribution measures language specificity (low entropy = neuron activates
preferentially for specific languages). We select the top 1% lowest-entropy neurons that pass an activation
frequency filter. The number of language-specific neurons (as a fraction of total neurons) serves as the
LAPE feature.

Globally, LAPE has near-zero correlation with accuracy (r = —0.11, n = 140 excluding Qwen3.5-
35B). Per-model correlations are heterogeneous: Llama-3.2-1B (r = —0.60, p = 0.02), Qwen2.5-14B
(r = —0.60, p = 0.02) are negative; GigaChat3-10B trends positive (r = +0.53, p = 0.05). LAPE adds
AR? < 0.001 to the proxy.

Qwen3.5-35B reports identical LAPE (1.001%) for all 14 languages—a methodological artifact: all
40 FFN layers use MoE, and only the shared expert gate_proj is hooked, yielding language-uniform
activations. GigaChat3-10B avoids this because its first layer uses a dense FFN.

C Sampling Features

For each question, we generate 10 samples (Tsample = 0.9, top,, = 0.95) and compute four uncertainty
metrics (Lin et al., 2023). Lexical similarity is the negative mean pairwise (1 — BLEU) across samples,
using n-gram weights following LM-Polygraph (Fadeeva et al., 2023). The remaining three metrics
(DegMat, EigValLaplacian, Eccentricity) are computed on a pairwise Jaccard word-overlap similarity
graph (see §3.3 for definitions). In-sample R? increases from 0.64 to 0.67 when adding sampling features,
but LOO-by-language R? does not improve (best anchor-free R?> = 0.47 with or without sampling
features). MoE models show inflated sampling diversity independent of competence.

D Budget Equalization

Token budget (tokenizer features): formatted MCQ prompts without chat template, truncated to
min(total_tokens) across 14 languages per model. Question budget (uncertainty features): same prompts
wrapped in chat template, equalized to the minimum number of questions fitting within the token budget
(129-220 per model). Evaluation: full datasets, JSON-structured prompt, max_new_tokens = 512.

E Per-Model Results and Baselines

Nested CV (n = 154). 8 candidates (pre-selected by |r| > 0.2 with accuracy, pairwise |[r| < 0.8):
fertility, o, o, eccentricity mean, eccentricity infs count, unique token fraction, sequence NLL std,
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RAUQ std. 10/14 outer folds select 0., o7, eccentricity mean; 4/14 select o, o7, unique token fraction.
Both triplets give identical LOO-by-language R? = 0.47. We report the latter because eccentricity is a
sampling-based feature, while unique token fraction is a tokenizer statistic (no GPU cost)}—making the
anchor-free proxy fully inference-free for its tokenizer component.

Extended baselines (Table 8; extends Table 5 from §4.2). The model-mean baseline predicts each
model-language pair using that model’s mean accuracy on the remaining 13 languages (leave-one-
language-out). The row “EN/RU + o,/ f” shows that oz adds only AR? = 0.02 over the two-feature
anchor proxy, indicating that the tokenizer coverage ratio carries most of the language-level signal.

Method R?> 1 MAE
Model-mean (by language) 0.44 043 11.1pp
Fertility only 0.09 023 15.0pp
Eccentricity only 024 036 13.6pp
om only 023 035 132pp
om + unique frac 036 045 12.0pp
Without EN/RU (3 feat.) 0.47 048 109pp
EN/RU + 0./ f 073 0.67 8.lpp
Full proxy 075 071 7.7pp

Table 8: Extended baselines (LOO by language, unseen accuracy, n = 154).

Leave-one-model-out. As a stricter generalization test, we hold out all 14 language—script varieties for
one model and train on the remaining 10. This tests whether the proxy transfers to an entirely unseen
model family. Results: full proxy R? = 0.55, 7 = 0.68, MAE = 9.6 pp. Notably, removing o7 improves
LOO-by-model to R? = 0.67, suggesting that o7 captures model-family-specific patterns that do not
transfer. The tokenizer feature 0./ f combined with the EN/RU anchor is the most robust combination
across both LOO protocols. LOO-by-language (R? = 0.75) remains the appropriate evaluation for the
typical use case: estimating a known model’s competence on a new language.

F Bridge Language Details

Table 9 reports per-model Turkish vocabulary overlap correlations (referenced in §5). Table 10 reports
script pair differences.

Model r  min (4/5) max (4/5)
Qwen2.5-7B +0.99 +0.97 +1.00
Qwen2.5-14B +0.97 +0.95 +1.00
Gemma-2-9B +0.97 +0.96 +1.00
Qwen2.5-3B +0.95 +0.92 +0.99
Qwen3.5-35B +0.85 +0.73 +0.93
Llama-3.2-1B +0.83 +0.74 +0.93
Llama-3.1-8B +0.81 +0.69 +0.97
Gemma-3-4B +0.77 +0.42 +0.91
GigaChat3-10B  +0.76 +0.73 +0.89
Llama-3.3-70B  +0.71 +0.67 +0.87
Gemma-3-12B +0.69 +0.16 +0.83

Table 9: Turkish vocabulary overlap vs. accuracy within 5 Latin-script Turkic languages (Pearson r, total accuracy).
min/max (4/5): range of r when each language is excluded in turn.

G Unparseable Response Rates

Table 11 shows unparseable rates by model (referenced in §4.1 and §8). Responses that cannot be parsed
into A/B/C/D are counted as incorrect (§3.4).
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Pair Winner Wins A P

Kazakh Cyr/Lat Cyr 9/11 +7.6pp .038
Uzbek Lat/Cyr Lat 8/11  +27pp .070
CT Lat/Cyr Lat 711 +25pp .064
Uyghur Arab/Lat  Arab 6/11 —03pp .898

Table 10: Script pair accuracy differences (paired ¢-test, two-tailed, across 11 models, total accuracy).

Model Mean % Range
Qwen2.5-7B 1.3 0.0-34
Qwen2.5-3B 1.8 0.1-54
Llama-3.3-70B 4.0 0.8-8.5
Qwen3.5-35B 50 1.0-125
Gemma-3-12B 7.0 24-13.2
Gemma-3-4B 73 1.8-155
Qwen2.5-14B 7.6 0.6-17.9
GigaChat3-10B 13.1  2.3-32.1
Gemma-2-9B 16.3 0.4-62.9
Llama-3.1-8B 16.9 1.3-38.7
Llama-3.2-1B 30.0 5.9-63.6

Table 11: Unparseable response rates (%) by model, sorted by mean. Range = min—max across 14 languages.

H Prompt Templates

Feature extraction prompts (§3.3) use a one-sentence-answer instruction in the target language (e.g.,
English: “Answer in one sentence.”, Turkish: “Cevabi tek bir ciimleyle yazin.”). Each prompt follows
the format: “[Question label]: {question} / {choices} / [instruction]”, where labels and
instructions are in the target language. Tokenizer features use these prompts without the chat template;
logit-based, attention-based, and sampling-based features wrap them in the model’s chat template.
Evaluation prompts (§3.4) use a different format. A shared English system instruction precedes each

prompt:

Answer the following multiple choice question. Provide your response as a JSON object with

two fields:

- "reasoning”: your step-by-step reasoning process (from 1 to 3 sentences)
- "answer”: a single letter (A, B, C, or D) representing your final answer

RETURN ONLY JSON (NO PROSE, NO MARKDOWN, NO COMMENTS, NO EXTRA WORDS)
Example format:
{"reasoning”: "Let me analyze each option...’

"

, "answer": "B"}

The per-language user message replaces the one-sentence instruction with a target-language JSON request
(e.g., “JSON formatinda cavab verin:” for Azerbaijani). Full templates for all 14 varieties are in the
released code.
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