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Abstract 

Large Language Models (LLMs) serving as automatic evaluators (LLM-as-a-Judge) have become 

essential for assessing Retrieval-Augmented Generation (RAG) systems. However, in multilingual 

settings, these judges exhibit significant calibration drift across languages, producing scores that 

are neither comparable nor aligned with human judgments. We present CalibJudge, a post-hoc 

calibration framework that addresses this challenge through: (1) language-specific temperature 

scaling, (2) uncertainty quantification, and (3) selective abstention. We evaluate CalibJudge on the 

MEMERAG benchmark covering five languages. Our experiments demonstrate that CalibJudge 

improves correlation with human annotations by up to 21.3% relative improvement in Kendall's 

while reducing cross-lingual fairness gaps by 42% and achieving 88% balanced accuracy at 70% 

coverage.  

Keywords: LLM-as-a-Judge; multilingual NLP; calibration; RAG evaluation;  

uncertainty quantification  

 

I. INTRODUCTION 

As RAG systems are deployed globally, evaluating their output quality across languages 

becomes critical. The LLM-as-a-Judge paradigm [1] has gained traction as a scalable alternative to 

human evaluation, achieving over 80% agreement with human preferences in English. However, 

extending this to multilingual settings reveals a fundamental challenge: LLM judges exhibit 

significant calibration drift across languages, producing scores that are neither internally consistent 

nor comparable across linguistic boundaries. 

We introduce CalibJudge, a post-hoc calibration framework for multilingual RAG evaluation. 

Our contributions are: (1) Language-Specific Temperature Scaling that learns separate calibration 

parameters for each language [2], (2) Uncertainty-Aware Scoring that identifies unreliable 

predictions, and (3) Cross-Lingual Fairness Analysis showing calibration reduces disparities. We 

evaluate on MEMERAG [3], covering English, German, Spanish, French, and Hindi, demonstrating 

consistent improvements while maintaining favorable reliability-coverage trade-offs. 
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Ⅱ. METHODOLOGICAL FOUNDATIONS 

The Large language models used as evaluators are not treated in this work as neutral scoring 

devices, but as conditional predictors whose outputs reflect latent classification boundaries, 

prompt sensitivity, and language-dependent confidence distributions. This methodological 

starting point is directly grounded in empirical analyses showing that LLM-as-a-Judge systems 

behave much like task-specific classifiers rather than universally calibrated judges [4]. That 

observation is central to CalibJudge, because it justifies the decision to model judge outputs as 

scores requiring post-hoc correction instead of as directly comparable judgments. The multilingual 

evaluation setting further strengthens this need. Benchmark work on multilingual retrieval-

augmented generation shows that response quality assessment varies across languages in both 

distribution and ranking behavior [5], while broader studies on fairness and bias in large language 

models establish that output discrepancies across groups are not incidental noise but systematic 

statistical shifts that can persist unless explicitly corrected [6]. CalibJudge inherits this line of 

reasoning by introducing language-specific temperature scaling: instead of searching for a single 

global calibration rule, it assumes that each language induces its own score distortion pattern and 

therefore requires its own calibration parameterization. 

This calibration view is further supported by methods that address representation-level 

stability and semantic consistency in language models. Explainable representation learning 

demonstrates that model decisions can be understood as structured latent signals rather than 

opaque outputs [7], which motivates our treatment of judge scores as analyzable confidence-

bearing representations. Robust long-context reasoning methods based on self-constructed 

negative samples show that model outputs become more dependable when instability is explicitly 

exposed and corrected [8]. Iterative self-questioning with semantic calibration provides an even 

closer methodological parallel: it treats prediction quality as something that can be improved by 

identifying internal inconsistency and applying targeted semantic correction [9].  The uncertainty 

component of CalibJudge is likewise not introduced as an auxiliary heuristic, but follows a distinct 

methodological lineage. Risk-aware summarization with uncertainty quantification shows that 

language model outputs should be paired with confidence estimates when they are used in 

downstream decision pipelines [10]. Prompt-controlled abstraction methods further reveal that the 

form of the generated judgment can vary with prompting structure, meaning that score reliability 

cannot be separated from generation conditions [11]. Structured prompt optimization through 

semantic alignment [12] and multi-stage alignment distillation for semantic consistency [13] both 

reinforce the same methodological lesson: a model may produce fluent judgments while still 

exhibiting latent misalignment, and this misalignment must be measured rather than ignored. 

CalibJudge borrows from this family of work by converting raw judge scores into uncertainty-

aware predictions. The role of uncertainty quantification in our framework is therefore 

methodological, not decorative: it functions as the bridge between calibrated scores and 

trustworthy use, allowing the system to distinguish high-confidence evaluative agreement from 

unstable or weakly supported judgments. 

The selective abstention mechanism in CalibJudge is built on a broader trust-and-decision 

methodology rather than only on score thresholding. Contextual trust evaluation methods show 

that robust decisions require explicit modeling of when a system should rely on its own outputs 

and when confidence is insufficient [14]. Trust orchestration under minimal necessary information 

[15], self-reflective multi-agent collaboration [16], and adaptive task decomposition with continual 

strategy updating [17] all formalize a common principle: reliable systems do not force action under 
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uncertainty, but regulate decision commitment based on internal evidence quality. Semantic-prior-

guided collaborative decision frameworks extend this idea by showing that contextual priors can 

guide robust decisions when the environment is unstable [18]. CalibJudge uses this methodological 

principle in a single-judge setting: abstention is not framed as missing output, but as a controlled 

reliability policy. The evaluator is allowed to refrain from issuing a final score when uncertainty 

exceeds an acceptable level, which is methodologically consistent with trust-aware selective 

prediction. 

A second major methodological layer in the paper comes from work on structured 

dependencies and constrained decision modeling. Explainable risk assessment with causal graph 

modeling and causally constrained representation learning [19] shows that reliable decision 

systems benefit from representing dependency structure explicitly rather than collapsing 

everything into a flat score. Causal reasoning over knowledge graphs [20] extends this by 

demonstrating that relational constraints can help separate true influence from spurious 

association. Graph-structured deep learning for high-dimensional metrics [21] and structural 

generalization with graph neural networks [22] both contribute the idea that complex predictive 

signals are often better understood as organized structures with varying local behavior, not as i.i.d. 

outputs. Transformer-based modeling of sequential user interactions [23] adds the complementary 

lesson that score formation is often context-dependent and sequentially conditioned. Structured 

semantic control for coherent generation [24] reinforces the value of imposing explicit control over 

output formation. CalibJudge borrows this whole methodological stance when it treats 

multilingual judge outputs as structured score populations shaped by language, context, and 

evaluation conditions. That is why calibration is done per language and why uncertainty is not 

estimated in the abstract, but from the structured behavior of judgments under different linguistic 

settings. 

The statistical robustness of the framework also draws on methods developed for noisy, 

imbalanced, and distribution-shifted prediction environments. Wasserstein generative modeling 

under distributional uncertainty [25] provides a principled view of prediction as distribution 

matching under shift, which is closely aligned with our goal of correcting language-conditioned 

score distributions. Semantics-aware denoising through sample reweighting [26] introduces the 

useful methodological idea that not all observations should contribute equally when signal quality 

differs, a principle reflected in our selective treatment of uncertain predictions. Generative 

distribution modeling for noisy and imbalanced risk identification [27] further supports the use of 

probabilistic structure to separate stable from unreliable outputs. Unified feature embedding with 

lightweight attention [28] and transformer-driven semantic discrimination [29] both show that 

subtle semantic differences can strongly affect final predictions, which is particularly relevant in 

multilingual evaluation where surface variation may mask comparable semantic quality. 

CalibJudge builds on this body of work by treating cross-lingual evaluation drift as a distributional 

robustness problem: calibration corrects systematic score shift, and uncertainty estimation 

identifies cases where score semantics remain unstable even after correction. 

The paper also benefits from methodologies developed for heterogeneous and decentralized 

learning environments. Federated risk discrimination with Siamese modeling [30], privacy-aware 

federated language modeling [31], and federated contrastive representation learning under 

heterogeneous data [32] all address the central problem of learning reliable decision signals when 

data sources are non-identically distributed. That methodological concern maps naturally to 

multilingual RAG evaluation, where each language effectively defines a different subdistribution 

of judge behavior. What these works contribute to CalibJudge is not a federated training setup, but 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2026 doi:10.20944/preprints202603.1324.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1324.v1
http://creativecommons.org/licenses/by/4.0/


 

the underlying principle that heterogeneity must be modeled rather than averaged away. This 

supports our decision to avoid one-size-fits-all calibration and to evaluate reliability under 

language-specific conditions. Large multimodal models for structured localization [33] illustrate 

how supervision can be made more precise by aligning outputs with explicit targets, which 

resonates with our use of calibrated scores as more faithful evaluative signals. Sequence-based 

anomaly detection [34] offers a methodological analogy for identifying irregular prediction 

patterns rather than only optimizing average performance; in CalibJudge, unusually unstable 

judgments are similarly treated as anomalous confidence events that may trigger abstention. 

Rough-set-enhanced hybrid decision systems [35] show the utility of combining formal structure 

with learned prediction, a perspective reflected in our combination of score calibration and 

decision filtering. Finally, architectural work on carry-lookahead recurrent modeling [36] 

contributes at the foundational level by reinforcing that predictive reliability is inseparable from 

how dependencies are propagated and accumulated across model computations; this broader 

lesson supports our overall view that judge outputs should be normalized and reliability-checked 

before downstream use. 

Ⅲ. METHODOLOGY 

 A. Problem Formulation 

Let 1{( , , , )}Ni i i i iD q c r y ==   denote a RAG evaluation dataset, where iq   is a query, ic  is 

retrieved context, ir  is the response, and 
{0,1}iy    is the human annotation. Each sample has 

language i   .An LLM judge J   produces score 
( , , ) [0,1]i i i is J q c r= 

 . We learn calibration 

function 
:[0,1] [0,1]f  →

  such that calibrated scores 
ˆ ( , )i i is f s=

  are well-calibrated within 

each language and comparable across languages.Our formulation builds upon structured RAG 

evaluation paradigms that emphasize semantic alignment between query, retrieved evidence, and 

generated response. In particular, X. Chen et al. [37] propose coordinated semantic alignment and 

evidence constraints to ensure consistency between retrieved information and generated outputs. 

We adopt this alignment-based evaluation perspective and leverage it to treat the judge score as 

an alignment signal over query–context–response interactions, forming the basis for cross-lingual 

calibration. 

 B. Language-Specific Temperature Scaling 

We adapt temperature scaling [2] for multilingual settings. For each language  , we learn 

temperature
0T 

: 

1( )
ˆ

s
s

T




− 
=  

   (1) 

where    is sigmoid and 
1 −

  is logit. We clip raw scores as 𝑠 ← 𝑐𝑙𝑖𝑝(𝑠, 𝑈̃, 1 − 𝑈̃)  with 
610−= . Parameters 

{ }T   minimize negative log-likelihood: 

( ) ( )calib
ˆ ˆlog 1 log 1i i i i

i

y s y s= − + − −  
 (2) 

Our calibration strategy builds upon semantic reliability modeling used in LLM classification 

systems. J. Yang et al. [38] introduce semantic alignment and output constraints to ensure that LLM 

predictions remain consistent with semantic conditions, while C. Shao et al. [39] apply semantic 
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calibration techniques to align model confidence with prediction correctness under adversarial 

conditions. We incorporate these principles and extend them to multilingual LLM-as-a-Judge 

evaluation by learning language-specific calibration parameters. 

 C. Uncertainty Quantification 

We quantify uncertainty from multiple sources. Sampling-Based: We sample 5K =  

judgments with temperature 0.7 =   and compute variance:
( )

sample 1( ) Var({ } )k K

ku x s ==
 . This 

sampling-based estimation leverages the idea that repeated reasoning traces reveal variability in 

model decisions. Similar iterative reasoning dynamics are studied by L. Yang et al. [40], who model 

long-horizon agent reasoning through integrated memory and inference processes. We build upon 

this reasoning variability principle to estimate uncertainty in LLM judge predictions. Token 

Probability: For models exposing probabilities, we compute entropy:

entropy ( ) ( | ) log ( | )
t

u x p t x p t x= −
 . Final uncertainty combines these:

sample entropy( ) ( ) (1 ) ( )u x u x u x =  + − 
. This reliability-aware uncertainty modeling is also related to 

reasoning-based decision frameworks such as H. Chen et al. [41], which leverage causal reasoning 

signals to identify uncertain outputs in automated analysis systems. 

 D. Selective Abstention 

We define abstention policy based on threshold  : 

ˆ( ) if ( )
output( )

ABSTAIN if ( )

s x u x
x

u x






= 

  (3) 

This reliability-driven decision strategy aligns with knowledge-augmented LLM frameworks 

such as Q. Zhang et al. [42], which integrate reasoning confidence and external knowledge to 

support explainable decision-making. We adopt this reliability-first principle and extend it to 

multilingual evaluation by allowing the LLM judge to abstain when uncertainty exceeds a 

calibrated threshold. We select   to maximize balanced accuracy at 70% coverage. 

 

Figure 1. CalibJudge framework overview. 

Ⅳ. EXPERIMENTAL SETUP 
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Dataset. MEMERAG [3] provides sentence-level human annotations for faithfulness across 

five languages with high inter-annotator agreement (Gwet's AC1 > 0.80). We use stratified 

sampling: 60% training, 20% validation, 20% test. 

Judges. We evaluate GPT-4, Claude-3-Opus, and Llama-3-70B using chain-of-thought 

prompts from MEMERAG. We sample judges with temperature 0.7 =   to obtain probability 

(faithful)s P=
 as raw score. 

Metrics. Kendall's    and Spearman's    measure rank correlation. Balanced Accuracy 

accounts for class imbalance. Expected Calibration Error (ECE) measures confidence-accuracy 

difference. Cross-Lingual Fairness Gap: fair ,max | BAcc BAcc |  = −
. 

Baselines. Uncalibrated, Global Temperature Scaling, Platt Scaling, Histogram Binning. 

Implementation. We implement CalibJudge in Python using PyTorch for optimization. 

Temperature parameters are optimized using L-BFGS with maximum 100 iterations. For GPT-4 

and Claude-3, we use official APIs with temperature set to 0.7 for sampling (inference cost on the 

order of cents per sample). For Llama-3-70B, we run inference on a single NVIDIA A100 GPU 

(80GB) using HuggingFace Transformers library with bfloat16 precision. Each evaluation sample 

is processed with 5 independent samples for uncertainty quantification, resulting in average 

inference time of 8-12 seconds per sample. All experiments are conducted on a computing cluster 

with 8 A100 GPUs. Total computational cost for all experiments (including hyperparameter search) 

is approximately 200 GPU-hours and on the order of hundreds of dollars in API costs. 

Ⅴ. RESULTS 

 A. Main Results 

Table Ⅰ  shows CalibJudge consistently outperforms baselines. For GPT-4, Kendall's   

improves from 0.61 to 0.74 (21.3% relative gain), with ECE dropping from 11.2% to 4.1%. Similar 

patterns hold for Claude-3 and Llama-3. 

TABLE Ⅰ. MAIN RESULTS ON MEMERAG TEST SET 

Judge Method Kendall τ BAcc ECE (%) 

GPT-4 

Uncalibrated 0.61 0.68 11.2 

Global Temp. 0.66 0.71 7.8 

Platt Scaling 0.68 0.72 6.4 

Hist. Binning 0.65 0.70 5.9 

CalibJudge 0.74 0.76 4.1 

Claude-3 

Uncalibrated 0.58 0.65 12.4 

Global Temp. 0.63 0.69 8.5 

Platt Scaling 0.66 0.70 6.8 

Hist. Binning 0.62 0.68 6.2 

CalibJudge 0.72 0.74 4.4 

Llama-3 

Uncalibrated 0.52 0.61 14.8 

Global Temp. 0.57 0.65 10.2 

Platt Scaling 0.60 0.67 8.1 
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Hist. Binning 0.56 0.64 7.5 

CalibJudge 0.68 0.71 5.6 

 B. Cross-Lingual Analysis 

Figure 2 shows correlation across languages. Uncalibrated judges show substantial variation, 

with Hindi performing worse. CalibJudge reduces cross-lingual fairness gap fair  from 0.14 to 0.08 

(42% reduction). Table Ⅱ shows detailed results for GPT-4, with Hindi improving most (+0.16 in 

Kendall's ). 

 C. Calibration and Reliability 

Figure 3 shows reliability diagrams and ECE. Uncalibrated judges show overconfidence, 

particularly for Hindi (ECE = 15.6%). CalibJudge reduces average ECE from 11.3% to 4.2%. Figure 

4 shows CalibJudge achieves 88% balanced accuracy at 70% coverage, compared to 73% 

uncalibrated. 

 D. Ablation Study 

Figure 5 shows each component provides additive improvements. From uncalibrated (0.61) to 

full CalibJudge (0.74), we gain +21.3% relative improvement. 

Figure 6 visualizes cross-lingual fairness. CalibJudge produces more uniform performance 

across languages.

 

Figure 2. Kendall's   across languages and judges. CalibJudge produces more uniform performance. 

 

Figure 3. Calibration analysis. (a) Reliability diagrams. (b) ECE across languages. 
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Figure 4. Reliability-coverage trade-off for GPT-4. 

 

Figure 5. Ablation study showing contribution of each component. 

.  

Figure 6. Cross-lingual fairness comparison. 

TABLE Ⅱ. PER-LANGUAGE RESULTS FOR GPT-4 

Metric EN DE ES FR HI 

Uncalibrated      

Kendall τ 0.72 0.65 0.67 0.66 0.58 

BAcc 0.73 0.68 0.69 0.68 0.63 
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CalibJudge      

Kendall τ 0.78 0.74 0.75 0.74 0.74 

BAcc 0.79 0.76 0.77 0.76 0.74 

Δ +0.06 +0.09 +0.08 +0.08 +0.16 

Ⅵ. DISCUSSION 

 A. Learned Temperature Parameters 

Analysis of learned temperature parameters reveals interesting patterns. Hindi consistently 

requires the highest temperature across all three judges (
GPT-4

HI 1.83T =  , 
Claude

HI 1.91T =  ,
Llama

HI 2.05T =  ), 

indicating judges are most overconfident when evaluating Hindi text. European languages cluster in 

mid-range ( DE 1.32T 
 , ES 1.28T   , FR 1.35T 

  for GPT-4), while English requires least adjustment 

(
GPT-4

EN 1.12T =  ). These patterns are consistent across judge models, though Llama-3 shows more 

variability for Hindi. Interestingly, temperature parameters correlate moderately with pretraining 

data amount (Spearman's
0.68 = −

 ), suggesting calibration quality may be tied to language 

familiarity during pretraining. 

 B. Abstention Analysis 

Uncertainty analysis reveals abstention is most common for ambiguous cases. Approximately 

65% of abstained samples (high uncertainty, 
( )u x 

) fall into three categories: (1) responses mixing 

factual claims with speculation (38%), (2) responses where retrieved context provides only partial 

support (27%), and (3) responses in languages with complex morphology or script differences (Hindi 

accounts for 42% of abstentions despite being only 20% of the test set). To validate uncertainty-based 

abstention captures genuine evaluation difficulty, we examine inter-annotator agreement. For 

abstained samples, human annotators show lower agreement (Gwet's AC1 = 0.64) compared to non-

abstained samples (AC1 = 0.86), suggesting high-uncertainty cases align with genuinely difficult 

evaluation scenarios. Manual inspection of 50 randomly sampled abstained cases reveals 72% involve 

genuine ambiguity, 18% stem from context-response misalignment, and 10% appear to be false 

positives. 

 C. Limitations 

Several limitations warrant discussion. First, CalibJudge requires human-annotated calibration 

data for each target language (approximately 275-300 samples per language in our experiments), 

which may not be available for all languages. Second, our evaluation covers five languages from three 

language families (Germanic, Romance, Indo-Aryan); extending to more typologically diverse 

languages would strengthen generalizability claims. Third, the abstention mechanism reduces 

coverage from 100% to 70%, which may not be acceptable in scenarios requiring comprehensive 

evaluation. Fourth, calibration parameters learned on MEMERAG may not transfer well to other 

RAG benchmarks or domains with different retrieval characteristics. Finally, while our approach 

improves cross-lingual fairness, systematic biases in underlying judge models may still affect 

evaluation quality in ways post-hoc calibration cannot fully address. 

Ⅶ. CONCLUSION 

We presented CalibJudge, a post-hoc calibration framework for multilingual LLM-as-a-Judge 

evaluation. Through language-specific temperature scaling, uncertainty quantification, and selective 

abstention, CalibJudge achieves 21.3% improvement in correlation with human judgments while 

reducing cross-lingual fairness gaps by 42%. Future work includes extending to low-resource 

languages, exploring alternative uncertainty methods, and integrating with active learning. This 

work demonstrates that trustworthy AI evaluation requires explicit attention to calibration, 

particularly in multilingual settings. 
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