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Abstract

Confidence calibration, the alignment of a
model’s predicted confidence with its actual ac-
curacy, is critical for the reliable deployment of
Large Language Models (LLMs), yet remains
under-explored in multilingual contexts. We
conduct the first large-scale systematic study of
multilingual calibration across eight model fam-
ilies and over 100 languages, finding that non-
English languages are worse-calibrated than
English (e.g., LLaMA3’s average Expected Cal-
ibration Error is 23.1% on non-English against
4.6% on English). To diagnose this, we in-
vestigate the model’s internal representations
and find that the final layer, shaped by English-
centric training, provides a poor signal for mul-
tilingual confidence, whereas late-intermediate
layers offer a better-calibrated signal. Build-
ing on this, we introduce a suite of training-
free methods, including Language-Aware Con-
fidence Ensemble (LACE), which adaptively
selects an ensemble of layers for each language.
Both the multilingual calibration gap and the
late-intermediate peak persist beyond MCQA,
in open-ended QA, chain-of-thought reasoning,
and alternative MCQA scoring protocols. Our
study highlights the calibration costs associ-
ated with English-centric alignment and offers
a path toward more globally equitable LLMs.

1 Introduction

Calibration in machine learning denotes the align-
ment between a model’s predicted confidence and
the empirical probability that its predictions are
correct (Guo et al., 2017; Geng et al., 2024; Zhang
et al., 2025a, 2026).! A model is perfectly cal-
ibrated if predictions assigned 80% confidence
are correct approximately 80% of the time. Cal-
ibration is particularly critical for large language

* Equal contribution.

'In this paper, we distinguish between calibration as a
property and as a process. We use the term calibration to refer
to the property of a model’s confidence being well-aligned

with its accuracy. In contrast, the methods used to achieve this
alignment are referred to as calibration methods.

models (LLMs) in high-stakes applications such
as medical diagnosis, legal advice, and decision
support, where miscalibration can amplify harm
(Zhang et al., 2024b; Yang et al., 2025b,c; Hu et al.,
2026). Well-calibrated LLMs make their reliability
explicit and interpretable, improving downstream
trust and safety.

Despite its importance, most calibration work on
LLMs has focused on English (Xue et al., 2024).
This reflects what Ruder et al. (2022) termed
Square One Bias: research often advances along a
single axis (e.g., English alignment or multilingual
coverage), while their intersection (multilingual
calibration) remains under-explored. Prior studies
also have practical limitations: they cover only a
few languages, often rely on machine-translated
data, and evaluate a limited set of models (Xue
et al., 2024; Yang et al., 2023).

To address this gap, we conduct a large-scale
systematic study of multilingual calibration. Our
analysis spans eight major model families and over
100 languages, using human-curated benchmarks
(MMMLU and Belebele) with ~ 10° instances.
Non-English languages consistently exhibit lower
accuracy and worse calibration: LLaMA3’s aver-
age Expected Calibration Error (ECE) is 23.1%
on non-English against 4.6% on English, a five-
fold gap. The miscalibration pattern itself de-
pends on training priorities. Prior work has largely
framed LLM miscalibration as overconfidence
(Zhang et al., 2024c; Chhikara, 2025); we ob-
serve two regimes. English-aligned models like
LLaMA3 maintain calibration only for English;
multilingual-first models like Aya are systemati-
cally over-confident across all languages, including
English. Current alignment strategies thus fail to
generalise to non-English contexts.

To identify the architectural source of this mis-
calibration, we examine the common practice of
deriving confidence scores only from the final layer.
Following work showing intermediate layers en-
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code more language-agnostic representations (Ban-
darkar et al., 2025; Wendler et al., 2024), we hy-
pothesise that the final layer, shaped by English-
dominated training, provides a sub-optimal signal
for multilingual confidence. Our layer-wise anal-
ysis reveals a dichotomy: English calibration im-
proves monotonically with model depth and peaks
at the final layer, whereas for nearly all non-English
languages, late-intermediate layers provide better-
calibrated confidence estimates than the final layer.

This insight motivates our methodological con-
tribution: training-free calibration methods that
leverage these intermediate representations. We
compare three confidence elicitation strategies: the
best layer method selects the single most cali-
brated intermediate layer; the good-layers ensem-
ble aggregates signals from multiple layers; and
LACE (Language-Aware Confidence Ensemble)
adaptively tailors layer selection to each target lan-
guage. The three methods yield consistent multilin-
gual calibration improvements across all models,
and combining LACE with post-hoc methods such
as Temperature Scaling (Guo et al., 2017) yields
further gains. Finally, we verify that both the mul-
tilingual gap and the late-intermediate peak hold
in free-form generation (open-ended QA, chain-
of-thought) and under alternative MCQA scoring
protocols (§6).

Our contributions are fourfold: (1) An empiri-
cal analysis of multilingual LLM calibration across
eight model families and over 100 languages, re-
vealing systematic disparities between English and
other languages. (2) The first layer-wise inves-
tigation of multilingual calibration, showing that
intermediate layers offer a more reliable calibration
signal than the final layer. (3) Training-free calibra-
tion methods that leverage intermediate representa-
tions and close part of the cross-lingual calibration
gap. (4) Evidence that both findings hold beyond
MCAQA, in open-ended QA, chain-of-thought rea-
soning, and alternative MCQA scoring protocols.

2 Related Work

Multilingual Calibration Recent work has high-
lighted that modern LLMs, despite their strong
performance, frequently struggle with calibration
in their predictions (Xiong et al., 2024; Zhang
et al., 2025b). Parallel studies document language-
specific biases in LLMs (Zhang et al., 2024a; Qin
et al., 2025; Zhou and Lu, 2025; Zhou et al., 2026a)
and a broader linguistic hierarchy in the global

Al ecosystem (Occhini et al., 2026). Yet calibra-
tion in multilingual settings remains underexplored.
Ahuja et al. (2022) first established that multilin-
gual models like mBERT and XLM-R are poorly
calibrated, especially for low-resource languages
like Swahili. Xue et al. (2024) conducted a confi-
dence estimation study across various models, cov-
ering both language-agnostic and language-specific
tasks, but datasets in their study included only 5 lan-
guages and were machine-translated which can po-
tentially import bias (Vanmassenhove et al., 2021;
Choenni et al., 2024). We extend prior research
in two key dimensions. First, we provide more
comprehensive evaluation using human-curated
datasets across 100+ languages and eight LLM
families. Second, while existing studies focus ex-
clusively on final-layer outputs, we investigate the
internal architectural origins of calibration through
a novel layer-wise analysis.

Layer-wise Representations Recent work stud-
ies how layers specialise in multilingual transform-
ers. Intermediate layers often encode cross-lingual
semantics in a largely language-agnostic shared
space (Bandarkar et al., 2025; Zhou et al., 2026b).
By contrast, later layers become more language-
specific, adapting these representations to surface
features such as syntax and word order. For pre-
dominantly English-trained LLMs (e.g., LLaMA),
studies further suggest that multilingual inputs are
mapped in middle layers to shared internal repre-
sentations that often resemble English-like struc-
tures (Wendler et al., 2024; Kojima et al., 2024;
Alabi et al., 2024). This view helps explain why
prompting the model to “think in English” can
improve cross-lingual generation: it matches the
model’s internal pathway before decoding back
into the target language (Shi et al., 2023; Zhang
et al., 2024d). Building on these findings, we ex-
amine how layer-wise specialisation, especially the
language-neutrality of intermediate layers, affects
calibration across languages.

3 Benchmarking Multilingual Calibration

3.1 Experimental Setup

Task and Confidence Elicitation. We focus on
multilingual Multiple-Choice Question Answering
(MCQA) for two reasons. First, MCQA provides
unambiguous correctness labels: in open-ended
generation, correctness is approximated via met-
rics such as ROUGE, BLEU, or LL.M-as-a-judge,
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Language LLaMA3 Aya
ECE| BRIER| AUROC?T Accuracy ‘ ECE| BRIER| AUROC?T Accuracy

Arabic 33.06 24.37 61.00 38.20 28.41 33.79 71.49 45.20
Bengali 24.93 23.39 58.44 35.20 29.01 31.48 60.01 31.30
German 25.81 24.92 65.36 44.40 26.54 33.51 69.70 53.00
Spanish 18.21 21.89 71.65 52.00 28.17 31.86 71.12 51.10
French 13.87 22.75 71.39 51.30 23.80 32.72 70.69 53.40
Hindi 28.31 24.28 62.07 39.90 30.21 34.98 70.08 42.30
Indonesian 19.67 23.76 66.25 45.00 27.88 31.54 70.85 51.20
Italian 21.19 22.74 71.57 51.80 26.65 30.33 71.76 52.70
Japanese 28.36 27.27 61.73 43.00 16.30 26.26 69.92 46.70
Korean 30.86 25.06 62.59 42.50 32.07 37.09 72.06 45.00
Portuguese 10.51 21.76 71.37 50.40 27.33 31.42 70.71 53.50
Swahili 23.84 21.45 61.10 32.20 32.01 36.72 58.23 31.30
Yoruba 8.18 19.43 58.00 27.40 30.11 28.56 60.73 26.40
Chinese 41.94 19.56 50.63 23.10 17.12 28.75 67.35 52.20
English 4.61 17.63 80.36 61.20 20.66  25.30 74.65 57.40
Avg. Non-English 23.12 22.95 64.06 41.47 26.77 31.97 68.26 45.49
Avg. Low-Resource 23.00 22.78 61.14 36.32 29.60 32.84 65.23 37.95
Avg. High-Resource 21.71 22.62 67.41 46.63 24.29 30.80 70.88 51.67
Avg. Non-Latin-Script ~ 27.44 23.10 59.44 35.19 26.90 32.20 66.23 40.05
Avg. Latin-Script 16.27 22.21 71.14 50.87 25.86 30.95 71.35 53.19
Average (All) 22.22 22.68 64.90 42.51 ‘ 26.42 31.62 68.62 46.18

Table 1: Multilingual performance of LLaMA3 (left) and Aya (right) on the MMMLU dataset. Metrics include
ECE, Brier Score, AUROC, and Accuracy. All numbers are in percentages.

which often disagree and can flip conclusions de-
pending on the metric (Ielanskyi et al., 2025). Sec-
ond, MCQA admits a clear definition of confi-
dence as the probability assigned to the selected
option, whereas open-ended confidence estimation
is method-dependent and unstable. Concretely, for
each instance « with C' choices we take the model’s
prediction § = arg max; p; at the final layer and
elicit confidence as Conf(r) = max;c(1 . oy pi-
We later validate that our findings generalise be-
yond MCQA on generative tasks (§6) and across al-
ternative MCQA scoring protocols (Appendix F.4).

Datasets and Models. We use two high-quality,
human-translated benchmarks: (1) MMMLU
(Hendrycks et al., 2021) (15 languages) and
(2) Belebele (Bandarkar et al., 2024) (122 lan-
guages). Together they cover a much larger range
of languages and instances (~ 10°) than prior mul-
tilingual calibration studies. All experiments use
eight-shot prompting in the respective language.
We evaluate eight model families spanning 7-14B
parameters: LLaMA3, Qwen2.5, Qwen3, Mis-
tral, Aya, DeepSeek, Phi, and Olmo3. Full model
identifiers and additional setup details are in Ap-
pendix A.

Metrics We evaluate calibration using expected
calibration error (ECE; Guo et al., 2017) and the
Brier score (Brier, 1950). To measure model’s
ability to discriminate between correct and incor-
rect predictions, we also report AUROC (Fawcett,

ECE| AUROCYT

Model . A o A
EN Non-EN EN Non-EN

LLaMA3 4.61 23.12 -1851 80.36 64.06 +16.30
Aya 20.66 26.77  -6.11 74.65 68.26  +6.39
Mistral 23.92 34.24 -1032 73.75 63.67 +10.08
Qwen2.5 15.77 21.22 -545 7823 70.18  +8.05
Phi 20.48  27.05 -6.57 71.13 57.41 +13.72
DeepSeek  9.10 26.21 -17.11 66.21 57.14  49.07
Qwen3 12.09 13.65 -1.56 82.26 73.41 +8.85
Olmo3 28.65 27.24 +141 64.70 56.37  +8.33

Table 2: Per-model MMMLU calibration. A = EN —
Non-EN for both metrics. Per-language results are in
Table 1 and Tables 9—-12.

2006). We report ECE with number of bins K =
10; for bin size robustness, see Appendix F.2.

3.2 Results

Table 1 reports per-language MMMLU results for
LLaMA3 and Aya; Table 2 extends the comparison
to the English-vs.-Non-English gap across all eight
model families.

Not only are LLMs more accurate but also more
calibrated in English. Table 1 shows that non-
English languages underperform English in both
accuracy and calibration: LLaMA3’s average ECE
is 23.1% on non-English against 4.6% on English.
The same pattern appears in Brier Score and AU-
ROC and holds across all eight model families: Ta-
ble 2 reports a positive AUROC A for every model,
and a negative ECE A for every model except
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Figure 1: Brier score vs. resource level for LLaMA3 on Belebele. Each point is one language; colour indicates
writing system. Correlations: Spearman p = —0.59, p < 10~8; Kendall 7 = —0.43, p < 10~8; Pearson r = —0.39,

p < 0.001.

Olmo3, which is poorly calibrated in English as
well. The size of the ECE gap tracks multilingual
pre-training coverage: Qwen3, pre-trained on 36T
tokens spanning 119 languages (Yang et al., 2025a),
shows the smallest English-favouring gap (1.56),
while Qwen2.5, whose 18T-token corpus covers
29 languages (Qwen Team, 2024), shows 5.45;
this within-family comparison partially controls
for general model quality. English-first LLaMA3
shows the largest gap (18.51). Bootstrap confi-
dence intervals for Table 2 are in Appendix F.1.

Calibration correlates with language resource
availability. The calibration gap also tracks re-
source availability: in Table 1, Hindi and Swabhili
are worse calibrated than the high-resource group.
Plotting resource level> against calibration on
Belebele (Figure 1; per-language tables in Ap-
pendix A.4) yields strong negative correlations with
Brier (Spearman p=-—0.59, p<10~%) and posi-
tive correlations with AUROC (p=0.66, p<10~12),
suggesting that calibration is associated with the
representation of a language in the pre-training cor-
pus.

Miscalibration patterns reflect training and
alignment priorities. Confidence distributions
reveal two regimes. For LLaMA3 (Figure 2a), the
English setting is well-calibrated (ECE = 4.6) while
the non-English setting shows underconfidence.
Aya’s distributions in English and non-English are
similar in shape (Figure 2b) but right-skewed (over-
confident) in both. These patterns track training pri-
orities. LLaMA3’s alignment pipeline (supervised

2LLaMA3 does not release its exact training data; we use
Common Crawl (CC-MAIN-2025-30; Common Crawl Foun-
dation, 2025) per-language page percentages as a proxy.

fine-tuning, preference ranking, safety) (Grattafiori
et al., 2024) is primarily English-focused. Aya pri-
oritises multilingual coverage (Ustiin et al., 2024;
Dang et al., 2024) with less attention to calibration.
The two regimes echo the Square One Bias (Ruder
et al., 2022): progress along either axis (English
alignment or multilingual coverage) leaves the or-
thogonal dimension under-served. Confidence be-
haviour of other models is in Appendix A.3.

4 Mid-Layers Reveal Better Calibration

Inspired by recent insights in layer-wise multi-
lingual representations (Bandarkar et al., 2025;
Wendler et al., 2024), we examine how confidence
evolves throughout the model’s depth to understand
the source of the poor calibration observed in §3.
Specifically, we ask: is it possible to identify inter-
mediate representations that elicit better calibrated
confidence scores w.r.t. final-layer accuracy?

4.1 Early-Decoded Confidence Estimation

We adopt a layer-wise probing technique inspired
by the early exiting paradigm (Elbayad et al., 2020)
to offer a new way of confidence estimation. In-
stead of applying the modelling head only to the
final hidden state, we attach it to each intermediate
transformer layer. This allows us to extract log-
its and compute prediction confidence from every
layer, providing a granular view of the model’s
decision-making process.

Formally, let h, € R? denote the hidden repre-
sentation at layer ¢, where / = 1,..., L, and d is
the dimensionality of the hidden state. We apply
the original language modelling head, with weight
matrix W € RV *?, to compute the logits at each
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Figure 2: Density of model confidence scores for En-
glish and samples. Dashed lines mark
mean confidence; solid lines mark accuracy.

layer:
zy = Why

where z, € R are the unnormalised token logits
over the vocabulary of size V. These logits are
then converted into probabilities using the softmax
function:

;
p; = softmax(z;), Y _[pey = 1.

v=1

With the py, we trace the token ultimately pre-
dicted at the final layer, 7, = arg max,[pr v, back
through the intermediate layers. At each layer ¢, we
then define the confidence score as the probability
mass that this layer assigns to the final prediction
Confy(z) = [pyy,. Calibration is then evaluated
by comparing these Confy(z) with the prediction
accuracy determined at the final layer ¢r.:

ECE, = ECE({(Confy(x), 1{gL = y})})-

where 1{9;, = y} is the indicator function of
whether the final-layer prediction is correct.

4.2 Layer-wise Multilingual Calibration
Results

Multilingual settings reveal best calibration in
late intermediate layers. The conventional un-
derstanding (Tenney et al., 2019) holds that in-
termediate representations become progressively
more refined and task-specific, so calibration
should improve with depth and peak at the final
layer; we observe this pattern in the English-only
setting (Appendix B.1). However, the multilingual
picture differs: as Figure 3 shows, many languages
achieve their best ECE in the late-intermediate lay-
ers (from layer 24 for LLaMA3, and from layer
26 for Aya, both 32-layer models), with calibra-
tion worsening again towards the final output layer.
The turning point aligns with the entropy trend: as
entropy drops sharply in these intermediate layers,
ECE also decreases. Reliability diagrams are in
Appendix B.3.

Why are late-intermediate layers better cali-
brated? Three observations point to a consis-
tent interpretation. First, we see English calibra-
tion improves monotonically with depth while non-
English calibration peaks before the final layer;
Second, the region of late-intermediate layers
is where prior work locates the most language-
agnostic representations (Bandarkar et al., 2025;
Wendler et al., 2024), and where models develop
alignable geometry (Zhou et al., 2026b); a shared
representation space supports a confidence signal
that transfers across languages. Third, alignment
updates act most directly on the output distribution,
and the models with the most English-centric align-
ment show the largest gaps (§3). Together these
are consistent with the final layer re-specialising
towards English output distributions at the cost of
multilingual confidence.

The mid-layer calibration peak is robust across
model sizes and families. The same pattern
holds across all eight model families we anal-
yse layer-wise (Appendix B.2) and on LLaMA-
3.1-70B (Appendix D): for most non-English lan-
guages, a late-intermediate layer yields lower ECE
than the decoding layer. This questions the com-
mon practice of using final-layer probabilities as
confidence, and motivates the layer-aware calibra-
tion strategies developed next.
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Figure 3: ECE vs. entropy across layers on the MMMLU subset for LLaMA3 and Aya. See Figure 8 for the

English-only curve.

S Improving Multilingual Calibration

5.1 Multilingual Calibration Methods

Our observations in Section 4 motivate confidence
estimators that exploit intermediate representations.
We explore to extract confidence in three different
ways:

« Final layer (baseline). We follow the standard
practice in prior work by using the model’s final
layer to derive probabilities.

* Best layer. We identify the best layer as the one
that achieves the lowest average calibration error
across languages. From this layer, we extract
probability estimates following the procedure in
Section 4.1. The best layer £* is selected using a
separate validation set and defined as:

.....

* Good layers ensemble. We consider the set
of layers (good layers) whose multilingual cal-
ibration outperforms the final layer. To obtain
confidence estimates, we average the predictive
distributions across these layers G, this reduces
layer-specific noise while pooling calibration-
aware signals:

\% av 1
g = {[ : ECE; ¢ < ECEdLg}, Pensemble = @ Zpe-
Leg

Combining with Classical Post-hoc Calibration.
Since confidence elicitation and calibration are or-
thogonal approaches, we further test whether the

proposed elicitation methods can be enhanced by
standard post-hoc calibration techniques such as
Temperature Scaling (Guo et al., 2017) and Isotonic
Regression (Zadrozny and Elkan, 2002), which
operate independently of how probabilities were
obtained (Kadavath et al., 2022; Minderer et al.,
2021). We adopt a two-stage pipeline:

Pfinal = Cahbrate(pintermediﬂte)7

where Pintermediate cOmes from the confidence
scores discussed above. See Appendix C.1 for de-
tails.

Language-Aware Confidence Ensemble. The
methods above optimise jointly across languages.
LACE (Language-Aware Confidence Ensemble) in-
stead tailors layer selection to each language. For
each language k, we select the layers that are better
calibrated than the final layer,

¢®™ = (¢ : ECEl® < ECEW},
k k
pins)emble = m Z pé )7
Leg)
and apply a language-specific post-hoc calibra-

tor:

pt(ilrfa)l = Calibrate(k)( (k) ).

Pensemble

Per-language layer selection avoids negative
transfer from layers that are miscalibrated for the
target language, and ensembling reduces variance
while preserving language-relevant signals. LACE
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Figure 4: Forest plot of average ECE in MMMLU, with
means and 95% Cls.

is training-free and adds negligible latency: it
reuses intermediate logits from the single forward
pass already required for generation, with no re-
training or weight modification.

Experiment Setup We use the data from Sec-
tion 4 as a held-out validation set and evaluate on
a separate MMMLU test split. Both splits are bal-
anced across languages, with a total of 30K exam-
ples. For Belebele, we construct a comparable eval-
uation set with 24K examples overall with a similar
validation/test split. We report macro-averaged re-
sults across languages.

5.2 LACE Results

Intermediate-layer confidence shows better cali-
bration than final-layer confidence. Figure 4
shows that moving from Best Layer to Good-
Layers Ensemble to LACE yields progressive im-
provements; full numbers for MMMLU and Bele-
bele are in Table 3. Occasional drops in AUROC
arise because discrimination and calibration are not
necessarily correlated (Gao et al., 2022; Carriero
et al., 2025) and our layer selection optimises ECE.
By tailoring layer selection and calibration to each
language, LACE achieves the best overall results,
with ECE as low as 5.96% on LLaMA3.

Classical post-hoc methods offer improvements
but face challenges in multilingual settings.
Temperature scaling and isotonic regression no-
ticeably reduce calibration error on Aya, which
is systematically overconfident (avg. confidence
76.9% on MMMLU, 82.5% on Belebele; Fig-
ure 2). However, they offer marginal benefit or
even degradation for LLaMA3 (avg. confidence
36.0% / 58.3%): a globally fit temperature gives
limited per-language gains under distributional het-
erogeneity (cf. Simpson, 1951).

1.00

°
0
3
Jaccard similarity

vo [ EEETEN

sw

||
ar [l ] |

ende es pt fr it ja zh ko hi bn yo sw ar

0.00

Figure 5: Jaccard Similarity between different lan-
guage’s layer-sets in LLaMA-3.1 70B.

LACE is complementary to post-hoc approaches
and delivers the best calibration performance.
Importantly, our method reshapes, rather than
rescales, the calibration signal. Therefore, our
method does not compete with post-hoc calibrators
but provides orthogonal improvements. As shown
in Table 3, all methods combined with temperature
scaling or isotonic regression yields further incre-
mental gains, and notably LACE is further boosted
to consistently deliver the lowest calibration error
across benchmarks: ECE to 3.09% on LLaMA3
and 3.45% on Aya.

5.3 Analysis

We confirm that LACE scales to larger models, and
analyse robustness.

LACE scales effectively to larger models. Con-
sistent with our findings at the 7-14B scales, our
layer-based methods continue to outperform final-
layer confidence on LLaMA-3.1-70B (Table 4; full
results in Appendix D). LACE provides the largest
overall improvement at this scale, reducing ECE
from 23.51% (baseline) to as low as 2.81% when
combined with Isotonic Regression.

Layer-set overlap and robustness across lan-
guages and datasets. To assess whether LACE’s
layer sets generalise beyond specific samples or
datasets, we examine their consistency across lan-
guages and benchmarks. Similar languages share
overlapping layer subsets: Figure 5 shows clusters
of high overlap between Western European lan-
guages and CJK (Chinese, Japanese, Korean) lan-
guages (red boxes). Layer sets derived from Bele-
bele also retain strong calibration when transferred
to MMMLU. The overlapping structure makes
LACE robust to language-ID noise: in a controlled
corruption experiment that randomly replaces the
language tag of test examples, LACE degrades only
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MMMLU
LLaMA3 (Acc. = 43.2%)

Belebele

Aya (Acc. = 48.8%) ‘ LLaMA3 (Acc. = 68.6%)

Aya (Acc. = 67.8%)

Method ECE Brier AUROC ECE Brier AUROC ‘ ECE Brier AUROC ECE Brier AUROC
FINAL LAYER BASELINE' 2244 23.03 64.05 2439 3045 6831 17.68 2038  69.01 1573 19.08  72.92
> (+Temperature Scaling) 2335 2259 64.05 1540 2376  68.31 17.63 2039  69.01 10.66 17.19  72.92
> (+lsotonic Regression) 20.23 2255 63.47 9.15 2202 68.07 11.09 19.07 68.85 833 1644 7278
Intermediate Layer Calibration (Global Selection)
BEST LAYERT 1428 22.78 71.44 17.57 27.08  66.68 13.67 18.28 71.33 1540 20.06  66.79
> (+Temperature Scaling) 13.71  20.60 71.44 9.34 2252  66.68 13.12 17.52 7134 1499 19.16  66.79
> (+Isotonic Regression) 13.12 20.80 71.28 10.66 2246  66.26 1240 1739  71.48 14.02 19.00  66.80
GOOD LAYERS ENSEMBLE! 11.84 20.23 73.91 13.10 23.78  68.62 10.78 15.59  76.26 11.47 18.00  70.24
> (+Temperature Scaling) 11.30  20.01 73.91 1023 2221 68.62 1049 15.62 76.26 11.81 17.57  70.24
D> (+Isotonic Regression) 9.60 19.90 73.49 771 21.82 68.25 10.16 15.54 76.07 1042 17.48 70.31
Intermediate Layer Calibration (LACE)
LANGUAGE-AWARE ENSEMBLE? 596  20.51 72.94 1142 2270  68.38 7.05 1435 7561 1022 17.77  69.79
> (+Temperature Scaling) 434 19.73 73.40 488 21.87 6849 6.05 14.47 74.98 546 1636  70.45
> (+Isotonic Regression) 3.09 2051 69.13 345 2146  67.10 579 1453 73.70 480 1673 6840

Table 3: Calibration results for LLaMA3 and Aya on MMMLU (left) and the Belebele subset (right). T denote
methods that do not assume access to language identity. * denote methods with given language identity. Indented

italic rows correspond to post-hoc calibration adjustments.

Method ECE Brier AUROC
ORIG. PROB. 23.51 22.10 65.19
(+Temp. Scal.) 2256 21.97 65.19
(+Isotonic) 19.01 21.34 65.07

LACE 6.14  15.76 79.42
(+Temp. Scal.) 493  15.60 79.92
(+Isotonic) 2.81 15.38 78.79

Table 4: Calibration for LLaMA-3.1 70B on MMMLU.

minimally across all metrics. Full discussion is in
Appendix C.

6 Generalisation Beyond MCQA

Our main analysis focuses on MCQA because
it offers unambiguous correctness labels and a
well-defined notion of confidence (§3). To probe
whether our two core findings (the multilingual cal-
ibration gap and the late-intermediate sweet spot)
generalise to free-form generation, we extend the
analysis to two generative benchmarks.

Setup. We use MKQA (Longpre et al., 2021)
(open-ended multilingual QA) and MGSM (Shi
et al., 2023) (multilingual chain-of-thought math)
on LLaMA3. Correctness is scored against gold
answers: for MKQA we apply Unicode-aware nor-
malisation and require gold-answer containment;
for MGSM we extract the final numeric token and
require an exact match. Following Lewis-Lim
et al. (2025), we evaluate four standard generative-
confidence elicitation methods: Perplexity (geomet-
ric mean of next-token probabilities), Margin (top-1
vs. top-2 softmax gap, averaged across generated to-

Dataset Group Perp. Margin P(True) Verb.
English 13.5 10.6 19.2 26.9
MKQA Avg. Non-Eng. 33.9 34.8 31.7 41.1
A 204 242 -125  -142
English 18.9 15.9 11.0 12.8
MGSM  Avg. Non-Eng. 42.9 41.1 12.6 23.8
A 240 252 +1.6 -11.0

Table 5: Generative-task calibration on LLaMA3:
ECE (%, |) for four confidence elicitation methods on
MKQA and MGSM. A = EN — Non-EN; negative
values mean English is better-calibrated. Per-language
numbers are in Appendix E.

kens), P(True) (Kadavath et al., 2022) (re-prompted
true/false probability), and Verbalised (Tian et al.,
2023) (expected confidence on a 1-9 scale, mapped
to [0, 1]). Further details are in Appendix E.1.

The multilingual calibration gap persists in gen-
eration. Table 5 reports group-averaged ECE for
each confidence method on the two datasets. En-
glish is the best-calibrated language for most cells.
Averaging across the four methods, English ECE
is 17.6% on MKQA and 14.7% on MGSM, while
non-English ECE is 35.4% and 30.1%, roughly 2 x
worse on both datasets. The gap is widest on the
lowest-resource languages (Japanese on MKQA,
avg. ECE 47.8%; Bengali on MGSM, avg. ECE
46.7%), mirroring the resource correlation we re-
port on MCQA (§3).

remain Dbetter-
the early-decoded

Late-intermediate
calibrated. We

layers
apply
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Method Lang Acc. Last Best(¢*) AECE
en 64.0 18.0 11.9 (¢/=29) —6.1
de 55.0 26.2 99 (¥#=29) -—-16.3
es 55.0 26.7 6.0(¢=29) —20.7

Margin T 41.0 425 5.1(0=27) —37.4

53.0 30.3 82(¥=30) -—-22.1
ja 45.0 36.9 6.2(/=28) -30.7
th 41.0 42.7 9.0(¢=27) —-33.7
bn 18.0 66.0 1.6(¥=23) —64.4
en 64.0 15.4 154 (¢=32) 0.0
de 55.0 29.1 10.7 (¢/=31) —184
es 55.0 28.7 113 (¥=31) -—-17.5

Perplexity fr 41.0 43.2 23.1 (4/=31) -20.1
ru 53.0 29.5 10.2 (¢¥=31) —19.3
ja 45.0 39.4 157 (¢=31) —23.6
th 41.0 429 33.2(¢=31) —9.6
bn 180 69.1 8.6(/=30) —60.5

Table 6: Layer-wise calibration on MGSM with
LLaMA3 (32 layers). ECE in percent. Last = final-layer
ECE; Best = minimum ECE over all layers (best-layer
index in parentheses); AECE = Best — Last.

Margin confidence

Perplexity confidence

0 8 16 24 32 0 8 16 24 32
Layer Layer

Figure 6: Layer-wise ECE on MGSM (LLaMA3) for en,
fr, ru, and th. Left: margin confidence. Right: perplexity
confidence. z-axis is layer index (0-32); y-axis is ECE.

confidence-estimation procedure of §4.1 to the two
probability-space methods that admit a per-layer
formulation (margin and perplexity; P(True) and
Verbalised require re-prompting and therefore
have no natural layer analogue). Table 6 reports
the result for the eight MGSM languages: for
every non-English (language x method) pair, a
late-intermediate layer is better calibrated than
the final layer, with AECE from —9.6 to —64.4
percentage points and the largest gains on Bengali.
English follows its MCQA pattern (Appendix B.1):
the margin gain is small (—6.1) and the final layer
is already best for perplexity. For non-English
languages the best layers concentrate in /=23-31
on a 32-layer model, the same region we identified
for MCQA. Figure 6 shows the per-layer ECE
curves.

Layer selection without language identity.
LACE requires a language-ID signal at inference

Method MGSM MKQA

EN Non-EN Avg EN Non-EN Avg
Final layer' 14.75 38.41 3545 1552 25.72 24.44
Global layerT 17.57 25.13 24.18 25.02 24.03 24.15
Learned selector’ 20.07  19.18  19.29 22.04 23.73 23.51
LACE? 18.09 19.28 19.13 18.24 21.14 20.78

Table 7: Test ECE (%) on MGSM and MKQA with
LLaMA3, averaged over 20 random validation/test
splits. Global layer = a single layer tuned on valida-
tion data; Learned selector = a logistic regression over
per-layer confidences (Appendix E.4). : without lan-
guage identity; *: given language identity.

time. To test whether the layer choice can instead
be inferred from the input alone, we train a logistic-
regression selector that routes each example to a
layer using only its per-layer confidence signature,
with no access to language identity (Appendix E.4).
Table 7 compares it with the final layer, a sin-
gle language-agnostic layer tuned on validation
data, and LACE, averaged over 20 random vali-
dation/test splits. On MGSM the selector matches
LACE (average ECE 19.29 vs. 19.13) and halves
the non-English ECE of the final layer (38.41 —
19.18); on MKQA it improves over both language-
agnostic baselines, while LACE remains ahead
(20.78 vs. 23.51).

Both findings also hold under two alternative
MCQA scoring protocols (full-option-likelihood
and text-generation; Appendix F.4).

7 Conclusion

This paper provides a full-scale evaluation of multi-
lingual calibration in LLMs over 100 languages, un-
covering disparities between English and other lan-
guages in both accuracy and reliability. Our layer-
wise analysis identifies a mid-layer calibration
peak: for non-English languages, late-intermediate
layers are better-calibrated than the final layer.
Leveraging this insight, we introduce LACE, a
training-free, layer-aware ensemble that comple-
ments post-hoc techniques such as Temperature
Scaling. Because these methods reuse intermediate
logits without retraining, they can apply directly to
deployed models to extract more reliable answer-
ing. We further show that the multilingual gap
and the mid-layer effect generalise beyond MCQA
to generative settings. We hope these results en-
courage further work on multilingual calibration to
support more equitable language technologies.
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Limitations

Our primary analysis is on MCQA. §6 extends
the findings to MKQA and MGSM, but a larger
study across more models, languages, and gener-
ative confidence-aggregation schemes remains fu-
ture work. LACE is post-hoc and requires a small
per-language validation set (Appendix C.5). A nat-
ural next step is to address the gap at training time,
e.g. via per-language ECE penalties in RLHF/DPO,
or via mechanistic interventions (Templeton et al.,
2024) that localise the final-layer English bias.
LACE also selects layers at the language level;
a per-instance scoring mechanism could further im-
prove robustness for code-mixed inputs. Finally,
our evaluation is statistical (ECE, Brier, AUROC);
we do not measure whether improved calibration
translates into better human decision-making under
deployment, which would require a targeted user
study.
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A Benchmarking Multilingual
Calibration

In this section, we present the detailed multilingual
evaluation results for the models and benchmarks
discussed in the main text.

A.1 Experimental Details

A.1.1 Task Motivation and Confidence
Elicitation

In this study, we focus on MCQA for two key
reasons: first, MCQA provides unambiguous cor-
rectness labels for calibration. In open-ended gen-
eration, correctness is typically approximated us-
ing metrics such as ROUGE, BLEU, or LLM-as-
a-judge, which often disagree and can even lead
to flipped conclusions depending on the choice of
metric (Ielanskyi et al., 2025). Second, MCQA
enables a clear definition of confidence as the prob-
ability assigned to the selected option. In contrast,
confidence estimation for open-ended generation
remains unstable and method-dependent (e.g., ver-
balised confidence, perplexity-based methods, or
sampling-based consistency). By using MCQA, we
can isolate the effect of layer-wise signals on cali-
bration without additional noise from generation-
based confidence heuristics.

Correctness Calculation and Confidence Elicita-
tion We take the output of the final layer as the
model answer when evaluating correctness. We
do not compute calibration using each layer’s own
prediction, because our goal is to provide a relia-
bility signal for the deployed model in a standard
inference setting, where the user only observes
the final-layer answer. Therefore, the confidence
score should approximate the probability that this
final-layer answer is correct. We follow the stan-
dard MCQA practice and use the output proba-
bility of the selected answer choice: Conf(z) =
max;e(y,. ) Pi; Where chzl p; = 1, where C'
is the number of choices.

A.1.2 Models

Our experiments evaluate eight model families,

plus a larger LLaMA-3.1-70B variant for scale anal-

ysis:

* LLaMA3 (Grattafiori et al., 2024) (if not speci-
fied: L1ama-3.1-8BInstruct)

e Qwen2.5 (Qwen Team, 2024) (Qwen2.5-7B-
Instruct)

* Qwen3 (Yang et al., 2025a) (Qwen3-8B)

e Mistral (Jiang et al., 2023) (Mistral-7B-
Instruct-ve.3)

¢ Aya (Dang et al., 2024) (aya-expanse=-8b)

* DeepSeek (DeepSeek-Al, 2025) (DeepSeek-R1-
DistillQwen-7B)

¢ Phi (Abdin et al., 2024) (phi-4)

¢ Olmo3 (Olmo et al., 2026) (01lmo-3-7B)

e LLaMA-3.1 70B (Grattafiori et al., 2024)
(Llama-3.1-70BInstruct)

A.1.3 Language Group Definitions

We randomly sampled 1,000 examples per lan-
guage for MMMLU. We group languages in the
MMMLU dataset according to resource availability
and script type, as summarised in Table 8.

Group Languages

Low-Resource Arabic, Bengali, Swabhili, Yoruba,

Hindi, Indonesian

High-Resource German, French, English, Spanish,
Chinese, Italian, Japanese, Korean,

Portuguese

Latin-Script German, English, Spanish, French, In-
donesian, Italian, Portuguese, Swahili,

Yoruba

Arabic, Bengali, Hindi, Japanese, Ko-
rean, Chinese

Non-Latin-Script

Table 8: MMMLU language group definitions by re-
source availability and script type.

Language Codes The FLORES-200 language
codes (3-letter form) for all evaluated languages
are provided in the Belebele dataset documentation
(Bandarkar et al., 2024).

A.2 MMMLU Results

Results for each model are reported in the following
tables: Mistral (Table 9), Qwen2.5 (Table 10), Phi
(Table 11), and DeepSeek (Table 12).

A.3 Model Confidence Behaviours

Figure 7 illustrates the distribution of confidence
scores and accuracies across English and non-
English settings for Qwen2.5, DeepSeek, Mistral,
and Phi. Solid vertical lines indicate mean accu-
racies, while dashed vertical lines indicate mean
confidences. The divergence between confidence
and accuracy highlights calibration behaviour: un-
derconfidence when the dashed line falls left of the
solid line, and overconfidence when it falls to the
right.
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Language ‘ AUROC ECE BRIER Accuracy Language ‘ AUROC ECE BRIER Accuracy
Arabic 64.91 41.18 11.87 4.50 Arabic 52.66 30.21 25.35 36.50
Bengali 64.56 49.70 11.72 0.10 Bengali 52.62 34.13 24.73 27.20
German 70.84 24.14 29.32 43.00 German 63.47 22.86 22.86 65.60
English 73.75 23.92 27.95 54.00 English 71.13 20.48 17.92 73.10
Spanish 71.33 21.64 26.79 42.90 Spanish 61.29 27.15 25.32 56.40
French 71.25 22.20 28.36 46.40 French 71.57 17.07 20.21 68.90
Hindi 75.08 39.77 6.23 1.60 Hindi 37.74 46.43  26.16 15.70
Indonesian 69.48 26.98 29.69 38.80 Indonesian 42.89 32.36 30.63 30.70
Italian 74.08 25.24 28.25 44.50 Ttalian 72.25 10.51 19.13 67.50
Japanese 56.09 44.15 15.48 6.50 Japanese 30.62 46.69  17.59 8.30
Korean 39.78 46.62 16.25 5.50 Korean 66.95 29.00 24.50 50.00
Portuguese 71.11 29.25 27.59 47.10 Portuguese 73.79 13.24 18.77 66.60
Swahili 56.02 30.81 27.34 26.30 Swabhili 64.42 16.18 23.61 40.50
Yoruba 44.79 44.18 21.99 16.10 Yoruba 53.76 20.83  21.01 27.60
Chinese 62.12 33.55 24.58 16.70 Chinese 59.73 31.98 26.17 44.60
Avg. Low-Resource 62.47 38.77 18.14 14.57 Avg. Low-Resource 50.68 30.02 25.25 29.70
Avg. High-Resource 65.59 30.08 24.95 34.07 Avg. High-Resource 63.42 24.33 21.39 55.67
Avg. Latin-Script 71.69 24.77 28.28 45.24 Avg. Latin-Script 65.20 20.52 22.12 61.26
Avg. Non-Latin-Script 57.92 41.24 16.93 9.66 Avg. Non-Latin-Script 52.31 31.93 23.64 31.30
Average (All Languages) | 64.35 33.56 22.23 26.27 Average (All Languages) | 58.33 26.61 22.93 45.28

Table 9: Performance comparison across languages for
AUROC, ECE, BRIER score, and Accuracy in Mistral,
evaluated on the MMMLU dataset.

Language \ AUROC ECE BRIER Accuracy
Arabic 67.15 14.30  26.67 54.90
Bengali 64.10 26.68  31.98 33.20
German 76.94 21.59  25.08 55.60
English 78.23 15.77  19.25 65.60
Spanish 76.95 19.26  23.98 61.10
French 75.65 16.92  22.88 62.20
Hindi 72.01 28.73  28.86 33.90
Indonesian 75.69 15.83 23.53 54.30
Italian 75.32 21.07  24.46 58.70
Japanese 80.03 6.71 17.10 33.10
Korean 74.15 17.60 25.75 52.20
Portuguese 75.85 18.86  23.61 58.40
Swahili 59.93 30.12  33.09 32.30
Yoruba 23.49 46.99  36.11 2.00
Chinese 85.31 1247 17.42 47.00
Avg. Low-Resource 60.40 27.11 30.04 35.10
Avg. High-Resource 77.60 16.69 22.17 54.88
Avg. Latin-Script 76.38 18.47  23.26 59.41
Avg. Non-Latin-Script 65.77 22,95  27.12 36.08
Average (All Languages) \ 70.72 20.86 25.32 46.97

Table 10: Performance comparison across languages for
AUROC, ECE, BRIER score, and Accuracy in Qwen
2.5, evaluated on the MMMLU dataset.

Table 13 reports detailed calibration and confi-
dence statistics for LLaMA3. In addition to stan-
dard accuracy, we provide the model’s average
confidence, the confidence gap (accuracy minus
confidence), the proportion of correct predictions
made with low confidence (“Underconf”), and the
mean confidence levels assigned to correct vs. in-
correct predictions. We further include the differ-
ence between these two distributions (“Corr—Inc
Gap”), which captures how well the model sep-
arates correct from incorrect responses. English
shows a relatively small confidence gap (2.5%),
with strong separation between correct and incor-
rect predictions (23.8% Corr—Inc Gap). In contrast,
most non-English languages show lower accuracy,

Table 11: Performance comparison across languages
for AUROC, ECE, BRIER score, and Accuracy in Phi,
evaluated on the MMMLU dataset.

Language | AUROC ECE BRIER Accuracy
Arabic 55.33 32.74 21.54 26.40
Bengali 58.50 40.80  14.41 13.70
German 60.28 18.50 23.91 39.80
English 66.21 9.10 22.92 47.10
Spanish 62.24 12.47 23.51 40.80
French 62.93 10.84 23.12 41.40
Hindi 56.08 30.42 20.62 26.40
Indonesian 61.00 31.61 21.11 27.30
Italian 63.14 5.65  22.85 40.40
Japanese 55.56 18.05  23.14 32.10
Korean 21.56 49.09 18.66 1.10
Portuguese 62.37 16.78  23.26 39.10
Swabhili 51.67 45.76 12.45 12.00
Yoruba 60.35 38.16 4.94 2.80
Chinese 69.00 16.13 23.97 43.10
Avg. Low-Resource 57.16 36.58 15.84 18.10
Avg. High-Resource 58.14 17.40  22.82 36.10
Avg. Latin-Script 62.60 14.99 22.95 39.41
Avg. Non-Latin-Script 53.51 33.89 17.47 19.70
Average (All Languages) 57.75 25.07 20.03 28.90

Table 12: Performance comparison across languages
for AUROC, ECE, BRIER score, and Accuracy in
DeepSeek, evaluated on the MMMLU dataset.

larger underconfidence rates, and much smaller sep-
aration between correct and incorrect predictions
(average Corr—Inc Gap of 6.3%).

A.4 Belebele Results

Belebele (Bandarkar et al., 2024) is a multiple-
choice dataset covering 122 language variants,
enabling robust evaluation of NLU across high-,
medium-, and low-resource languages. The dataset
is fully parallel, allowing for direct cross-linguistic
comparison of model performance. In our experi-
ments, we sample 400 examples per language. Per-
language calibration metrics on Belebele are re-
ported in Table 14 for LLaMA3.
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Figure 7: Distribution of confidence scores (predicted
probabilities) versus accuracies in English (blue) and
non-English (orange) for four models: (a) Qwen 2.5, (b)
DeepSeek, (c) Mistral, and (d) Phi.

Language Acc.  AvgConf ConfGap Underconf Corr. Conf Inc. Conf Corr-Inc Gap

(%) (%) (%) (%) (%) (%) (%)
Arabic 382 29.5 88 89.0 317 28.0 37
Chinese 23.1 232 -0.1 99.6 222 23.6 -1.4
Korean 425 312 113 92.0 335 29.5 4.0
Japanese 43.0 24.0 19.0 92.3 26.8 21.8 5.0
Swahili 322 315 0.7 88.8 342 30.3 39
Ttalian 51.8 41.8 10.0 58.3 47.4 35.8 11.6
Bengali 352 34.6 0.6 88.4 36.1 338 23
Spanish 52.0 46.1 59 50.0 52.6 39.0 13.6
Portuguese 50.4 47.1 33 47.0 53.6 40.6 13.0
Indonesian 45.0 37.0 8.0 753 41.1 337 7.4
Hindi 39.9 317 82 88.2 34.1 30.1 4.0
German 44.4 33.8 10.6 80.4 37.1 312 59
Yoruba 27.4 29.4 20 93.8 315 28.7 2.8
French 51.3 41.5 9.8 59.5 474 353 12.1
English 61.2 58.8 25 25.7 68.0 44.2 238
Non-English ~ 41.2 345 6.7 78.8 37.8 315 6.3

Table 13: LLaMA3 Calibration and underconfidence
analysis across languages. Metrics include accuracy, av-
erage confidence, confidence gap (accuracy minus confi-
dence), proportion of underconfident correct predictions
(confidence < 0.5 when correct), average confidence
for correct vs. incorrect predictions, and their difference
(Corr-Inc Gap).

B Layer-Wise Calibration Analysis

B.1 English Calibration Improves as Layer
Deepens

Figure 8 shows the layer-wise Expected Calibration
Error (ECE) for English in LLaMA3, illustrating
how calibration improves progressively in deeper
layers.

B.2 Multilingual Calibration is Best at
Late-Intermediate Layers

We visualise calibration performance across lay-
ers by plotting metrics against entropy on the
MMMLU dataset for LLaMA3 (Figure 9a), Aya
(Figure 9b), Mistral (Figure 9c¢), Phi (Figure 10a),
DeepSeek (Figure 10b), and Qwen2.5 (Figure 10c).

ECE across Layers (English, LLaMA3)

— ECE

R e e e e e e S
8 10 12 14 16 18 20 22 24 26 28 30 32
Layer

T T T T
0 2 4 6

Figure 8: Layer-wise predicted confidence ECE for
English in LLaMA3.

B.3 Reliability Diagrams

Per-language calibration trends reveal that late-
intermediate layer improves calibration for
most non-English languages, with a slight trade-
off for English. To further explore these dynam-
ics, Figure 11 presents per-language reliability dia-
grams for nine languages, comparing the selected
intermediate layer (Layer 29) against the final layer
of LLaMA3. Nearly all non-English languages
benefit greatly from moving away from the final
layer: their reliability curves align more closely
with the diagonal, and ECE decreases substantially.
For example, German and Hindi show reductions
in ECE of more than 13% and 16%, respectively.
In contrast, calibration for English appears to de-
grade slightly at intermediate layers. Since the final
layer already exhibits strong calibration for English,
earlier layers offer no additional benefit. This high-
lights a potential bias introduced during pretraining,
where the model overfits to English patterns or in-
troduces noise during the final stages of adaptation.
While the degree of improvement varies across lan-
guages, the trend remains consistent across diverse
linguistic families and scripts. This suggests that
the effect is not language-specific but rather a sys-
tematic property of multilingual calibration.

C LACE — Supporting Details &
Robustness

This section provides implementation details for
the post-hoc calibration baselines used alongside
LACE, followed by a series of robustness and gen-
eralisation analyses.

C.1 Post-hoc Calibration Baselines

We include two widely used post-hoc calibration
methods as baselines: Temperature Scaling (Guo
et al., 2017) and Isotonic Regression (Zadrozny
and Elkan, 2002). Both are trained on a held-out
validation set (15k examples from MMMLU and
12k examples from Belebele, non-overlapping with
the evaluation sets). The fitted calibrators are then
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Set 1 | Set 2 | Set 3

Lang Acc AUR. ECE Brier ‘ Lang Acc AUR. ECE Brier ‘ Lang Acc AUR. ECE  Brier

acm 58.2 78.4 7.1 19.2 arz 69.8 77.8 12.2 18.2 ceb 65.8 75.6 11.1 19.7
fin 80.8 75.6 6.0 14.1 hin 67.0 72.9 14.0 20.6 ita 86.0 79.6 7.4 10.8
khm 4.0 5.5 66.2 51.4 lvs 74.8 79.7 11.3 16.2 npi 59.8 74.8 5.1 20.0
pol 80.0 78.9 6.3 13.3 slv 81.0 76.6 8.7 13.8 swe 79.2 81.6 73 12.8

tso 34.0 62.5 3.4 21.5 xho 37.0 60.0 5.0 22.8 afr 80.8 81.2 8.3 12.7
asm 45.8 68.0 6.1 22.8 ces 82.2 80.2 7.8 11.8 fra 86.2 77.4 9.9 114

hin 57.0 72.1 4.7 21.1 jav 68.0 78.4 11.1 18.4 kin 34.8 63.3 4.7 21.3
mal 60.5 74.0 12.3 21.3 npi 325 59.9 6.3 21.4 por 86.2 79.8 5.6 10.2
sna 35.8 58.6 6.2 23.0 swh 67.0 75.0 8.1 19.1 tur 78.2 78.8 8.5 14.6
yor 31.2 61.1 44 20.4 als 73.5 78.0 7.2 16.2 azj 66.8 71.8 14.3 21.4
ckb 46.0 71.8 8.3 22.2 fuv 28.0 51.9 52 20.4 hrv 79.8 78.1 8.2 14.3
jpn 66.5 73.3 29.9 28.0 kir 63.0 73.8 21.9 24.7 mar 67.5 73.5 9.2 19.4

nso 37.8 60.3 32 22.7 snd 17.5 50.5 30.0 25.3 tam 65.5 73.4 14.5 21.5
ukr 84.2 774 12.1 12.8 zho 76.5 71.2 30.6 252 amh 34.8 63.2 5.0 21.5
bam 31.2 60.6 4.8 20.8 dan 79.8 78.8 8.2 13.9 gaz 31.8 53.1 2.4 21.7
hun 825 84.0 9.7 11.8 kac 30.2 61.8 3.5 20.5 kor 77.8 71.9 14.5 16.3
mkd 77.8 79.1 7.8 14.4 nya 32.0 60.7 33 21.1 ron 80.0 80.4 6.3 13.0
som 35.2 59.0 39 222 tel 59.5 73.7 7.2 20.4 urd 59.5 67.3 19.7 25.8

zho 81.2 68.9 244 21.1 apc 65.0 78.3 9.7 18.4 ben 65.5 72.6 10.1 20.3
deu 86.8 72.3 13.4 12.9 grn 39.8 65.5 6.6 22.4 hye 0.2 1.5 63.8 42.1
kan 58.5 72.1 52 20.9 lao 32.5 59.5 2.1 21.5 mit 69.8 76.4 9.9 18.4
ory 55.8 70.0 16.4 24.7 rus 81.2 81.0 10.4 13.0 sot 32.8 57.5 2.6 21.8
tgk 63.8 70.1 12.5 22.1 urd 412 64.8 4.3 22.5 zZsm 82.5 82.9 9.5 11.8
arb 79.5 74.2 11.8 15.5 ben 35.2 59.9 4.9 22.4 ell 80.5 80.6 10.1 13.7
guj 58.0 68.8 8.2 22.0 ibo 40.2 62.0 3.7 22.6 kat 1.5 6.0 68.4 51.6
lin 34.2 59.3 3.5 21.9 mri 35.5 63.3 43 21.5 pan 58.0 74.4 11.4 21.6
shn 16.8 47.9 15.1 16.9 spa 84.0 79.3 5.8 11.7 tgl 75.2 80.1 7.8 15.3

uzn 69.0 71.0 13.4 19.2 zul 36.5 59.3 5.1 22.8 arb 29.8 56.4 3.6 20.8
bod 29.0 60.2 6.8 20.3 sun 65.5 74.3 13.5 20.9 hat 55.8 72.9 4.6 20.9

ilo 54.0 69.8 9.2 22.6 kaz 63.5 75.6 19.3 23.0 lit 73.8 82.3 11.0 15.7
mya 0.8 7.2 725 55.7 pbt 475 67.7 3.1 22.6 sin 322 59.2 3.8 21.5
srp 83.2 71.5 13.0 13.7 tha 71.8 755 19.8 212 vie 83.5 78.4 8.7 12.4
ars 62.0 78.5 9.6 18.8 bul 80.8 71.7 13.6 14.6 est 71.8 78.2 4.2 16.4
hau 452 67.1 11.7 23.9 ind 81.8 75.6 6.4 13.4 kea 48.8 73.0 8.0 21.1
lug 355 57.6 2.5 22.5 nld 83.0 78.2 59 12.0 pes 79.2 71.8 8.5 14.4
sin 58.8 72.7 10.3 21.6 SSW 31.8 61.5 3.0 20.8 tir 28.0 57.7 4.9 19.7
war 62.2 74.7 12.1 21.0 ary 58.5 72.0 7.7 21.2 cat 86.2 84.8 9.4 10.2
eus 69.5 75.7 7.0 18.1 heb 712 76.9 17.2 17.8 isl 67.0 78.3 5.2 17.4
khk 48.0 70.2 10.0 22.9 luo 31.8 55.7 5.7 21.5 nob 79.2 71.8 9.5 14.7
plt 442 65.6 5.8 23.1 slk 82.0 76.9 4.7 13.0 eng 87.8 87.9 4.0 8.1

tsn 31.8 62.7 4.6 20.8 wol 33.0 53.2 5.7 22.3 Avg. 57.6 68.9 10.9 19.8

Table 14: Per-language performance on the belebele test set for the LLaMA3 model, reporting AUROC, ECE, and
Brier score. Each row is color-coded by language category, based on resource availability (high, medium, low) and
script type (Latin vs. non-Latin). The categories are shaded with soft pastel colors: high-resource Latin (light blue),
high-resource non-Latin (light pink), medium-resource Latin (light green), medium-resource non-Latin (lavender),
low-resource Latin (cream), and low-resource non-Latin (tan). English line and the Average line is bolded.
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Figure 9: Calibration metrics (ECE, Brier score, AUROC) vs. entropy across layers on the MMMLU dataset for

LLaMA3, Aya, and Mistral.

applied to test-set predictions, and metrics (ECE,
AUROC, Brier score, Accuracy) are computed us-
ing the calibrated probabilities.

Temperature Scaling Temperature scaling ap-
plies a single scalar parameter 7" > 0 to rescale
logits before computing probabilities. The param-
eter is optimised by minimising the negative log-
likelihood (NLL) on the validation set. In practice,
we perform a coarse-to-fine grid search: first over
a wide range (7" € [0.05, 5.0] with 60 candidates),
then locally refining around the best value with a
denser grid. This procedure provides stable esti-
mates across languages and avoids degenerate min-
ima. The resulting optimal temperature is then used
to rescale logits of all models prior to evaluation.

Isotonic Regression Isotonic regression learns a
non-parametric, monotone mapping from predicted
probabilities to calibrated probabilities in [0, 1]. We
use the scikit-learn implementation with out-of-
bounds clipping and monotonicity constraints. The
model is fitted on the validation set and then applied
to test-set predictions.

C.2 Cross-Lingual Layer-Sharing and
Transfer

To better understand whether calibration improve-
ments transfer across languages, we analyse the

extent to which languages share similar “good
layer” sets under our intermediate-layer calibra-
tion framework. If two languages select highly
overlapping sets of good layers, we would expect
stronger cross-lingual transfer: optimising for one
language could benefit the other. Conversely, dis-
joint sets would suggest that calibration signals are
language-specific.

Measuring cross-lingual similarity. For each
language ¢, let Gy denote its selected set of good
layers. We compute a language—language similar-
ity matrix using the Jaccard index:

|Gy, NGyl

Jaccard(gi, 6]) == m
i J

A score of 1.0 indicates identical layer sets, while
0.0 means no overlap. Higher similarity reflects
stronger potential cross-lingual transfer.

Findings. Figure 12 shows the cross-lingual sim-
ilarity matrices for LLaMA-3 8B and 70B. While
both models show some alignment among typolog-
ically related languages, the 70B model exhibits
far clearer and more coherent clustering, reflecting
stronger structural organisation in its intermediate
representations. In particular:

* Western European languages (e.g., German,
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(c) Qwen 2.5

Figure 10: Calibration metrics (ECE, Brier score, AUROC) vs. entropy across layers on the MMMLU dataset for

Phi, Deepseek, and Qwen 2.5.

Spanish, Portuguese, French, Italian) share
overlapping good-layer subsets.

* CJK languages (Japanese, Chinese, Korean)
also form a consistent cluster.

* Languages across distant families (e.g., En-
glish vs. CJK; Romance vs. Indic or African
languages) show much lower overlap.

Example good-layer sets within Romance lan-
guages in the 70B model illustrate this structured
overlap:

* de: [72,75,76,77,78,79, 80]

* es: [72,73,75,76,77,78,79, 80]

* pt: [71,72,73,75,76,77, 78,79, 80]

e fr:[77,78,79, 80]

e it:[72,77,78,79, 80]

Overall, these results confirm that similar lan-
guages tend to share partially overlapping
calibration-relevant layer patterns, while more
distant languages exhibit far less similarity.

C.3 Cross-Dataset Consistency of Good-Layer
Selection

We assess whether “good layers” for calibration
are consistent across different tasks by performing
a cross-dataset layer-overlap analysis. For each
language ¢ common to both MMMLU and Bele-
bele, we extract the good-layer sets GMMMLU and
GBelebele and compute their Jaccard similarity:

‘ MMMLU A GBelebele

Jaccard(m Z

ZGL ‘GMMMLU U GBelebele

This evaluation was conducted across the 12 lan-
guages common to both datasets. The results show
moderate cross-dataset consistency, with an aver-
age Jaccard similarity of 0.5227 for LLaMA-3 and
0.4704 for Aya. This indicates that despite the dif-
ferent task formulations, the benchmarks identify
partially overlapping sets of calibration-relevant
layers. This suggests that certain structural proper-
ties of intermediate representations support robust
calibration across tasks, though task-specific ef-
fects remain.

Transfer evaluation on MMMLU using Belebele-
derived layers. To further test generalisation, we
applied the good-layer sets identified on Belebele
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Figure 11: Per-language calibration reliability diagrams for LLaMA3. Each panel shows a reliability histogram
with evenly spaced confidence bins. Blue bars correspond to the chosen intermediate layer (Layer 29), and orange
bars correspond to the original final layer. The dashed diagonal is the perfectly calibrated line (y= x). Hatched
overlays indicate the absolute calibration gap within each bin. The inset reports ECE (%) for both layers and the
change AECE = ECEg;,, — ECE2g (positive values denote improved calibration at Layer 29).

Language-Language Good-Layer Similarity

1.00

Jaccard similarity

w
o WEEE

ende es pt fr it ja zh ko hi bn yo sw ar

(b) LLaMA-3 70B

0.00

(a) LLaMA-3 8B

Figure 12: Cross-lingual Jaccard similarity between
languages’ good-layer sets. Clear correlation between
Western European and CJK language groups indicate
stronger organisation of calibration-relevant information
in deeper layers.

directly to MMMLU without any post-hoc cali-
bration. The results, shown in Table 15, confirm
that Belebele-derived layers retain meaningful cali-
bration performance on MMMLU, demonstrating
clear cross-task transferability.

C.4 Robustness to Language-ID Noise

To quantify how sensitive LACE is to noisy lan-
guage labels, we run a controlled corruption exper-

Model Setting ECE| AUROC1T Brier|
baseline 22.2 66.1 23.3
LLaMA-3 transferred-LACE ~ 15.6 70.6 21.8
Ava baseline 274 68.9 32.3
4 transferred-LACE ~ 19.8 69.3 25.2

Table 15: Calibration transfer results when applying
Belebele-derived good layers directly to MMMLU
(without post-hoc calibration).

iment on MMMLU for two base models (Aya and
LLaMA-3).

We start from our setup in the main paper where
language-specific layer sets are selected on the val-
idation split using gold language labels. Then at
evaluation time, we simulate language-ID mistakes
by randomly corrupting the language tag for a pro-
portion p € {0.0,0.1,0.2} of test examples: for
each selected example, we replace its true language
label with a different language sampled from the
remaining languages. LACE uses these (possibly
incorrect) language tags to choose which language-
specific layer set to average, while the underlying
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model logits remain unchanged.

Therefore, p = 0 corresponds to perfect lan-
guage identification, whereas p = 0.1 and p = 0.2
approximate moderate error rates in an external
language-ID system; state-of-the-art LID systems
achieve above 90% accuracy on sentence-level text
(Suarez et al., 2026), so p = 0.2 is a conservative
upper bound on realistic misidentification rates. We
compute ECE, AUROC, and Brier score for each
corruption level. The results are shown in Table 16.

Corruption Model ECE (%) AUROC (%) Brier (%)
0% LLaMA-3 5.96 72.94 19.91
Aya 11.42 68.61 23.16

10% LLaMA-3 5.97 72.80 19.97

? Aya 11.60 68.38 23.31
0% LLaMA-3 6.29 72.39 20.15
Aya 12.07 68.25 23.39

Table 16: Robustness of LACE to language-ID corrup-
tion on MMMLU.

The impact of language-ID noise is mild. For
Aya, corrupting 10% of tags increases ECE by only
0.18 (about 1.5% relative) and Brier by 0.14, while
AUROC decreases by 0.23. Even at 20% corrup-
tion, ECE rises by only 0.65 compared to the clean
setting, and Brier changes by 0.23. For LLaMA-
3, the effects are even smaller: ECE changes by
+0.01 at 10% and +0.33 at 20%, with AUROC
decreasing by less than 0.60 and Brier increasing
by at most 0.24. These variations are negligible
relative to the large cross-lingual calibration gaps
reported in the main paper.

Intuitively, LACE remains robust because it av-
erages over multiple “good” layers per language
rather than relying on a single, highly language-
specific layer: misrouting an example to another
language’s layer set still yields a reasonable ensem-
ble, so moderate language-ID noise only weakly
perturbs the final predictions.

C.5 Sensitivity to Validation Set Size

A potential limitation of LACE is that it requires
a labelled validation set for each language in or-
der to identify the corresponding Good Layers.
This requirement may appear burdensome for low-
resource languages, which are often the settings
where improved calibration is most needed. How-
ever, in our main experiments, we use only 1,000 la-
belled validation examples per language, which we
believe is already a practically attainable amount
of data for many languages.

To further examine the data requirement of
LACE, we conduct a sensitivity analysis by reduc-
ing the validation set size from the full 1,000 ex-
amples to 500, 200, and 100 examples. For each
reduced setting, we recompute the selected Good
Layers and compare them against those obtained
from the full 1,000-example validation set. As a
measure of agreement, we report the Jaccard simi-
larity between the two selected layer sets.

Table 17 shows that the selected Good Layers
remain highly consistent when using only 500 vali-
dation examples, with an average Jaccard similar-
ity of 0.88 relative to the 1,000-example baseline.
When the validation size is further reduced to 200
examples, the agreement remains moderate (0.65),
while at 100 examples the consistency drops to
0.51. These results suggest that LACE is robust to
substantial reductions in validation data, and that
in practice as few as 500 labelled examples are suf-
ficient to recover nearly the same layer selection as
the full validation set.

Comparison Avg. Jaccard Interpretation

1000 vs. 500 0.88 High consistency
1000 vs. 200 0.65 Moderate consistency
1000 vs. 100 0.51 Lower consistency

Table 17: Stability of Good Layer selection under re-
duced validation set sizes, measured by Jaccard similar-
ity against the full 1,000-example validation set.

Overall, this analysis indicates that the valida-
tion data requirement of LACE is lower than it may
initially seem. While performance naturally de-
grades as the validation set becomes very small, the
method remains highly stable at 500 examples, sub-
stantially lowering the barrier to applying LACE in
lower-resource settings.

D Experiments on the 70B Model

To answer whether the calibration patterns ob-
served in 7B—8B models persist in much larger
models, we conducted a layer-wise calibration
study on the LLaMA-3.1 70B Instruct model, us-
ing the same multilingual MMMLU setup.

Experimental Setup. We evaluated the 70B
model under identical conditions as the 8B model:
15 languages and 15,000 test examples. To man-
age computational demands, the model was loaded
using 4-bit quantization, which reduces memory
usage while preserving performance. All experi-
ments were performed on NVIDIA H100 80GB
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GPUs. LLaMA-3.1 70B has 80 transformer lay-
ers (compared to 32 in the smaller models).

Layer-wise Calibration in a Large Model. The
results, shown in Figure 13, demonstrate that the
phenomenon observed in smaller models is also
present in the 70B model: calibration improves
substantially in the late-intermediate layers, well
before the final layer.

T L M M e M P e e R s

Figure 13: Expected Calibration Error (ECE) across
the 80 layers of LLaMA-3.1 70B. A clear calibration
minimum is visible in the intermediate layers across all
language groups.

Quantifying the Improvement. To evaluate
whether our calibration methods continue to be
effective at larger scales, we also applied BEST
LAYER, GOOD LAYER, and LACE to the 70B
model. The results are reported in Table 18. Fol-
lowing the same format as Table 3 in the main text,
this table shows that the intermediate-layer signal
remains strong in the 70B model: using probabil-
ities from the best-performing intermediate layer
yields substantially better calibration than relying
on the final layer. Moreover, LACE continues to
provide the largest overall improvement, achieving
the best calibration among all methods. These re-
sults confirm that our proposed layer-based calibra-
tion strategies, including LACE, scale effectively
to much larger models.

E Generalisation Beyond MCQA: Full
Details

This appendix supplements the generative-task
analysis presented in §6.

E.1 Experimental Setup

Datasets. We use two human-translated multi-
lingual generative benchmarks. MKQA (Longpre
etal., 2021) is an open-ended multilingual question-
answering benchmark. We sample 500 examples
per language for seven languages (en, de, es, fr,
ru, ja, th), spanning Latin, Cyrillic, Japanese, and

Method ECE Brier AUROC
ORIGINAL PROBABILITY 23.51 22.10 65.19
(+Temperature Scaling) 22.56 21.97 65.19
(+Isotonic Regression) 19.01 21.34 65.07
BEST LAYER' 16.31 16.14 84.57
(+Temperature Scaling) 13.81 14.94 84.57
(+1Isotonic Regression) 7.62 13.77 84.40
GooD LAYER' 13.90  16.43 79.30
(+Temperature Scaling) 15.00 16.42 79.30
(+1Isotonic Regression) 13.44 16.25 78.98
LACE? 6.14  15.76 79.42
(+Temperature Scaling) 4.93 15.60 79.92
(+Isotonic Regression) 2.81 15.38 78.79

Table 18: Calibration performance of different layer-
based methods on the LLaMA-3.1 70B model us-
ing MMMLU. Intermediate-layer methods continue to
yield substantial calibration improvements even at large
model scale.

Thai scripts. MGSM (Shi et al., 2023) is a multi-
lingual chain-of-thought math benchmark derived
from GSM8K. We use 250 examples per language
for eight languages (en, de, es, ft, ru, ja, th, bn).

Correctness measure. For MKQA, we follow
the standard open-domain QA convention: a gen-
eration is scored correct if any gold answer (or
alias) is contained in the normalised prediction,
or vice versa. Normalisation uses Unicode-aware
case folding, punctuation stripping, and whitespace
normalisation (consistent with the reference imple-
mentation released by the dataset authors). For
MGSM, we extract the final numeric token from
the generated chain-of-thought and require an exact
match to the gold answer up to a tolerance of 10~

Confidence methods. We evaluate four standard
generative-confidence elicitation methods, follow-
ing the taxonomy of Lewis-Lim et al. (2025):

* Perplexity: exp (% Zle log p(yi|y<t, ac)) the
geometric mean of next-token probabilities over
the generated answer of length 7'.

e Margin: the per-token softmax margin between
the top-1 and top-2 candidate tokens, averaged
across generated tokens. The output lies in [0, 1].

* P(True) (Kadavath et al., 2022): we re-prompt
the model with “Question: ... Proposed answer:
... Is the proposed answer correct?” and read the
softmax probability assigned to the “True” token
at the next position.

* Verbalised (Tian et al., 2023): we append “How
confident are you on a scale of 1-9?” and decode
an expected confidence ¢ = E[s|s € {1,...,9}],
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mapped to [0, 1].

E.2 Per-Language Results

Tables 19 and 20 report per-language accu-
racy and ECE for each of the four confidence
methods.  The full numerical layer-wise re-
sults, including AUROC and Brier scores at
every layer, are released alongside the code
(layerwise_mgsm_llama3.csv).

Lang. Acc. Perp. Margin P(True) Verb.
English 52.0 13.5 10.6 19.2 26.9
German 43.0 234 23.7 26.3 31.2
Spanish 42.8 25.2 24.1 25.7 31.0
French 43.2  25.1 24.7 24.2 32.3
Russian 26.4 39.8 41.2 37.4 49.0
Japanese 18.4 45.3 47.7 42.4 55.7
Thai 24.0 44.5 47.6 34.1 47.2
Avg. Non-Eng. 33.0 33.9 34.8 31.7 41.1

Table 19: Per-language MKQA results (LLaMA3, 500
examples per language). ECE (%, |) for four confidence
methods. Bold marks the column-minimum.

Lang. Acc. Perp. Margin P(True) Verb.
English 65.6 18.9 15.9 11.0 12.8
German 51.6 325 30.3 10.9 21.7
Spanish 56.4 27.8 26.0 13.0 16.3
French 44.8 40.1 38.7 9.5 244
Russian 47.2 379 36.4 13.5 19.2
Japanese 44.0 40.0 37.9 17.1 25.6
Thai 36.4 484  47.6 12.2 28.8
Bengali 14.0 73.3 70.7 12.2 30.4
Avg. Non-Eng. 42.1 429 41.1 12.6 23.8

Table 20: Per-language MGSM results (LLaMA3, 250
examples per language). ECE (%, |) for four confidence
methods. Bold marks the column-minimum.

E.3 Discussion of the P(True) Outlier on
MGSM

On MGSM, P(True) reports nearly identical ECE
for every language (~10-17%), in contrast to the
wide spread observed for perplexity, margin, and
verbalised. This is consistent with the documented
brittleness of self-reprompting probes: Kadavath
et al. (2022) and Lin et al. (2022) both note that
the “Is the proposed answer correct?” template
is read by the model in the language of the tem-
plate (here, English), independently of the language
of the original question. The resulting probabili-
ties are dominated by the English-language meta-
question rather than by the multilingual content of

the answer, so the protocol effectively short-circuits
the language-conditional confidence signal. We re-
tain the method to faithfully report the benchmark
and note that the other three methods, which read
confidence directly from the generated tokens, all
preserve the multilingual gap.

E.4 Learned Layer Selector

The selector’s features are the example’s per-layer
confidences (33 values for LLaMA3); a logistic
regression trained on the validation split maps this
signature to a choice of layer. Experiments use the
MGSM and MKQA subsets of §6 (eight languages,
100 examples per language); the language-agnostic
global-layer baseline is tuned on the same valida-
tion split in each run.

F Robustness of the Multilingual
Calibration Gap

The English/Non-English calibration gap reported
in §3 is the central empirical claim of the paper.
This appendix collects the robustness checks that
establish the gap is preserved under statistical re-
sampling of the evaluation instances, different ECE
bin counts, and alternative MCQA scoring proto-
cols, and examines one case in which ECE and
Brier disagree.

F.1 Bootstrap Confidence Intervals

Model ECE| AUROC?T
EN Non-EN EN Non-EN

LLaMA3 [3.93,8.81] [20.72,24.80] [77.67,83.01] [62.85,64.71]
Aya [17.23,24.58] [26.74,29.06] [71.57,77.65] [67.22,69.11]
Mistral [21.72,30.28] [33.12,35.19] [70.78,76.73] [62.09, 65.07]
Qwen2.5 [12.71, 19.09] [21.13,22.93] [75.10,81.36] [69.17,71.25]
Phi [16.25,28.71] [26.97,29.27] [66.94,75.18] [56.38, 58.46]
DeepSeek [5.02, 16.16] [24.62,27.91] [62.79, 69.60] [55.70, 58.58]
Qwen3 [8.19, 17.14] [13.17,15.56] [77.38,86.99] [71.91, 74.94]
Olmo3 [24.07, 34.66] [26.19,28.87] [58.05,70.96] [54.47,58.21]

Table 21: 95% bootstrap confidence intervals for the
per-model MMMLU entries of Table 2.

Table 21 reports 95% confidence intervals for
the per-model entries of Table 2, computed with
a non-parametric bootstrap: instances are resam-
pled with replacement within each language (2,000
resamples; ECE with K=10 bins), per-language
metrics are recomputed, and the non-English value
macro-averages the 14 non-English languages of
each resample. The English intervals are wider
because they rest on a single language split. The
English and non-English intervals are disjoint for
ECE in five of the eight models (LLaMA3, Aya,
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Mistral, Qwen2.5, DeepSeek) and for AUROC in
every model except Olmo3.

F.2 ECE Binning Sensitivity

In the main paper, following Guo et al. (2017), we
report ECE using K = 10 uniformly spaced bins
over [0, 1], applying the identical binning scheme
across all models, layers, languages, and calibra-
tion methods.

To evaluate robustness with respect to this hy-
perparameter, we recomputed ECE for MMMLU
predictions for both LLaMA-3 and Aya using
K € {5,10,15,20,25}. Table 22 presents the
complete results for both LLaMA-3 and Aya.

Bins (K) LLaMA-3 ECE (%) Aya ECE (%)
English  Non-Eng.  English Non-Eng.
5 3.21 17.87 19.90 25.93
10 4.61 23.12 20.66 26.77
15 5.04 23.27 20.34 27.45
20 5.58 22.83 21.72 28.26
25 6.07 23.13 21.34 28.27

Table 22: ECE binning sensitivity for LLaMA-3 and
Aya on MMMLU. English consistently shows lower
calibration error than non-English across all binning
configurations.

Although absolute values shift somewhat under
different bin counts, the qualitative pattern remains
unchanged: non-English languages remain substan-
tially less calibrated than English for every choice
of K, and non-English calibration is highly stable
once K > 10 (LLaMA-3 within 22.83-23.27%,
Aya within 26.77-28.27%). Brier score and AU-
ROC (both bin-free) exhibit the same cross-lingual
trends, so our conclusions are robust to reasonable
variations in the ECE computation scheme.

F.3 ECE and Brier Disagreement under
Capability Collapse

In Table 1, LLaMA3’s Chinese entry has the worst
ECE among all languages (41.94) yet nearly the
best Brier score among non-English languages
(19.56, second only to Yoruba’s 19.43). The cause
is that LLaMA3’s Chinese accuracy collapses to
23.1%, below the 25% random baseline for four-
option MCQA, with confidences clustered at a
similar level (average 23.2%; Table 13). In this
regime the two metrics diverge by construction:
Brier rewards uniformly low confidence on mostly-
wrong predictions, while ECE captures the bin-
level mismatch between confidence and accuracy.

The anomaly does not appear in models with func-
tional Chinese performance (Tables 10 and 12).
Calibration metrics should therefore not be inter-
preted for languages where accuracy is at or below
chance.

F.4 Alternative MCQA Scoring Protocols

The main paper elicits MCQA confidence as the
softmax probability assigned to the option-letter
token at the choice position (Appendix A). This is
a standard convention in MCQA evaluation, but not
the only one. To verify that the multilingual calibra-
tion gap holds under alternative scoring protocols,
we evaluate LLaMA3 under three protocols:

* P1 - Letter probability (paper baseline): soft-
max over the four option-letter tokens (A, B,
C, D) at the choice position; confidence is the
max-class probability. This is the protocol used
throughout the main paper, reported here at full
MMMLU scale (1000 examples per language;
numbers reproduced from Table 1).

* P2 — Option likelihood: each full option text
is scored under the model (sum of token log-
probabilities), then softmax is taken across the
four options; the model’s prediction is arg max,
the confidence is the max softmax value. Evalu-
ated on a balanced 14-language x 200-example
MMMLU subset.

* P3 — Text generation: greedy-decode up to 8
new tokens, regex-extract the predicted letter, and
use the softmax probability of that decoded letter
at the first generated position as confidence. Eval-
uated on the same 14-language x 200-example
subset.

Protocol Group Acc. ECE| AUROC?T Brier]
PL: Letter prob.” EN 61.20 4.61 80.36 17.63
P LEUErprob” Non-ENavg. 41.47 2312 64.06  22.95
N EN 39.50 20.10 59.70 29.10
P2: Option lik- N0 ENave. 3140 27.00 5410  30.90
P3: Text gen EN 40.50 6.70 76.10 18.30
Slexteen Non-ENavg. 27.00 1220  49.60  19.00
Avg. A (EN — Non-EN) +1378 -1030 +16.13  -2.61

Table 23: MMMLU calibration under three MCQA
scoring protocols on LLaMA3. P1 is reported at full
MMMLU scale (1000 examples per language; same
numbers as Table 1). P2 and P3 are evaluated on a con-
trolled 14-language x 200-example MMMLU subset.
The bottom row averages the EN — Non-EN gap across
protocols. TP1 values come from the main paper’s full-
scale evaluation.
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Finding. As Table 23 shows, the EN — Non-
EN ordering documented in the main paper is pre-
served on every metric under all three scoring proto-
cols. The averaged gap across protocols is +13.78
points of accuracy and +16.13 points of AUROC
in favour of English, with ECE and Brier both re-
duced for English. Reading down the table, the
P1 row reproduces the main-paper gap (full scale);
P2 and P3 verify on a controlled subset that the
gap persists even when confidence is derived from
full-option likelihoods (P2) or from text-generation
outputs (P3) rather than letter-token probabilities.
The multilingual calibration gap therefore holds
across these three scoring protocols.
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