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Abstract

Evaluating Question Answering (QA) systems
in low-resource Indic languages remains chal-
lenging due to the scarcity of annotated data,
high linguistic diversity, and the absence of
reliable evaluation metrics. Many Indian lan-
guages are severely underrepresented, making
it difficult to accurately assess the performance
of Large Language Models (LLMs) on QA
tasks. Commonly used metrics like BLEU,
ROUGE-L, and BERTScore, while successful
in machine translation and resource-rich sce-
narios, tend to perform poorly in low-resource
QA settings. These metrics often exhibit is-
sues such as compressed scoring ranges, exces-
sive zero scores, and weak alignment with hu-
man judgments. To overcome these limitations,
this work introduces the LRM2QAS (Language
Robust Multi-aspect Metrics for Question An-
swering Systems). This composite evaluation
framework integrates semantic similarity, fac-
tual completeness, numerical accuracy, and con-
textual relevance. The proposed metric is eval-
uated across eight Indic-language QA tasks us-
ing multiple LLMs, as well as on open-domain
benchmarks NaturalQuestions (NQ) and Triv-
iaQA (TQ). Across all settings, LRM2QAS
demonstrates stronger agreement with human
evaluation, as measured by Pearson, Spearman,
and Kendall correlation coefficients. Experi-
mental findings highlight that LRM2QAS pro-
vides more precise distinctions between model
outputs and aligns more closely with human
judgment, offering a reliable framework for
evaluating multilingual QA in low-resource In-
dic languages.

1 Introduction

The development of Natural Language Processing
(NLP) systems continues to face a fundamental chal-
lenge: many languages remain underrepresented
due to the limited availability of annotated cor-
pora and reliable evaluation benchmarks. This is-
sue is particularly evident in linguistically rich re-

gions such as India, where numerous languages
with millions of speakers are still inadequately sup-
ported. Large Language Models (LLMs) offer a
promising approach to bridging this gap by en-
abling knowledge transfer from high-resource to
low-resource languages through cross-lingual pre-
training and generation. Models such as GPT-4
(OpenAI et al., 2024) have demonstrated strong
performance on tasks such as summarisation (Pu
et al., 2023; Goyal et al., 2023) and question an-
swering (Zhao et al., 2023). However, their train-
ing and evaluation pipelines remain predominantly
English-centric, which limits their ability to gener-
alise across diverse linguistic contexts (Lai et al.,
2023; Zhang et al., 2023; Ahuja et al., 2023) and
highlights performance disparities between propri-
etary and open-source models (Ahuja et al., 2024).

Existing benchmarks are largely focused on un-
derstanding tasks and provide limited support for
assessing generative outputs (Lai et al., 2023; Asai
et al., 2023), and they also rely heavily on costly hu-
man annotations. LLM-based evaluation (Liu et al.,
2023) offers a more scalable alternative; however,
it introduces systematic biases, such as a preference
for longer responses and outputs that resemble the
model’s own generations (Zheng et al., 2023; Shen
et al., 2023). Consequently, even though multilin-
gual pretraining has expanded generation capabili-
ties across languages (Jiang et al., 2024), evaluation
frameworks have not kept pace.

BLEU (Papineni et al., 2002) and ROUGE (Lin,
2004), which remain widely used in Indic QA eval-
uation, are primarily based on surface-level overlap,
limiting their ability to capture true answer quality.
BLEU focuses on n-gram similarity, often penalis-
ing valid paraphrases while failing to account for
factual consistency, whereas ROUGE emphasises
recall and may reward outputs that include irrele-
vant or even hallucinated information. More recent
embedding-based approaches, such as BERTScore
(Zhang et al., 2020), attempt to address these short-
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comings by incorporating contextual representa-
tions; however, they can still assign high scores to
responses that appear semantically similar but are
factually incorrect or insufficiently grounded. Like-
wise, chrF++ (Popović, 2017), which captures mor-
phological variation through character-level com-
parisons, remains insensitive to deeper semantic
meaning and contextual faithfulness. Despite these
well-known limitations, evaluation in Indic QA set-
tings continues to rely heavily on such automatic
metrics, even as several datasets (Clark et al., 2020;
Asai et al., 2021; Singh et al., 2025) have expanded
coverage for low-resource languages. As a result,
fluent yet factually inaccurate responses can still
achieve high scores under commonly used evalua-
tion frameworks, highlighting a critical gap in reli-
able assessment.

To address the lack of reliable evaluation meth-
ods for generative question answering in very low-
resource Indic languages, this work builds on the
(Rohera et al., 2024; Kumar et al., 2025) and in-
troduces a newly curated human-annotated evalua-
tion set covering Assamese, Dogri, Hindi, Konkani,
Maithili, Manipuri, Sanskrit, and Sindhi. The pro-
posed LRM²QAS (Language-Robust Multi-aspect
Metrics for Question Answering Systems) defines a
unified evaluation framework that integrates pivot-
based semantic similarity, nugget-level factual cov-
erage, numeric fidelity, and evidence faithfulness,
enabling assessment beyond surface-level lexical
overlap. Experiments conducted across ten large
language models demonstrate consistent discrimi-
nation of generative QA quality across languages
and domains. To examine generalisability beyond
Indic benchmarks, the framework is evaluated on
standard open-domain QA datasets (Wang et al.,
2023), including Natural Questions (NQ) and Trivi-
aQA (TQ), under the same human evaluation proto-
col. The evaluation is grounded in human judgment,
comprising 800 manually verified scores across five
qualitative dimensions, with correlation analysis in-
dicating stronger alignment with human judgments
compared to existing metrics.

The contributions of this work are summarised
as follows:

• Development of a human-aligned evaluation
framework, LRM²QAS, for assessing gener-
ative QA systems across multiple qualitative
dimensions.

• Construction of a human-annotated evaluation
dataset for multiple very low-resource Indic

languages, enabling reliable assessment in un-
derrepresented settings.

• Extension of evaluation to existing human-
annotated open-domain QA datasets, demon-
strating the generalisability and robustness of
the proposed framework.

2 Evaluation Protocol

2.1 Problem Definition
This work evaluates QA outputs across eight low-
resource Indic languages. Each evaluation instance
is represented as a pair (Q,R), where Q denotes
the question posed in one of the target languages
and R is its gold reference answer. Given a system
prediction Â produced by a LLM, the objective is
to define an evaluation function E : (R, Â) 7→ s ∈
[0, 1], that assigns a score s reflecting the quality
of Â relative to R.

2.2 Evaluation Metric
Automatic evaluation metrics such as BLEU
(Papineni et al., 2002), ROUGE (Lin, 2004),
BERTScore (Zhang et al., 2020), and chrF++
(Popović, 2017) approximate answer quality primar-
ily through lexical overlap or embedding similar-
ity. Such approaches remain insufficient for factual
question answering in very low-resource settings,
where fluent yet factually incorrect responses may
receive inflated scores. Independent reporting of
multiple metrics further introduces ambiguity, as
different dimensions may be implicitly prioritised
without a principled aggregation strategy, reducing
comparability across systems.

To address these limitations, LRM2QAS1 is de-
fined as a structured multi-aspect evaluation frame-
work that integrates semantic similarity, question-
aware nugget coverage, numeric fidelity, and ev-
idence faithfulness into a unified objective. The
final score is computed using a multiplicative for-
mulation:

LRM2QAS =
∏

k∈{BERT,
KC,NUM,EF}

EN-k(Ren, Âen, Cen)
λk ,

(1)
where λk denotes the weighting coefficient for

each component. These parameters are not fixed
and are adapted based on the evaluation setting.
When human-annotated validation data is available,

1https://github.com/anuj0405/LRM2QAS.git
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λk can be estimated by maximising alignment with
human judgments. In the absence of such annota-
tions, the coefficients are determined based on task
characteristics and empirical observations.

In particular, answer length and content struc-
ture influence the relative importance of evaluation
components. For open-domain QA datasets such
as Natural Questions (NQ) and TriviaQA (TQ), an-
swers are typically short, consisting of single tokens.
In such cases, semantic similarity signals are less in-
formative, and configurations such as λBERT = 0.6,
λKC = 0.9, and λNUM = λEF = 1 prioritise factual
coverage and correctness.

In contrast, Indic QA datasets contain longer,
more descriptive answers with an average length
of approximately 26 tokens. These responses re-
quire evaluation across multiple dimensions, in-
cluding semantic alignment, factual completeness,
and contextual grounding. Accordingly, config-
urations such as λBERT = 0.9, λKC = 0.8, and
λNUM = λEF = 1 maintain a more balanced contri-
bution across components. This design ensures that
the evaluation remains robust across datasets with
varying answer lengths and structural properties.

The multiplicative structure regulates interac-
tions between evaluation components by limiting
compensatory effects. Low scores in any dimen-
sion directly influence the final result, preventing
weaker aspects from being masked by stronger ones.
Unlike linear aggregation, which averages conflict-
ing signals, this formulation enforces balanced per-
formance across semantic, factual, numeric, and
grounding dimensions, resulting in a more stable
and human-aligned evaluation.

Notation. Each QA instance is represented as
(Q,R), where Q denotes the Indic-language ques-
tion, R the reference answer, and Â the system-
generated answer. English translations of Q and R
are provided, and Â is translated using IndicTrans2
(Gala et al., 2023) to enable evaluation within a
shared representation space. The translated forms
are denoted as Qen, Ren, and Âen. The grounding
context is represented as Cen = {c1, . . . , cm}.

Semantic similarity (EN-BERT).

EN-BERT(Ren, Âen) =
1

|Ren|

|Ren|∑

i=1

max
j

|cos(ri, âj)| .

(2)
Token-level embeddings ri and âj are extracted

using RoBERTa-large (Zhang et al., 2020). This

component captures semantic alignment between
reference and generated answers.

Question-aware nugget coverage (EN-KC).

EN-KC(Ren, Qen) =
exp

(
cos(ki,q)

η

)

∑n
j=1 exp

(
cos(kj ,q)

η

) , (3)

where ki and q denote embeddings of clause ci
(segmented from Ren) and the question Qen, re-
spectively. Nuggets correspond to factual clauses
segmented from Ren. Attention weights prioritise
question-relevant content, ensuring that evaluation
reflects factual coverage aligned with the query.

Numeric fidelity (EN-NUM).

EN-NUM(Ren, Âen) =
|NR ∩NÂ|
|NR ∪NÂ|

, (4)

where NR and NÂ denote the sets of numeric
values extracted from the reference and generated
answers using regular expressions. This component
enforces consistency of quantitative information.

Evidence faithfulness (EN-EF).

EN-EF(Cen, Âen) = max
c∈Cen

cos(â, c), (5)

where â denotes the sentence-level embedding of
the generated answer and c denotes the embedding
of a context sentence in Cen. The construction of
Cen depends on dataset availability. For Indic QA
settings, Cen is derived from translated question
context. For datasets such as Natural Questions and
TriviaQA, where explicit evidence passages are not
available in the evaluation files, Cen is constructed
from sentence-level segments of the reference an-
swer. In this setting, EN-EF measures semantic
alignment with reference content rather than exter-
nal evidence attribution. Furthermore, the algo-
rithm for LRM2QAS is provided in the Appendix
E.

3 Experiment Setup

This section presents the datasets used in this study,
followed by the experimental setup, including data
preparation and evaluation procedures.

Human Evaluation Protocol Human evaluation
is conducted to assess alignment between auto-
matic metrics and human judgment using 800 ques-
tion–answer pairs, comprising 20 samples per lan-
guage across eight Indic languages and five large

705



language models (GPT-4.1, Aya-23-8B, OpenHathi-
7B-Hi-Base, Llama-3.1-8B-Instruct, and Gemma-
2-9B-it). Two independent annotators evaluate re-
sponses using a structured 1–5 scale across five
dimensions: Factual Accuracy, Relevance, Clarity,
Language Consistency, and Conciseness. All anno-
tations are manually verified to ensure fairness and
cross-lingual consistency. Annotators are proficient
in Maithili, Dogri, Sanskrit, Hindi, and Konkani,
while outputs in Assamese, Manipuri, and Sindhi
are translated into English and compared against
reference answers. Each model output is evaluated
using this unified protocol, yielding a matrix of hu-
man scores across all evaluation dimensions. The
more detailed annotation guidelines and demogra-
phy of annotators are provided in Appendix A.

An overall human score is computed as a
weighted aggregation of the five dimensions, assign-
ing higher importance to Factual Accuracy and Rel-
evance. The annotation process is conducted by two
annotators under the supervision of a domain expert
over a four-month period, with disagreements oc-
curring in fewer than 10% of samples and resolved
through discussion and consensus. The finalised
scores serve as ground truth for correlation analysis
with automatic metrics using Pearson’s r, Spear-
man’s ρ, and Kendall’s τ , as reported in Tables 1.

For open-domain datasets (NQ and TQ), eval-
uation is conducted using the provided question,
reference answer, model predictions, and corre-
sponding human correctness labels. Each model-
generated response is treated as an independent
evaluation instance, paired with its associated bi-
nary correctness label as the supervision signal. At
the same time, reference answers are used to com-
pute automatic metric scores. As these datasets do
not include multi-dimensional annotations or ex-
plicit evidence passages, evaluation is restricted to
correctness-based supervision and reference-based
comparison. This design enables consistent evalua-
tion across datasets with differing annotation granu-
larity while maintaining comparability of metric be-

Metric Pearson Spearman Kendall
DEEPSEEK-llm-7b-chat 0.282 0.247 0.176
BLEU 0.301 0.322 0.227
ROUGE_L 0.370 0.372 0.261
BERTScore 0.407 0.401 0.290
chrF++ 0.420 0.40 0.30
LRM2QAS 0.494 0.511 0.395

Table 1: Correlation between automatic evaluation met-
rics and human judgments across QA outputs.

haviour. Correlation results with human judgments
are reported in Table 2, and the overall evaluation
pipeline is illustrated in Figure 1 (Appendix B). Ad-
ditional implementation details and hyperparameter
configurations are provided in Appendix C.

Datasets. The evaluation is conducted on both
multilingual Indic QA and open-domain QA bench-
marks. The Indic dataset (Rohera et al., 2024) con-
sists of 800 human-annotated QA instances span-
ning eight low-resource languages: Assamese, Do-
gri, Hindi, Konkani, Maithili, Manipuri, Sanskrit,
and Sindhi. This dataset is designed to capture
evaluation challenges in low-resource multilingual
settings, with detailed human judgments across mul-
tiple qualitative dimensions.

To assess generalisability, open-domain QA
datasets, Natural Questions (NQ) and TriviaQA
(TQ), are also used (Wang et al., 2023). These
datasets differ in structure and annotation scheme,
providing binary human correctness labels and typ-
ically shorter answers. Their inclusion enables eval-
uation under diverse conditions, including variation
in answer length, domain, and annotation granu-
larity. Additional dataset details are provided in
Appendix B.

4 Results

As shown in Table 1, LRM2QAS achieves the high-
est correlation with human judgments among all
evaluated metrics, with approx Pearson 0.49, Spear-
man 0.51, and Kendall 0.40, exceeding lexical met-
rics such as BLEU and ROUGE-L, embedding-
based metrics including BERTScore and chrF++,
and the LLM-based evaluator DEEPSEEK-llm-
7b-chat. Consistent trends are observed in open-
domain QA settings Table 2. For NaturalQues-
tions (NQ) and TriviaQA (TQ), human judg-

Dataset Metric Pearson Spearman Kendall

NQ

BLEU 0.166 0.416 0.356
ROUGE_L 0.293 0.463 0.355
BERTScore 0.314 0.393 0.321
chrF++ 0.392 0.468 0.394
LRM2QAS 0.443 0.493 0.402

TQ

BLEU 0.085 0.230 0.197
ROUGE_L 0.181 0.342 0.303
BERTScore 0.137 0.158 0.129
chrF++ 0.182 0.238 0.195
LRM2QAS 0.384 0.415 0.339

Table 2: Correlation between automatic evaluation met-
rics and human judgments on open-domain QA bench-
marks: NaturalQuestions (NQ) and TriviaQA (TQ).
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Assamese Dogri Hindi Konkani Maithili Manipuri Sanskrit Sindhi
OpenHathi-7B-Hi-Base 0.051 0.199 0.248 0.153 0.209 0.041 0.159 0.051
Aya-23-8B 0.17 0.224 0.238 0.222 0.239 0.044 0.22 0.149
Mistral-7B 0.218 0.224 0.252 0.209 0.244 0.085 0.166 0.181
Airavata-7B 0.253 0.258 0.268 0.229 0.27 0.037 0.242 0.2
Qwen2.5-7B-Instruct 0.28 0.294 0.305 0.289 0.305 0.136 0.278 0.269
Gemma-2-9B-it 0.29 0.284 0.331 0.278 0.309 0.169 0.266 0.254
Llama-3.1-8B-Instruct 0.282 0.327 0.348 0.314 0.336 0.215 0.297 0.279
GPT-4.1 0.411 0.394 0.434 0.39 0.422 0.267 0.361 0.38

Table 3: LRM2QAS scores across eight Indic languages for different LLMs. Scores are averaged over all samples for
each language using English-based prompts. GPT-4.1 consistently outperforms other models across all languages.

ments are provided in a binary correctness set-
ting, and LRM2QAS exhibits a higher correla-
tion with human evaluation than both lexical met-
rics and BERTScore, which relies on embedding-
based semantic similarity, a component similar to
LRM2QAS. On NQ, LRM2QAS achieves Pearson
0.44, Spearman 0.49, and Kendall 0.40, while on
TQ it attains Pearson 0.38, Spearman 0.41, and
Kendall 0.34. These results indicate that integrat-
ing semantic similarity with nugget-level factual
coverage, numeric fidelity, and evidence faithful-
ness yields more reliable alignment with human
judgment across both low-resource Indic and open-
domain QA benchmarks.

Building on this validation, Table 3 applies
LRM2QAS to compare LLM performance across
eight Indic languages. The results show clear varia-
tion across models and languages, with open-source
model averages ranging from approximately 0.14
(OpenHathi-7B-Hi-Base) to 0.30 (LLaMA-3.1-8B-
Instruct), reflecting the impact of instruction tuning
and architecture. Recent instruction-tuned mod-
els such as LLaMA-3.1-8B-Instruct and Gemma-
2-9B-it consistently outperform earlier baselines,
while extremely low-resource languages such as
Manipuri remain challenging (scores as low as
0.04). GPT-4.1 achieves the highest scores across
all languages (up to 0.43 on Hindi), highlighting
the gap between proprietary and open-source sys-
tems. LRM2QAS captures these fine-grained cross-
lingual differences more clearly than conventional
metrics. Further model configurations of LLMs,
prompts and visualisation plots are detailed in Ap-
pendix D and F.

Diagnostic analyses are conducted to characterise
the behaviour of LRM2QAS beyond aggregate cor-
relation measures. The ablation study quantifies
metric–human divergence using absolute error anal-
ysis, examines stability as a function of answer

length (token count), and evaluates cross-lingual
robustness under translation-based English pivot-
ing. The results reveal stronger alignment between
LRM2QAS and human judgments for short, fact-
oriented responses, with a systematic increase in ab-
solute error observed for longer or more stylistically
complex outputs. Component-level analysis reveals
that question-aware nugget coverage and evidence
faithfulness significantly contribute to metric–hu-
man agreement, whereas divergence in longer an-
swers arises when discourse-level completeness and
elaboration, as reflected in human ratings, extend
beyond the factual and grounding signals empha-
sised by LRM2QAS. Cross-lingual analyses demon-
strate stable relative system rankings across lan-
guages despite variation in absolute scores, indicat-
ing that translation-induced paraphrastic variation
primarily affects score magnitude rather than rel-
ative ordering. Additional diagnostic details are
provided in Appendix G.

5 Conclusion

The proposed LRM2QAS metric introduces a
language-robust, multi-aspect evaluation frame-
work that jointly captures semantic similarity,
nugget-level factual coverage, numeric fidelity, and
evidence faithfulness to assess QA quality. Exper-
iments across eight low-resource Indic languages
and open-domain QA benchmarks demonstrate con-
sistently stronger alignment with human judgments
compared to existing metrics. Findings show that
LRM2QAS is reliable for evaluation in both multi-
lingual and open-domain settings, providing a prin-
cipled foundation for benchmarking generative QA
systems. Furthermore, future work will explore sys-
tematic strategies for learning λ configurations tai-
lored to specific languages and domains, enabling
more effective and reusable deployment across di-
verse evaluation settings.
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Limitations

The proposed evaluation framework has several lim-
itations that constrain its scope. LRM2QAS relies
on translating system-generated answers into En-
glish using IndicTrans2 to obtain a shared repre-
sentation space, which may introduce paraphrastic
variation or minor semantic drift, particularly for
ultra-low-resource languages with weaker machine
translation support. Although cross-lingual anal-
yses indicate stable relative system rankings, abso-
lute score values may still be affected by transla-
tion quality. Furthermore, the evaluation is limited
to eight very low-resource Indic languages due to
dataset availability and annotator coverage.

In addition, LRM2QAS is primarily designed for
short, factual question answering. Diagnostic anal-
yses indicate reduced alignment with human judg-
ments for longer or stylistically complex answers,
where discourse-level completeness and elabora-
tion contribute more strongly to human evaluation
than nugget-based scoring. The selection of the λ
parameters also introduces a limitation, as these
values are currently chosen based on intuitive rea-
soning and validated through empirical tuning (e.g.,
grid search) on the available datasets. While such
configurations perform well for the considered In-
dic QA and open-domain benchmarks, they may not
generalise consistently across different languages,
domains, or tasks. Consequently, the current for-
mulation may not directly extend to tasks such as
summarisation, which involve longer outputs, dis-
course structure, and content selection beyond dis-
crete factual units, and would require task-specific
adaptations.
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A Human Evaluation

Ethical Considerations This study focuses
on advancing multilingual question-answering
(QA) evaluation for low-resource Indic languages
through the development and validation of the
Language-Robust Metric for Generative QA Sys-
tems (LRM2QAS). All experiments and human
evaluations were carried out exclusively for aca-
demic research purposes. The dataset used in this
work consists of publicly available factual QA con-
tent and does not contain any personally identifi-
able or culturally sensitive information. The human
evaluation process was designed to ensure fairness,
transparency, and linguistic neutrality across all
languages. Annotators were instructed to main-
tain objectivity, avoid regional or cultural bias, and
verify factual correctness before assigning final rat-
ings. All data and annotations produced through
this process are intended solely for research and
model evaluation purposes and should not be reused
in downstream applications without proper ethical
oversight.

Annotator Demographics and Treatment Two
annotators participated in the human evaluation
phase. They possess prior experience in multilin-
gual NLP and human evaluation methodologies.
The annotators are proficient in Maithili, Dogri,
Sanskrit, Hindi, and Konkani, while outputs in As-
samese, Manipuri, and Sindhi were translated into
English for assessment. Both annotator participa-
tion was voluntary, they underwent a brief orienta-
tion to ensure a consistent understanding of rating
criteria, including factual accuracy, relevance, and
clarity. The task involved no sensitive or distress-
ing material, and care was taken to maintain the
annotator’s well-being throughout the process. The
further evaluation pipeline is illustrated in Figure
1.

B Dataset

This study uses two complementary datasets to eval-
uate generative QA systems: (i) a newly curated
human-annotated multilingual Indic QA dataset de-
signed for very low-resource settings, and (ii) stan-
dard open-domain QA benchmarks (NaturalQues-
tions and TriviaQA) used to assess cross-domain
generalisation. Together, these datasets enable anal-

ysis of metric behaviour across languages, resource
conditions, and evaluation regimes.

Indic Multilingual QA Dataset. The primary
dataset (Rohera et al., 2024) consists of 800
human-annotated QA instances spanning eight low-
resource Indic languages: Assamese, Dogri, Hindi,
Konkani, Maithili, Manipuri, Sanskrit, and Sindhi.
Each language contributes 200 QA pairs, with sys-
tem outputs generated by multiple large language
models. The dataset is specifically used to study
evaluation challenges in low-resource multilingual
factual QA, where reliably assessing model outputs
remains difficult.

Human Annotation and Scoring. Human eval-
uation is conducted to assess alignment between
automatic metrics and human judgment using 800
question–answer pairs, comprising 20 samples per
language across eight Indic languages and five large
language models (GPT-4.1, Aya-23-8B, OpenHathi-
7B-Hi-Base, Llama-3.1-8B-Instruct, and Gemma-
2-9B-it). Two independent annotators evaluate re-
sponses using a structured 1–5 scale across five
dimensions: Factual Accuracy, Relevance, Clarity,
Language Consistency, and Conciseness. All anno-
tations are manually verified to ensure fairness and
cross-lingual consistency. Annotators are proficient
in Maithili, Dogri, Sanskrit, Hindi, and Konkani,
while outputs in Assamese, Manipuri, and Sindhi
are translated into English and compared against
reference answers. Each model output is evaluated
using this unified protocol, yielding a matrix of
human scores across all evaluation dimensions. A
diagram to so show the human evaluation pipeline
is provided in Figure 1.

An overall human score is computed as a
weighted aggregation, prioritising factual correct-
ness (30%) and relevance (25%), followed by clar-
ity (20%), language consistency (15%), and con-
ciseness (10%). Each record includes model out-
puts, verified human ratings, and corresponding
automatic metric scores, enabling systematic meta-
evaluation and correlation analysis.

Example-Based Human Evaluation. Table 5
presents representative GPT-4.1 examples from
Maithili, Hindi, and Assamese, evaluated across
five human rating dimensions: Factual Accuracy
(FA), Relevance (RE), Clarity (CL), Language Con-
sistency (LA), and Conciseness (CO). Each model
response was rated on a 1–5 scale, and the over-
all Human Score (HS) was computed through a
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Question Answer 
Pairs in all 8 

language

Annotator 1

Annotator 2

Translated output of 
LLMs

Human 
feedback

ChatGPT
(GPT-5)

LLMs Generate 
Answer

Human Evaluation
Score

 (Maithili,   Dogri, 
Hindi,and  Konkani)

 (Maithili,   Dogri, 
Hindi,and  Konkani)

(Assamese,   Manipuri, 
   Sanskrit,   and Sindhi)

(Assamese,   Manipuri, 
   Sanskrit,   and Sindhi)

Figure 1: Human evaluation pipeline integrating anno-
tator review and ChatGPT-5–assisted scoring for multi-
lingual QA across eight Indic languages.

weighted aggregation that prioritises factual cor-
rectness and task relevance. The normalised formu-
lation is given as:

HS = 100×
∑

iwi(si − 1)

40
, wi = [3, 2.5, 2, 1.5, 1],

where si denotes the individual score for each cri-
terion, and wi represents its corresponding weight
in the aggregation.

This formulation maps the 1–5 scale to a 0–100
range, where higher HS values indicate stronger
factual precision and linguistic consistency. As ob-
served in Table 5, the Maithili question on Elasticity
attains a high HS (83.75) due to factual and linguis-
tic alignment, while the Maithili example on elec-
tion symbols records a low HS (17.5) for factual hal-
lucination. The Hindi question on “Detroit of India”
yields a similar low HS (12.5) due to incorrect fac-
tual content, whereas the Assamese example about
Hamlet’s father’s death achieves a near-perfect HS
(98), reflecting complete factual and semantic cor-
rectness. These examples demonstrate that human
evaluation captures deeper dimensions of factual
reliability and clarity than surface-level automatic
metrics, providing a grounded benchmark for as-
sessing the quality of multilingual QA.

Language Samples Avg Q tokens Avg A tokens
Assamese 200 8.55 23.08
Dogri 200 11.22 30.5
Hindi 200 11.01 29.8
Konkani 200 8.3 22.16
Maithili 200 11.08 30.48
Manipuri 200 8.62 23.36
Sanskrit 200 7.56 19.32
Sindhi 200 11.02 30.48

Table 4: Dataset statistics per language: number of sam-
ples and average token lengths of questions/answers.

Dataset Size and Length Characteristics. Ta-
ble 4 summarises per-language statistics of the In-

dic QA dataset. Each language contains 200 QA
pairs. The average question length ranges from 7.56
tokens (Sanskrit) to 11.22 tokens (Dogri), while av-
erage answer length ranges from 19.32 tokens (San-
skrit) to 30.50 tokens (Dogri and Sindhi). Across
all languages, answers are consistently longer than
questions, typically by a factor of 2.5×–3×, reflect-
ing the nature of factual QA where concise ques-
tions often require multi-clause responses.

Figure 2: Token-length distributions aggregated across
all languages. Questions are short and tightly clustered,
while answers are longer and exhibit a right-skewed
distribution with a long tail.

Figure 2 further illustrates these trends by show-
ing the aggregated token-length distributions. Ques-
tion lengths are concentrated within a narrow range
(approximately 5–15 tokens), indicating low vari-
ance in prompt size. In contrast, answer lengths dis-
play a broader distribution with a pronounced right
skew, occasionally exceeding 200 tokens. This clear
separation between question and answer lengths re-
duces confounding effects during evaluation. It
highlights the need for evaluation mechanisms that
capture partial factual coverage and clause-level
correctness in longer responses.

Open-domain QA datasets. To examine gener-
alisability beyond Indic benchmarks, NaturalQues-
tions (NQ) and TriviaQA (TQ) are also used (Wang
et al., 2023). These datasets provide open-domain
QA instances with binary human correctness an-
notations and differ substantially from the Indic
dataset in terms of language, domain, and answer
style. Their inclusion allows analysis of metric ro-
bustness under simpler human judgment schemes
and more diverse factual content.

C Experimental Setup and Metrics

Experiments are conducted on eight low-resource
Indic languages: Assamese, Dogri, Hindi, Konkani,
Maithili, Manipuri, Sanskrit, and Sindhi, using
200 question–answer pairs per language. For each
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(Q,R) pair, model-generated answers Â are eval-
uated using both automatic metrics and human-
annotated scores. Evaluation is performed in an
inference-only setting, and results are reported per
language and per system, followed by correlation
analysis with human judgments using Pearson’s r,
Spearman’s ρ, and Kendall’s τ .

Generation Protocol. Model outputs are gener-
ated using a structured chat-based prompting strat-
egy. Each input is formatted using a system–user
template, where the system instruction enforces gen-
eration strictly in the target language using its native
script, and the user prompt provides the question
along with a directive for concise answering. This
design ensures consistent multilingual generation
and reduces unintended language mixing. All mod-
els are used without any parameter updates or fine-
tuning.

Inference Settings. All model outputs used in
the evaluation are generated under a consistent in-
ference configuration. Generation is performed
using the HuggingFace transformers pipeline in
float16 precision across 2 NVIDIA V100 GPUs,
with each model executed on a dedicated device.
Decoding follows a deterministic greedy search
(do_sample=false) with a maximum of 64 new
tokens, ensuring stable, comparable outputs across
systems. Tokenisers use left padding for decoder-
only models to maintain consistent behaviour dur-
ing generation. Inference is performed sequentially
without gradient computation.

Metric Configuration. Standard automatic met-
rics are computed using widely adopted configu-
rations. BLEU is computed using SacreBLEU at
the corpus level. ROUGE-L is reported as the F1

score for the longest common subsequence. chrF++
is computed with β = 2 to better capture morpho-
logical variation. BERTScore is computed using
the roberta-large encoder with the F1 aggregation
variant, without baseline rescaling. All evaluations
are performed in a unified English-projected space
to ensure comparability across languages.

LRM2QAS Configuration. The proposed
LRM2QAS metric combines semantic similarity,
question-aware nugget coverage, numeric fidelity,
and evidence faithfulness through a multiplicative
formulation. The weighting parameters λk are
selected based on dataset characteristics rather
than fixed globally. For the Indic QA dataset,
where answers are longer and more descriptive, a

balanced configuration (λBERT = 0.9, λKC = 0.8)
is used. For open-domain datasets such as NQ
and TQ, where answers are shorter and often
factoid in nature, the configuration (λBERT = 0.6,
λKC = 0.9) prioritises factual coverage.

Nugget extraction is performed using clause-
level segmentation of the reference answer, fol-
lowed by question-aware attention weighting based
on cosine similarity in a normalised embedding
space. Numeric fidelity is computed using the
overlap between extracted numeric expressions.
Evidence of faithfulness is approximated through
sentence-level semantic similarity between the gen-
erated answer and reference-aligned context. All
embedding-based components use the all-MiniLM-
L6-v2 sentence encoder with normalised embed-
dings. The λ parameters are selected through empir-
ical validation, including grid search over candidate
values, to ensure stable alignment with human judg-
ments.

LLM-based Evaluation. In addition to hu-
man evaluation, model-generated responses are
assessed using LLM-based raters to examine
consistency with human judgments. Specifi-
cally, deepseek-ai/DeepSeek-LLM-7B-Chat and
deepseek-ai/DeepSeek-V2-Lite-Chat are used
as structured evaluators, where each (Q,R, Â) in-
stance is scored across five qualitative dimensions:
Factual Accuracy, Relevance, Clarity, Language
Consistency, and Conciseness. Evaluation is per-
formed using a constrained prompt that enforces
JSON-formatted outputs, and decoding is carried
out deterministically (do_sample=false) to ensure
consistency. The resulting scores, originally on a
1–5 scale, are normalised to the [0, 100] range for
direct comparison with human annotations. These
LLM-based scores are used for auxiliary analysis
and correlation comparison, complementing but
not replacing human evaluation.

D Evaluated Systems and Prompting
Setup

A diverse set of large language models (LLMs)
is used to benchmark performance across low-
resource Indic languages. The selection includes
both Indic-focused models and general-purpose
multilingual systems, enabling comparison across
varying levels of linguistic specialisation. All mod-
els are evaluated under a unified prompting and
inference framework to ensure consistency and re-
producibility.
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Evaluated Models. The evaluation includes the
following models:

• Mistral-7B (Jiang et al., 2023), a decoder-only
causal model.

• OpenHathi-7B-Hi-Base (AI, 2023), designed
for Hindi and related Indic languages.

• Qwen2.5-7B-Instruct (Team, 2025), a multi-
lingual instruction-tuned model.

• Yi-1.5-9B-Chat (AI et al., 2025), a chat-
oriented decoder-only model.

• GPT-4.1 (OpenAI et al., 2024), used as a high-
capacity proprietary baseline.

• Gemma-2-9B-it (Team, 2024), an instruction-
tuned chat model.

• Airavata-7B (Gala et al., 2024), an Indic-
focused instruction model.

• Aya-23-8B (Labs, 2025), a multilingual model
designed for cross-lingual tasks.

• LLaMA-3.1-8B-Instruct, a chat-aligned
model with structured prompting.

• BLOOMZ-7B1-mt (xP3mt Team, 2023), a
multilingual instruction-tuned model.

Prompting Strategy. To ensure consistent gen-
eration across models and languages, a unified
prompting approach is adopted. For instruction-
tuned and causal models, a standard template is
used to enforce language control and concise re-
sponses:

Instruction-based Prompt

Answer the following question in [LAN-
GUAGE] clearly and concisely. Ques-
tion: {question} Answer:

For chat-based models such as GPT-4.1, prompts
are adapted to their native conversational format
while preserving the same instruction semantics:

Chat-style Prompt

{”role”: ”user”, ”content”: ”Question:
{question}”}

This unified design ensures that all models re-
ceive equivalent task instructions, reducing variabil-
ity due to prompt formulation while maintaining
compatibility with model-specific interfaces.

LLM as Judge Prompt Design. For LLM-
assisted scoring and structured evaluation, a consis-
tent evaluation prompt is used to guide scoring be-
haviour across models and languages. The prompt
enforces comparison between the generated answer,
the reference answer, and the original question, with
explicit emphasis on factual correctness:

Evaluation Prompt for LLM-assisted Scor-
ing and Human Verification

Evaluate the quality of the model’s response
to a question by strictly comparing it with the
reference answer and the original question.

Assign scores on a 1–5 scale (decimals
allowed) for each criterion below:

Factual Accuracy: Degree to which the
answer is correct with respect to the reference
(5 = fully correct, 3 = partially correct, 1 =
incorrect or hallucinated).

Relevance: The Extent to which the answer
directly addresses the question (5 = fully
relevant, 1 = off-topic).

Clarity: Readability, coherence, and logical
structure of the response (5 = clear and
well-structured, 1 = confusing).

Language Consistency: Ensure the language
of the output matches the input question.
Penalise mixed or incorrect languages.

Concise: Completeness without unnecessary
verbosity (5 = concise and sufficient, 1 =
verbose or incomplete).

Factual accuracy should dominate the
judgment; fluent but incorrect answers must
receive low scores.

Output format (JSON only):
{

”Factual Accuracy”: score,
”Relevance”: score,
”Clarity”: score,
”Language Consistency”: score,
”Conciseness”: score

}

E LRM2QAS Algorithm

The proposed LRM2QAS metric is defined as a
structured composition of multiple evaluation sig-
nals designed to capture semantic, factual, numeric,
and grounding aspects of QA quality. The formu-
lation integrates semantic similarity (EN-BERT),
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question-aware nugget coverage (EN-KC), numeric
fidelity (EN-NUM), and evidence faithfulness (EN-
EF), enabling consistent and reproducible evalua-
tion across multilingual and low-resource settings.
The computation proceeds through the following
steps:

Algorithm 1: Computation of LRM2QAS
Metric (Symbolic Form)
Input: (Q,R), Â, weights

{λBERT, λKC, λNUM, λEF},
temperature η

Output: LRM2QAS ∈ [0, 1]
Step 1: Preprocessing
Translate inputs using IndicTrans2:
Qen, Ren, Âen←TransIndicTrans2(Q,R, Â); split question into
sentence-level units Cen = {c1, . . . , cm}.

Step 2: Semantic Similarity (EN-BERT)
EN-BERT = 1

|Ren|
∑

i maxj | cos(ri, âj)|.
Step 3: Question-Aware Nugget Coverage (EN-KC)
Segment Ren into factual clauses {ci}ni=1 and embed

ki = ST_embed(ci), q = ST_embed(Qen),
âj = ST_embed(Âen).

Compute nugget attention ai =
ecos(ki,q)/η

∑
j ecos(kj ,q)/η

, and compute

coverage EN-KC =

∑
i ai maxj | cos(ki, âj)|∑

i ai

.

Step 4: Numeric Fidelity (EN-NUM)
NR = RegexNums(Ren), NÂ = RegexNums(Âen),

EN-NUM =
|NR ∩NÂ|
|NR ∪NÂ|

.

Step 5: Evidence Faithfulness (EN-EF)
â = ST_embed(Âen), ci = ST_embed(ci),

EN-EF = maxci∈Cen cos(â, ci).
Step 6: Aggregation
LRM2QAS =
(EN-BERT)λBERT (EN-KC)λKC (EN-NUM)λNUM (EN-EF)λEF .

The multiplicative formulation ensures that low
scores in any individual component reduce the final
score, preventing compensation across dimensions
and enforcing balanced evaluation across semantic
similarity, factual coverage, numeric consistency,
and grounding signals.

F Visualization Plots and Example
Analysis

System-wise Metric Comparison. Figure 3 com-
pares ten large language models across five auto-
matic evaluation metrics averaged over eight Indic
languages. As observed, BERTScore consistently
yields the highest absolute values (≈ 0.80–0.88)
across all systems, reflecting its embedding-based
similarity with limited discriminative capacity. Lex-
ical metrics such as BLEU (0.001–0.068) and
ROUGE-L (0.001–0.054) remain low and tightly
clustered, underscoring their weakness in measur-

ing semantic adequacy in multilingual QA. chrF++
achieves slightly higher differentiation (0.02–0.28),
with GPT-4.1 performing best on lexical over-
lap. The proposed LRM2QAS metric shows clear
and interpretable separation among systems rang-
ing from 0.05 (Yi-1.5-9B-Chat) to 0.41 (GPT-
4.1), followed by LLaMA-3.1-8B-Instruct (0.33)
and Qwen2.5-7B-Instruct (0.30). Gemma-2-9B-it
(0.29), Mistral-7B (0.21), and Airavata-7B (0.24)
exhibit moderate alignment, while BLOOMZ-7B1-
mt and OpenHathi-7B-Hi-Base remain the lowest.
Overall, LRM2QAS demonstrates stronger discrim-
inative power and better reflection of factual and
semantic correctness than lexical or embedding-
based baselines.

Example Analysis. Table 5 shows four represen-
tative GPT-4.1 QA examples across Maithili, Hindi,
and Assamese, illustrating the relationship between
human judgments and automatic metric scores. The
first Maithili example on Elasticity demonstrates
a strong factual and linguistic match, achieving
high human ratings (overall 83.75) and correspond-
ing strong automatic scores (LRM2QAS: 0.787,
chrF++: 0.365). In contrast, the second Maithili
example about election symbols contains a fac-
tual hallucination (“black horse”), reflected in both
a low human score (17.5) and degraded metric
values (LRM2QAS 0.100). The Hindi example,
where “Bangalore” replaces “Chennai” as the cor-
rect answer, also receives a low human score (12.5),
confirming the model’s factual error despite flu-
ent phrasing. Conversely, the Assamese example
on Hamlet’s father’s death achieves near-perfect
human ratings (overall 98), aligning with high se-
mantic correctness and moderate metric perfor-
mance (LRM2QAS 0.495). These patterns indicate
that human-evaluated factual precision and rele-
vance strongly influence metric behaviour; faith-
ful, grounded responses consistently yield higher
scores across both human and automatic evalua-
tions, whereas hallucinated or off-topic content is
penalised by all metrics, especially LRM2QAS.

G Ablation Study

This section presents a diagnostic evaluation of
LRM2QAS through error stratification, answer-
length-conditioned stability analysis, and cross-
lingual robustness assessment. The analysis is in-
tended to characterise systematic divergence pat-
terns between metric scores and human judgments,
rather than to maximise absolute correlation values.
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Table 5: Illustrative GPT-4.1 examples with Questions, References, Outputs, Human Evaluation Scores, and
Automatic Metric Scores.

Language: Maithili
Question (EN): Define elasticity. Explain its types and importance in economic decisions.
Reference (Indic): लोच एकटा आर्थिक अवधारणा छै जेकर उपयोग कोनों वस्तु या सेवा केर मांग में बदलावक माप लेल होय छै जे
मूल्यक परिवर्तनक साथ बदलय छै। कोनों उत्पाद के लोचदार कहल जायत छै जखन मूल्य बढ़ला या घटला पर मांग आनुपातिक सं अधिक
बदलय छै।
Reference (EN): Elasticity measures the change in demand for a good or service relative to price changes. A
product is elastic if demand changes more than proportionally with price variations.
Output (Indic): लोच, एगो आर्थिक अवधारणा हो जहाँ एक वस्तु या सेवा के मूल्य में परिवर्तन के साथ माँग में परिवर्तन की मात्रा दर्शाए
जात होला। आर्थिक निर्णय में लोच महत्वपूर्ण होला कयोंकि...
Output (EN): Elasticity represents the change in demand corresponding to price changes. It is important in
economic decisions because it affects pricing and policy choices.
Human Scores: Factual = 4, Relevance = 5, Clarity = 4, Language Consistency = 4.5, Conciseness = 4, Overall
= 83.75
Automatic Metrics: BLEU = 0.134 ROUGE-L = 0.376 chrF++ = 0.365 LRM2QAS = 0.787
Language: Maithili
Question (EN): What were the election symbols of the Congress Party and Bharatiya Jana Sangh in the first
general election of 1952?
Reference (Indic): 1952 के पहिल आम चुनाव में कांगे्रस पार्टी के प्रतीक बैल के जोड़ी आ भारतीय जनसंघ के प्रतीक दीपक छल।
Reference (EN): In the first general election of 1952, the Congress Party’s symbol was a pair of oxen and
Bharatiya Jana Sangh’s was a lamp (Deepak).
Output (Indic): कांगे्रस पार्टी ने अपना चुनावी प्रतीक के रूप में काला घोड़ा चुना था।
Output (EN): The Congress Party chose a black horse as its election symbol.
Human Scores: Factual = 1, Relevance = 1, Clarity = 2, Language Consistency = 5, Conciseness = 2, Overall =
17.5
Automatic Metrics: BLEU = 0.020 ROUGE-L = 0.256 chrF++ = 0.249 LRM2QAS = 0.100
Language: Hindi
Question (EN): Which city is called “Detroit of India” for its automobile industry?
Reference (Indic): चेन्नई को “एशिया का डेट्र ायट” या “भारत का डेट्र ायट” कहा जाता है क्योंकि वहाँ प्रमुख ऑटोमोबाइल उद्योग
स्थित हैं।
Reference (EN): Chennai is nicknamed the “Detroit of India” due to the presence of major automobile manufac-
turing industries.
Output (Indic): बेंगलुरु।
Output (EN): Bangalore.
Human Scores: Factual = 1, Relevance = 1, Clarity = 2, Language Consistency = 3, Conciseness = 2, Overall =
12.5
Automatic Metrics: BLEU = 0.024 ROUGE-L = 0.211 chrF++ = 0.213 LRM2QAS = 0.096
Language: Assamese
Question (EN): How did Hamlet’s father die?
Reference (Indic): মই তোমাৰ দেউতাকৰ আত্মা, ভূতে হেমলেটক কয়। ক্লডিয়াছে তেওঁৰ কাণত বিষ লগাই হত্যা কৰিছিল।
Reference (EN): Hamlet’s father was murdered by his brother Claudius, who poured poison into his ear while he
slept.
Output (Indic): হেমলেটৰ পিতৃক তেওঁৰ ভাই ক্লডিয়াছে বিষ মিশ্ৰিত পানীয় দি হত্যা কৰিছিল।
Output (EN): Hamlet’s father was killed by his brother Claudius with a drink laced with poison.
Human Scores: Factual = 4.8, Relevance = 5, Clarity = 5, Language Consistency = 5, Conciseness = 4.8, Overall
= 98
Automatic Metrics: BLEU = 0.008 ROUGE-L = 0.250 chrF++ = 0.187 LRM2QAS = 0.495

G.1 Metric–Human Disagreement Analysis

To explicitly quantify divergence between
LRM2QAS and human evaluation, the absolute
disagreement between the two scores is analysed.

For each instance i, the absolute error is defined as:

Errori =
∣∣LRM2QASi − HumanScorei

∣∣ ,

where HumanScorei denotes the normalized aggre-
gate human rating. The Mean Error reported in sub-
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Figure 3: System-wise comparison of ten large language models across five automatic metrics averaged over eight
Indic languages. LRM2QAS exhibits the most consistent and discriminative pattern, effectively distinguishing
higher-quality systems (GPT-4.1, LLaMA-3.1-8B-Instruct) from weaker ones (BLOOMZ-7B1-mt, Yi-1.5-9B-Chat),
unlike traditional lexical metrics that remain compressed.

sequent tables corresponds to the arithmetic mean
of Errori over all instances within a given subset
and reflects the average magnitude of disagreement
rather than rank inconsistency.

Instances are partitioned into three error regimes:
low (≤20), medium (20–50), and high (≥50). Ta-
ble 6 summarises the distribution of examples
across these regimes. A substantial proportion of
examples falls into the high-error bucket, indicating
systematic disagreement in absolute score magni-
tude. Qualitative inspection reveals that these cases
are frequently associated with longer or more elab-
orate answers, where discourse-level completeness,
stylistic richness, or redundancy positively influ-
ence human judgments, while remaining largely
unaccounted for by nugget-based scoring. Figure 4
visualises the prevalence of these disagreement
regimes.

Table 6: LRM2QAS–Human disagreement profile
grouped by absolute error magnitude.

Error Bucket Count Mean Error Mean LRM2QAS Mean Human

Low (≤20) 31 0.16 0.08 0.17
Medium (20–50) 263 0.17 0.16 0.33
High (≥50) 346 0.50 0.33 0.83

G.2 Role of Nugget Coverage (KC)

To isolate the contribution of question-aware
nugget coverage, correlations between individual

Figure 4: Distribution of absolute disagreement between
LRM2QAS and human judgments across error regimes.

LRM2QAS components and human judgments are
analysed. As shown in Table 7, the KC compo-
nent exhibits strong agreement with human evalua-
tion, achieving Pearson 0.49, Spearman 0.50, and
Kendall 0.36, comparable to the full LRM2QAS
score and higher than standalone semantic similar-
ity. This indicates that clause-level factual coverage
captures aspects of answer quality that are not fully
reflected by embedding-based similarity alone.

Further analysis conditions KC’s behaviour on
answer length. Table 8 shows that KC maintains
moderate to strong correlation with human judg-
ments across all length regimes, with the high-
est correlation observed for long answers (Pearson
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Figure 5: Relationship between question-aware nugget
coverage (KC) and answer length, illustrating increasing
coverage followed by saturation for longer answers.

Table 7: Correlation between individual LRM2QAS
components and human judgments.

Component Pearson Spearman Kendall

BERTScore 0.46 0.45 0.32
KC (Nugget Coverage) 0.49 0.50 0.36
NUM (Numeric Fidelity) 0.07 0.08 0.07
EF (Evidence Faithfulness) 0.54 0.53 0.39
LRM2QAS 0.49 0.51 0.39

0.57). Short answers also exhibit high correlation
(0.52), suggesting that nugget matching remains in-
formative even when answers are concise. Medium-
length answers show comparatively lower correla-
tion, reflecting increased variability in how addi-
tional content is structured and expressed.

Figure 5 visualises the relationship between an-
swer length and KC score. KC increases with
answer length up to a moderate range, reflecting
improved factual coverage, and then saturates for
longer answers. This saturation mirrors trends ob-
served in human–metric disagreement analyses, in-
dicating that nugget coverage prioritises core factual
completeness rather than discourse-level elabora-
tion.

G.3 LRM2QAS under Answer Length
The stability of the full LRM2QAS score is exam-
ined as a function of answer length, measured in
tokens. Answers are partitioned into short, medium,
and long bins based on empirical quantiles. For
each bin, Table 9 reports the mean and standard
deviation of LRM2QAS, together with the mean ab-
solute error between LRM2QAS and human scores.

In this context, Mean Error denotes the average
absolute difference between LRM2QAS and hu-
man judgments within a given length bin and serves
as a localised indicator of alignment. The results

Table 8: KC–human correlation conditioned on answer
length.

Length Bin Count Mean KC KC–Human Pearson

Short (≤20) 504 0.27 0.52
Medium (20–50) 119 0.31 0.42
Long (>50) 17 0.49 0.57

show an increase in mean LRM2QAS from short to
medium-length answers, reflecting improved cov-
erage of core factual content as answer length in-
creases. For long answers, the mean LRM2QAS
score exhibits saturation while variance increases,
indicating greater sensitivity to how additional in-
formation is organised and expressed. Elevated
mean error values for medium and long answers
suggest that content beyond essential factual units
contributes more strongly to human judgments than
to the components emphasised by LRM2QAS.

Figure 6 illustrates this saturation trend, showing
diminishing gains in LRM2QAS as answer length
increases.

Table 9: Length-conditioned stability analysis of
LRM2QAS.

Length Bin Count Mean LRM2QAS Std. LRM2QAS Mean Error

Short 215 0.16 0.18 56.35
Medium 215 0.31 0.24 65.51
Long 210 0.29 0.21 57.85

Figure 6: LRM2QAS scores as a function of answer
length, illustrating saturation effects for longer outputs.

G.4 Cross-Lingual Robustness and
Translation Sensitivity

Cross-lingual robustness is evaluated using a
language-by-system heatmap of mean LRM2QAS
scores, shown in Figure 7. Although absolute met-
ric values vary across languages, relative system
rankings remain largely consistent, indicating sta-
bility of nugget matching under translation-based
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English pivoting. Table 10 further reports language-
wise correlations between LRM2QAS and human
scores.

Lower correlation values for certain languages
coincide with increased lexical divergence intro-
duced by translation, suggesting sensitivity to para-
phrastic variation rather than metric instability. No
systematic degradation is observed for ultra-low-
resource languages, indicating that LRM2QAS re-
tains discriminative capacity despite translation
noise.

Figure 7: Mean LRM2QAS scores across languages and
systems.

Table 10: Language-level robustness analysis of
LRM2QAS.

Language Count Mean LRM2QAS Corr. w/ Human

Assamese 80 0.20 0.56
Dogri 80 0.30 0.49
Hindi 80 0.32 0.46
Konkani 80 0.26 0.38
Maithili 80 0.32 0.47
Manipuri 80 0.14 0.55
Sanskrit 80 0.25 0.40
Sindhi 80 0.23 0.59

Overall, the ablation results indicate that
LRM2QAS aligns most strongly with human judg-
ments for short, factual answers, while predictable
divergence emerges for longer or stylistically richer
outputs. This behavior reflects the intended design
of LRM2QAS, which prioritizes factual nugget pre-
cision over discourse-level fluency or elaboration.
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