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Abstract

Evaluation practices for Large Language
Models (LLMs) have largely been shaped
by English-centric benchmarks, limiting
our understanding of model behavior in
multilingual, multicultural contexts. We
introduce Samiksha, the first large-scale,
community-driven evaluation of Indian lan-
guage models spanning 11 languages and
over 23,000 culturally grounded data points
across four high-priority domains. All
prompts were developed through a two-step,
community-engaged pipeline: topics were
first identified in consultation with civil soci-
ety organizations (CSOs), and native speak-
ers then independently created language-
specific prompts to reflect everyday infor-
mation needs within each context. We con-
duct a comprehensive mixed-method eval-
uation combining 150k native-speaker hu-
man assessments, expert review, qualitative
analysis, and 1.6 million automated LLM-
as-judge evaluations. Our results reveal
systematic domain and language-specific
performance trends, identify model fami-
lies that generalize consistently across set-
tings, and expose significant divergences
between human judgments and automated
judges. We further align LLM-based judges
with human preferences using evaluation
data, improving their reliability while high-
lighting their limitations in multilingual set-
tings. Beyond constructing leaderboards,
our work demonstrates that inclusive, rep-
resentative, and culturally grounded evalu-
ation at scale is both feasible and necessary
for advancing language technologies beyond
English. Samiksha provides a blueprint for
combining community insight with method-
ological rigor to better anticipate down-
stream use and real-world impact.

1 Introduction

Large language models (LLMs) are rapidly be-
ing integrated into highly impactful socially

relevant domains including agriculture, finance,
healthcare, and law (Singh et al., 2024a; Ram-
jee et al., 2025; Guha et al., 2023). These
systems are increasingly being adopted as tools
for decision-making, information access, and
public service delivery (Sharma et al., 2024).
Yet their expanding reach has also drawn at-
tention to broader ethical and social concerns,
especially questions of suitability for diverse au-
diences. Past research shows that LLMs often
underperform for non-Western users, reflecting
cultural misalignment and underrepresentation
that surface as insensitivity, bias, and exclu-
sion (Atari et al.; Kumar and Pratap, 2020).
These shortcomings not only undermine user
trust but also limit meaningful adoption of Al
across global contexts, which is reflected in the
uneven diffusion of Al in the Global North and
Global South (Mic, 2025).

Evaluation now constitutes the central feed-
back mechanism through which contemporary
Al systems are designed, optimized, deployed,
and governed. In the era of large-scale genera-
tive models, the most consequential objectives
e.g., helpfulness, harmlessness, trust and safety
cannot be captured by simple canonical met-
rics used traditionally for classification and re-
gression tasks. Consequently, evaluation is no
longer just “testing”, but the primary means by
which abstract desiderata are translated into
measurable system properties to support devel-
opment decisions and accountability claims - if
you can test a model or system reliably, you
can improve it and govern it. However, there
is growing consensus within the field that pre-
vailing evaluation practices are inadequate in
several important respects, as reflected in the
proliferation of dedicated workshops and spe-
cialized conference tracks on evaluation across
major Al and NLP venues. Unaligned evalua-
tions have also been blamed for critical chal-



lenges such as hallucinations that impede the
use of LLMs in high-stakes settings (Kalai et al.,
2025).

AT evaluation is even more critical in Global
South settings because most Al systems embed
Global North assumptions in their data, task
formulations, and definitions of success. Stan-
dard testing pipelines rarely include Global
South benchmarks and release decisions are
typically made by a small number of actors in
the West. As a result, benchmark gains can ob-
scure systematic failures in the languages and
conditions where these systems are deployed,
potentially leading to marginalized communi-
ties being excluded, stereotyped, or exposed to
high-stakes failures. Representative evaluation
should also ensure responses feel relatable, are
easy to understand, and translate into practical
action for community members, aligned with
their resources, cultural norms, and day-to-day
realities.

Benchmarking has become the dominant
paradigm for evaluation, extending to cultural
and domain-specific contexts as well as cross-
cultural representation (Chang et al., 2024;
Watts et al., 2024; Qin et al., 2025). However,
today’s benchmarks fall short: they often use
translated or artificially created data (Nadas
et al., 2025) that overlook real user needs and
elevate institutional priorities above those of
the communities most affected. In contrast,
a culturally grounded benchmark reflects lo-
cal languages, values, and contexts; ensures
representation across diverse identities; and
employs community-validated criteria to evalu-
ate models fairly and meaningfully This leads
us to our central question: How can we design
and implement scalable, culturally grounded,
community-centered pipelines to evaluate Al
models and systems?

To address this, we propose Samiksha !, an
end-to-end evaluation pipeline that is guided
by inputs from Civil-Society Organizations
(CSOs) and data workers, who serve as end
The Samiksha benchmark consists of
23k data points in 11 Indian languages cover-
ing four domains (healthcare, legal, education
and finance) that are considered to be high-
priority sectors for Al in India. The questions

users.

'The word ”Samiksha” is of Sanskrit origin and
means collective analysis, review or thorough investiga-
tion

within our domains are designed to reflect the
everyday information needs and lived realities
of community members. They represent the
kinds of queries individuals might ask in daily
life, rather than specialized or technical ques-
tions typically posed by professionals such as
doctors, legal experts, or teachers.

Our bottom-up approach combines the
domain-specific expertise of CSOs with the
lived experiences of Indian users. We conduct
domain-specific evaluations of chatbots by elic-
iting community inputs in three complemen-
tary ways. First, we conduct short, focused
interviews with CSOs in the relevant domains
to capture their perspectives on benchmark
creation and evaluation requirements. Second,
we use these insights to create task designs
for paid data workers, who create the bench-
mark query dataset and evaluate chatbot re-
sponses. These tasks are designed to let data
workers draw upon their own lived experiences,
interests, and concerns, thereby grounding the
benchmark in community realities. Third, we
conduct expert workshops with CSOs to en-
sure that the rubrics we develop are aligned
with desired behavior in these domains. This
integration of focused insights from CSOs with
dispersed contributions from existing or poten-
tial Al users ensures that community concerns
remain central throughout the process. This
approach also channels expertise and engage-
ment from multiple stakeholders, resulting in a
benchmark that is both contextually grounded
and adaptable to other domains and regions.
The novelty of our work lies in this co-creation
process and in the systematic integration of
community feedback at every stage.

Using this benchmark, we conduct a compre-
hensive, fine-grained analysis of 17 LLMs using
human evaluators, expert evaluators, qualita-
tive methods and automated LLM-as-judge
techniques (Zheng et al., 2023) to uncover sev-
eral key insights that can be used to shape
model development for Indian languages and
contexts. We evaluate each model not just for
language and response quality, but also across
the dimensions of cultural relevance and trust,
making this the first large-scale evaluation of
multilingual models along these dimensions.
Evaluators provide judgments grounded in cul-
tural nuance, accounting for local language
use, social norms, and context-specific expecta-
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Figure 1: The Samiksha Pipeline illustrates a structured, three-phase evaluation process designed to
ground chatbot benchmarking in community realities. Phase 1 — Civil Society Consultation: Interviews
are conducted with civil society organizations (CSOs) in four domain to inform benchmark and evaluation
requirements. Phase 2 — Query Curation: Insights from CSOs are transformed into training and task
design for paid data workers, who create the query dataset in 11 languages across four domains. Phase 3
— Response Evaluation: Chatbot responses generated by 17 large language models are evaluated using
mixed-methods, including human and automated assessment.

tions of communication. In parallel, we employ
LLM-as-judge methods as a complementary
approach to scale evaluation and cross-validate
human ratings.

Our work makes the following contributions:

1. We present Samiksha, a co-designed
pipeline with CSOs and community mem-
bers that centers lived realities in what
to evaluate, how to build the benchmark,
and how to score outputs. We provide
a generalizable template that other do-
mains and regions can adapt to build in-
clusive, context-aware LLM evaluations.
We demonstrate that our pipeline enables
the integration of deep community insights
with large-scale evaluation.

2. Using this pipeline, we develop a culturally
grounded, multilingual benchmark span-
ning 11 Indian languages, comprising over
23k data points. The benchmark covers
four high-priority domains for India, with
each data point created specifically for its
language and context by native speakers.

3. We conduct a mixed-method evaluation
comprising of 150k native-speaker human
assessments, expert evaluation, qualita-
tive analysis, and 1.3 million automated

evaluations using the LLM-as-judge tech-
nique. Beyond identifying where models
perform well and where they fail, our de-
tailed analysis also surfaces the strengths
and limitations of automated evaluation
approaches. We use these insights to align
LLM-based judges to human preferences
using human evaluation data.

4. We construct leaderboards for all domains,
languages, and models and identify key
trends across domains and languages us-
ing the full range of evaluation methods,
demonstrating that certain model families
perform consistently well across settings.

2 Related Work

2.1 Current Landscape of LLM
Evaluation

Large language models (LLMs) have been eval-
uated in diverse settings, such as multicultural
(Sukiennik et al., 2025; Ki et al., 2025), multi-
lingual (Ahuja et al., 2023; Watts et al., 2024),
and domain-specific contexts (Budler et al.,
2025; Koto, 2025). Traditionally, evaluation
has relied on standardized benchmarks (Chang
et al., 2024; Chakraborty et al., 2025), syn-
thetic datasets (Nadag et al., 2025; Ding et al.,
2023), and expert-curated tasks (Qin et al.,



2025). While these controlled evaluation meth-
ods remain valuable for measuring technical
capabilities and enabling comparisons between
models, they create a significant gap between
how LLMs are tested and how they are ac-
tually used in real-world contexts (Adhikary
et al., 2025; Ying et al., 2025; Kumar and
Pratap, 2020). Their key limitations are three-
fold. First, benchmarks are often too generic,
meaning that models optimized for benchmark
performance may struggle in open-ended or cul-
turally specific situations. Second, most LLMs
are trained primarily on English-language data,
causing them to inherit racial, gender, and cul-
tural biases present in these datasets (Khan
et al., 2025; Thakur, 2023; Naous et al., 2023).
Third, these approaches lack ecological validity,
as they fail to account for local dialects and cul-
tural nuances that are essential for populations
that are under-represented in training data and
do not primarily speak English (Hussain and
Ginige, 2018; Li et al., 2024a).

As LLMs become global tools, evaluation
methods must evolve to reflect the cultural
and social realities in which they operate. For
example, Singh et al. (2025) show that Human-
ities and Social Science questions dominate
culturally sensitive subsets because they rely
on contextual and regional knowledge, making
them more difficult for LLMs than culturally
agnostic STEM questions. Similarly, Chiu et al.
(2025) propose CulturalBench, a benchmark of
human-written questions covering 45 world re-
gions. Even state-of-the-art models (like GPT-
40) achieve low accuracy on Culturalbench, es-
pecially on underrepresented cultures, empha-
sizing that LLMs often fail on nuanced cultural
queries that go beyond textbook knowledge.
Several efforts have focused on adapting exist-
ing models and creating new language models
specifically designed for non-English languages
(Kumar and Pratap, 2020; Cul, 2023). Re-
searchers have also worked to build localized
benchmarks for different regions, such as India-
specific evaluations (Gumma et al., 2024; Kak-
wani et al., 2020; Gala et al., 2023; Verma et al.,
2025), and culture-specific assessment (Chiu
et al., 2025; Myung et al., 2024; Li et al., 2024b).
However, many multilingual benchmarks are
simply translations of English-language bench-
marks which can lead to loss of linguistic and
cultural context (Watts et al., 2024; Myung

et al., 2024). In high-stakes domains such as
healthcare, law, and education, model outputs
directly influence decisions that affect people’s
lives. Misinformation or cultural insensitivity
in these areas can cause serious harm(Deva
et al., 2025; Kumar and Pratap, 2020).

To address these risks, recent work has advo-
cated for domain-specific, culturally-grounded
benchmarks. In the healthcare domain, MedM-
CQA (Pal et al., 2022), MedDialog (Zeng
et al., 2020), and MedRedQA (Nguyen et al.,
2023), represent prominent efforts to build
large-scale benchmarks using expert-authored
content, medical board exams, or real-world
patient-doctor dialogues. While these datasets
offer high topical coverage and clinical rele-
vance, they often lack grounding in community-
specific cultural contexts and lived experi-
ences. These efforts highlight the inadequacy
of one-size-fits-all evaluation and emphasize the
need for specialized, context-aware approaches.
AfriMed-QA (Nimo et al., 2025) introduces
important African contextual grounding but
is constrained to short-answer and MCQ for-
mats and MenstLLaMA (Adhikary et al., 2025)
provides meaningful India-specific cultural sen-
sitivity, yet its focus remains narrow, centering
solely on menstrual health.

Existing benchmarks rarely reflect the multi-
layered, conversational, and dilemma-driven
nature of real community queries shaped by
stigma, family dynamics, myths, power rela-
tions, and local resource constraints. Samiksha
addresses these limitations by grounding evalu-
ation directly in community-identified priorities
and lived experiences, enabling assessment that
goes beyond correctness to emphasize commu-
nity resonance, practical relevance, and cul-
tural alignment, which are essential for the
responsible deployment of LLMs in real-world
public health ecosystems. Table 1 compares
the key features of our benchmark with other
benchmarks in the Healthcare domain.

2.2 Community-Centered Approaches
to AI Evaluation

There is a growing body of scholarship call-
ing attention for more globally inclusive and
community-centered approaches to LLM evalu-
ation (Qadri et al., 2025; Bergman et al., 2024;
Shrivastava and Aoyagui, 2025; Hall et al.,
2025). One widely used method is crowd-



sourcing, which generally takes two forms. In
the top-down model, corporate intermediaries
such as Prolific or Amazon Mechanical Turk
recruit community members as data workers,
define the terms of participation, and dictate
what counts as an acceptable submission, of-
ten leaving little space for feedback (Miceli
and Posada, 2022). In contrast, the bottom-up
model directly engages community members
in data collection. This approach broadens
opportunities for participation and empowers
people not only to share cultural knowledge,
artifacts, and expertise but also to shape the
parameters of their own involvement(Singh
et al., 2024b; Birhane et al., 2022; Delgado
et al., 2023). STELA (Bergman et al., 2024),
for example, introduces a community-centered
methodology for eliciting norms to guide Al
alignment. STELA conducts deliberative fo-
cus groups with underrepresented communities
in the U.S. to define rules for chatbot behav-
ior. Similarly, Qadri et al. (2025) argue for
“thick evaluations” of cultural representation,
showing through workshops with South Asian
communities that community-defined metrics
offer richer insights than conventional quanti-
tative ones. Our work operationalizes this idea
in the context of LLMs, creating a scalable
benchmark pipeline that embeds community
perspectives into both data generation and eval-
uation. The importance of co-creation, how-
ever, extends beyond method; it also depends
on who participates. For example, Hall et al.
(2024) found that annotators living outside a
region are more likely to view exaggerated or
stereotypical depictions of that region as rep-
resentative, while local annotators can draw
on lived experience to provide more accurate
assessments. This highlights the value of involv-
ing community members directly in Al evalu-
ation. Complementary to this, expert-in-the-
loop approaches bring in specific stakeholders
whose perspectives strengthen evaluation out-
comes(Ramjee et al., 2025). Building on these
insights, we position Samiksha as combining
community data collection with domain-expert
perspectives to co-create evaluation categories
and judgments. This hybrid design differs from
prior crowd-sourced or expert-only evaluations
by centering the lived realities of marginalized
user groups while retaining structured input
from practitioners familiar with the domain’s

operational constraints.

3 Benchmark Creation Framework

To assess whether an Al-based solution is truly
useful for everyone, it is crucial to consider
civil society and community perspectives. How-
ever, this can be challenging for several reasons.
Firstly, civil-society organizations (CSOs) such
as NGOs are stewards of experience and ex-
pertise, but resource constraints might prevent
them from participating intensively in Al eval-
uations. Secondly, community members can
speak to the usefulness of the tools in their daily
lives, but might not have the right opportuni-
ties or incentives to participate in an evaluation
process. The Samiksha pipeline was developed
to gain a holistic and grounded understanding
of community needs and preferences in their
interactions with Al. The pipeline uses a multi-
step process to (1) elicit rich insights via fo-
cused CSO consultations (2) expand those in-
sights into a large-scale evaluation via paid data
work undertaken by community members or
end users. This approach combines big-picture
inputs from CSOs, providing knowledge about
the general needs and preferences of communi-
ties and fine-grained inputs from community
members, reflecting their individual interests
and concerns, to create a representative bench-
mark with broad coverage.

Our pipeline follows a structured evaluation
approach that encompasses three main phases:
query curation via CSO consultations, query
generation, and response evaluation, as shown
in Figure 1. Each phase was co-designed with
community members to foreground their pref-
erences when interacting with LLM based sys-
tems.

3.1 Stakeholders

Research Partners: Our research team,
made up of three collaborating organizations,
is described below along with the role of each

group:

1. Karya: Karya is a social impact data plat-
form that delivers ethically collected, high-
quality datasets for Al training and evalu-
ation, with a strong focus on linguistic and
cultural diversity in India. Their platform
empowers rural and economically disad-
vantaged communities by providing digital



Feature SAMIK- AfriMed- MedMCQA MedDialog MenstL-
SHA QA LaMA

Multiple stakeholders? Community African med- No No Medical ex-
members, ical schools, perts, health
health CSOs educators, educators

health orgs

Question Types Queries with MCQs and MCQA Patient—doc- QA pairs

long answers short answers tor online
conversations

Cultural Grounding Yes Yes No Partial Yes

Example “I cannot  “A  28-year- “A  30-year- “Patient: I “I have irreg-
speak  freely old pregnant old man  have been  wular periods
with my gy- woman in  presents with  experienc- and cramps.
necologist rural Africa acute onset ing severe  What could be
because  she presents with  chest pain  headaches. the cause and
tells my  severe ab- radiating to Doctor: How which home
mother every- dominal pain. the left arm. often do they remedies are
thing. How What are  What is the occur and safe in my
can I go to the possible most likely what triggers cultural con-
another doc- causes specific  diagnosis?” them?” text?”

tor  without
making it
awkward?”

to African
healthcare
context?”

Table 1: Comparison of Healthcare Evaluation Datasets Across Key Features

work opportunities, paying workers sub-
stantially above the Indian minimum wage,
and building digital skills among partici-
pants. Karya also handled the participant
recruitment and operationalization of the
data work.

2. Collective Intelligence Project(CIP): CIP
is dedicated to democratize Al evaluation
and governance by involving people from
around the world in developing, refining,
and setting standards for Al systems. CIP
facilitated the ideation and conceptualiza-
tion of community-centered study design
and evaluation by involving different stake-
holders.

3. Microsoft Research India: Researchers
from Microsoft Research India provided
methodological guidance for the pipeline
and data creation, conducted automated
evaluation, qualitative analysis and an-
alyzed results of human and automated
evaluation.

Civil Society Organizations (CSOs):
Partnerships with CSOs go far beyond sim-
ple data gathering; being community centric
and technically equipped, these organizations
are able to provide actionable evaluation inputs.

Many of them engage directly with marginal-
ized groups such as low-income, rural, or other
under-represented communities whose voices
are often missing from mainstream datasets
and benchmarks. They also bring strong con-
textual expertise, helping interpret queries with
the social, cultural, and linguistic nuances that
application developers or model builders might
miss. Furthermore, CSOs can help filter and
frame user concerns so that public input is
more translatable to technical ecosystems. Fi-
nally, because the Samiksha pipeline relies on
persistent interactions with participants, col-
laboration with CSOs helps build long-term
relationships with communities rather than
being one-time data collection exercises. In
our work, we engaged with CSOs from four
domains i.e. Healthcare, Finance, legal and
Education, who all work primarily in India.
All CSOs we worked with work closely with
communities, and most have experience with
chatbot-based interventions, with some having
already deployed chatbots, and others in the
process of planning deployments. Initial con-
tact with CSOs was made via email, including
a brief description of the research goals and
a request for a virtual interview. CSOs nom-
inated a representative to participate in the
interviews. They were not compensated for



their time.

Communities: In the context of this work,
we define communities as a group of peo-
ple, often but not always geographically prox-
imate (e.g., a village, a specific urban neigh-
borhood), who share a common set of social,
economic, cultural, and environmental charac-
teristics. This includes shared local challenges,
language nuances, and value systems. Infor-
mation flow in communities is often governed
by local social networks and trusted entities
(CSOs, NGOs, local health workers, elders),
with reliance on such localized knowledge net-
works for decision making in critical domains
such as healthcare, finance, agriculture and
education. The core differentiator between a
community-centered Al solution is that the in-
formation required for daily life needs to be
local, actionable, and culturally situated. For
example, a "safe drinking water” question in
one community might pertain to specific local
well testing, while in another, it might be about
the affordability of a municipal connection. In
this work, we use two complementary path-
ways to reach the communities we aim to serve,
that is, current and future users of Al-based
technologies - via CSOs, that work directly on
the ground with communities, and with Karya,
which engages native speakers from language
communities, ensuring broad and meaningful
participation.

3.2 Phase 1: CSO consultation

We conducted a series of semi-structured inter-
views with 14 CSOs across four domains. This
included four CSOs each from the healthcare
and legal domains, three from finance, and two
from education. Seven of the 14 CSOs had al-
ready deployed chatbots, while two others were
in the process of development. The medium
of communication was primarily English, with
some interviews incorporating other languages
such as Hindi, Marathi, or Malayalam, depend-
ing on participant preference. The interview
protocol was designed to be flexible, allow-
ing emerging and unexpected themes to be
explored in greater depth. Each interview was
conducted by two researchers: one led the dis-
cussion, while the other took detailed notes, as
the interviews were not recorded. The main
aim of these interviews and follow-ups was to
capture regionally relevant user needs and con-

cerns, as per each CSO’s expertise. Intervie-
wees shared perspectives on domain-specific
chatbot use, their own interventions to ensure
safe and effective chatbot use in the commu-
nities they serve, and broader visions for the
future of healthcare chatbots. They described
the styles and themes of queries users pose to
experts or chatbots, providing examples from
on-ground interactions or chatbot deployments.
CSOs also articulated the qualities of good
and poor LLM responses to domain specific
queries, either as general criteria or via spe-
cific examples. Conversations with CSOs who
had deployed chatbots included lessons learned
from development and deployment. Intervie-
wees were encouraged to elaborate on particu-
lars as needed. After each interview, we iter-
atively refined our questions, continuing until
responses reached theoretical saturation. We
conducted thematic coding of interview notes,
grouping recurring points into multiple themes
that captured the query topics identified by
CSOs within each domain. Through this pro-
cess of generalization, eight broader themes
per domain emerged, as shown in Table 2. To
guide data workers in the subsequent query
creation phase, we synthesized topic-specific
example queries in Indian English, reflecting
diverse styles and perspectives. We also synthe-
sized CSO recommendations to create evalua-
tion rubrics, which are discussed in Section 5.

3.3 Phase 2: Data work

We ran the query creation pipeline in two
phases: data creation followed by validation.
Each language team included a coordinator
who provided data workers with topic lists
and examples. Coordinators also supported
workers directly by answering questions about
topics and providing individualized feedback
throughout the process.

3.3.1 Data creation

Karya provided training to data workers for
creating questions using the topics and guide-
lines distilled by us from CSO interviews. The
training material was translated into all the
languages used in this study by language ex-
perts to ensure that data workers understood
the task and could raise any questions or con-
cerns with them. First, users were introduced
to chatbots, and also informed about how chat-



Healthcare

Finance

Legal

Education

Access to primary/community
healthcare

Managing injuries & infec-
tious diseases

Managing chronic illness
Maternal health
Reproductive health

Senior care

Wellness habits
Child health

Daily Finance, Savings &

Budgeting

Loans & EMIs

National and International Fi-
nance

Income and Taxes
Investments

Government Schemes & SHGs

Insurance

Digital Finance

Product & Service-Related
Consumer Queries

Family & Marriage Matters
Workplace / Employment
Rights & Safety

Safety, Accidents, Theft

Financial & Contract Matters

General Knowledge about the
Legal System

Teaching and Learning Sup-
port

Exam and Job Interview

Preparation

Career Guidance

Higher Education & Financial
Support

Upskilling and Continuing Ed-
ucation

Educational Policies and Gov-
ernance

Other medical questions Other Financial Questions

Fraud Interest-based Learning

Property & Inheritance Student Support and Well-
being

Other Legal Questions Other Education-related
Questions

Table 2: Query themes collated from CSO consultation

bots were different from search tools that many
of them were familiar with. They were briefed
on the types of information users typically seek
from chatbots, as well as the common errors
chatbots may produce such as factual inaccu-
racies, irrelevant responses, or unnatural lan-
guage. Data workers were informed about the
goals of the data collection effort - to collect
questions that a person would genuinely and
naturally ask an expert or a chatbot. We en-
couraged data workers to think about their own
experiences, ask questions that they were gen-
uinely curious about and to create specific and
realistic questions. Data workers were asked to
understand the topic, ask questions about the
concept to the coordinators and to ensure that
the questions they asked were not textbook or
exam-like. We also asked them not to create
multiple questions following the same pattern,
or overly generic questions, or questions that
contained the topic name, such as "What all
comes under [TOPIC]?".

3.3.2 Data validation

Language experts validated data created by
data workers. The validation criteria were as
follows: the question should be understandable,
on-topic, should include relevant details, should
not include personally identifiable information,
should not directly be based on examples pro-
vided and the set of questions created by a data
workers should be diverse. Validators were in-
structed to reject questions that seemed to be
textbook-like or from an exam question paper,

or if the question was too generic, or if the
name of the topic was present in the question.

3.4 Dataset statistics

The final Samiksha benchmark created after
the completion of data validation covers the
following 11 Indian languages: Indian English,
Assamese, Bengali, Gujarati, Hindi, Kannada,
Malayalam, Marathi, Punjabi, Tamil and Tel-
ugu. These represent the most widely-spoken
languages in India and also overlap with the 22
scheduled languages in the Constitution of In-
dia (with the exception of Indian English). The
benchmark contains 500+ queries per domain
and language, with an average of 540 queries
per combination of domain and language. It
has a total of 23785 queries, covering Health-
care, Legal, Education and Finance domains.

4 Response Generation

We generated responses from several SoTA
LLMs for the queries in the Samiksha bench-
mark. This section elaborates on the models
chosen, experimental details for response gen-
eration and the final set of models chosen for
human evaluation.

4.1 Models

We generated responses to each query using
the 17 models listed in Table 4. We used a
simple prompt that instructed each model to
respond to a question, with the name of the
topic provided as context. We selected global
models with multilingual support and Indic
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T AT A TeeH AT Uedl & 3R Hig s IU™ AT 8
RO 3Tt e T A3 fomar s ah?

Healthcare Kannada SR 3668 FES BT €33, 3303, I} RRS 3e2zdd Do-

Legal

Legal

Education

Education

Malayalam

Bengali

Assamese

Marati

~° @nd Iied Bt B33 SMSMOT BT BrE:-
@?

cAO®ININ@ MIEIMI B:3SPeNICMI@ MIEmMI 3@}
M@ B6) DOMMVEHA6WI (BIGIRISHAICWI 98B
allawmo eM@ISo@3, M@ aaE2I®)] @eAIBHSE) fIEl-
SO MoBBHEMAUI MVaNIWUIo af)OTDIOLE)-
@oem?

IS TIERT? TRIPIA NI F FIN BTG AT
Sfto 3 ?

I RorTes 23t 2ha gows 3 5 wko gared?

HISAT HESTE dTed i Hl Sidex gTd, UUT Hell T0Th SaTd

There are people of all ages at home, each with
different preferences, and when it comes to food,
I always find myself in a dilemma. Because
elderly people need to be managed separately,
what is a good solution to manage this properly?

I have diabetes but I don’t feel like taking medi-
cation. How can I keep diabetes in check without
it?

If a woman faces mental or physical abuse from
her husband or family, what legal protection and
support are available to her?

If there is a theft at home, how should we inform
the police? What immediate steps should we
take at that time?

‘What qualifications does a student need to be-
come an agricultural expert?

My family thinks I should become a doctor, but

39 31Tg 311 ISt vy ATy o eman?

Finance Gujarati

Rl HRdAL EsRA HL dRss) 4 6| 9?7

Finance Punjabi

fagdt Fimar a7 Hugd ddar?

T MR [Agell ASIQHL S2¢ 2PN B? g 2L (A=l Ast-

7 fom feniast & Jons & gan i '3 &1 fisdt, 37 6a

I am interested in the computer field. In such a
situation, how should I make the right decision?

How far has India progressed in foreign invest-
ment today? Is this foreign investment helping
India’s development and growth?

If a person does not receive their pension amount
on time, which organization should they contact?

Table 3: User generated questions

models built specifically for Indian languages,
cultures and contexts. Models included both
instruction tuned and thinking variants, and
varied in size from 2.9B to 405B (known) pa-
rameters. We prioritized open-source models
to avoid benchmark leakage, with the excep-
tion of GPT-5 for which we used the Azure
OpenAl service.

4.2 Experimental details

The decoding parameters for response gener-
ation, standalone evaluation and comparative
evaluations can be found in Tables 5, 6 and 7
respectively.

4.3 Final model choices for evaluation

We selected a subset of the models mentioned
in Section 5.1 for human evaluation. Since hu-
man evaluation is time and resource-intensive,
we did not select models that produced low-
quality, inconsistent or unusable outputs to
the responses in our benchmark. The mod-
els that were not selected for human evalua-
tion are Llama-3-Nanda , gpt-oss-120B and
Param-1-2.9B . We observed prompt repetition
in gpt-0ss-120B , Romanized answers in Llama-
3-Nanda and multiple inconsistencies in Hindi
outputs of Param-1-2.9B . All models were in-

cluded in automated (LLM-judge) evaluation.
While Aya-expanse-32B  was only supported
in English and Hindi of the 11 languages, we
evaluated its answers on all languages given its
strong multilingual performance.

5 Human Evaluation

As the Samiksha benchmark contained ques-
tions for which answers were inherently subjec-
tive without a single correct answer, we did not
rely on ground truth for evaluation. Instead,
we developed detailed evaluation rubrics using
CSO inputs and provided structured training
to data workers to ensure consistent, nuanced,
and reliable assessments. We modified the met-
rics used in our pilot in the healthcare domain
(Hamna et al., 2025) to arrive at a new set of
metrics. We used two workflows for human
evaluation - standalone evaluation, where each
answer was scored individually, and compara-
tive evaluation, where two answers were shown
to the data worker and the task was to pick
the better answer.

5.1 Metrics and rubrics

We used four primary metrics, each compris-
ing multiple sub-metrics, to conduct the stan-
dalone evaluations as shown in table 8. We
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Model Model Size Human Evals LLM Judge Evals
Aya-expanse-32B 32B v v
Gemma-3-27B-Instruct 27B v v
GPT-5 - v v
gpt-oss-120B 120B v
Kimi-K2-Instruct 1T (32B activated) v v
Krutrim-2-Instruct 12B v v
Llama-3.1-405B-Instruct 405B v v
Llama-4-Maverick 400B (17B activated) v v
Llama-3-Nanda 10B v
Llama-4-Scout 109B (17B activated) v v
Param-1-2.9B 2.9B v
Phi-4 14B v v
Qwen3-235B-Base 235B (22B activated) v v
Qwen3-235B-Instruct 235B (22B activated) v v
Qwen3-Next-Instruct 80B (3B activated) v v
Qwen3-Next-Thinking 80B (3B activated) v v
Sarvam-M 24B v v

Table 4: Overview of models evaluated by human evaluators and automated methods.

Parameter Value kept the Response Quality metric from the pi-
Temperature 0.2 lot, but added sub-rubrics to capture potential
Max Tokens 4096 issues in the language used in the output. The
:gg *E 11 Response Quality score was also computed as a

Table 5: Hyperparameters used for answer genera-
tion.

Parameter Value
Temperature 0.0
Max Tokens 512
top_p 1
top_k -1

Table 6: Hyperparameters used for Standalone eval-
uation

Parameter Value
Temperature 0.0
Max Tokens 256
top_p 1
top_k -1

Table 7: Hyperparameters used for Comparative
evaluation

combined questions asked in our pilot study
related to relevance and completeness/concise-
ness, as users gave the highest rating in a major-
ity of the cases and it was difficult to establish
why lower ratings were given in a small frac-
tion of cases. Our revised framing of a ”content
quality” score asked users to focus specifically
on potential issues in the response, and the
final content quality score was computed as a
weighted average of the selected options. We

weighted average of the selected options. In the
pilot, data workers who were non-experts in
these domains found it challenging to judge the
factual correctness of answers. We revised this
question to focus on trustworthiness instead.
Our pilot study had a question on relevance,
which we reformulated to ask users to assess
the relevance of the answer to their local and
cultural context. In the pilot study, users were
asked to provide audio explanations for each of
the four metrics, which they found difficult and
time consuming. In the revised task flow, we
retained an audio explanation component for
the question on local and cultural relevance.

5.2 Score calculation

To ensure uniform analysis across diverse met-
rics, we transformed all scores into a standard-
ized 1-3 scale. To do so, we evaluated responses
across the four dimensions using a hybrid scor-
ing approach. Fields that allow multiple selec-
tions (multi-select) (Content Quality, Response
Quality) utilize inverse error counting, while
fields that ask for a single selected response
(single-select) (Trustworthiness, Local/Cultural
Knowledge) use direct categorical mapping.

5.2.1 Multi-Select Scoring

For multi-select metrics, the score Se; is de-
rived from the cardinality of the error set FE,
excluding the “no problem” indicator (Ep):
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Evaluation Metrics

Sub-metrics

Content quality

The answer includes information that has nothing to do with the question
The answer is related to the question, but doesn’t fully answer the question
The answer is repetitive or is too long

The answer is missing important details or is too short

The answer does not have any of these problems

. Bad choice of words
Response quality

Spelling or grammar mistakes

The answer doesn’t flow smoothly
It is difficult to understand the meaning
The answer does not have any of these problems

e I would trust it completely

Trustworthiness asking someone I know)

e I would trust it, but only after checking it myself (by searching online, or by

e [ would not trust it - I would want an expert to check it

e The answer does not show any understanding of my local context

Local/cultural knowledge

e The answer shows only a partial understanding of my local context
e The answer shows a complete understanding of my local context

e [ am unable to judge, as this question would not be asked in my local context

Table 8: Evaluation metrics used for standalone evaluation

3 if|[E|=0o0r E={Ep}
Serr(E) =42 if|[E|=1 (1)
1 if |B] > 2

5.2.2 Categorical Mapping

Single-select fields are mapped to a numeric
scale M where 3 is optimal. For Local/Cultural
Knowledge, a value of —1 is reserved for cases
where the evaluator is “unable to judge”.

o Myyst = {Complete — 3, Verify —
2,No Trust — 1}

o Mipcar = {Complete — 3,Partial +—
2,None — 1, Unable — —1}

5.2.3 Overall Quality Metric

The final quality score S,, is the arithmetic
mean of the four dimensions. This provides a
singular ranking metric while preserving gran-
ular error data for further analysis:

1
Sov = § > si (2)

1€{cont,resp,trust,local’}

5.3 Results

We ran human evaluation in both standalone
and comparative settings for all 14 models.
The number of datapoints evaluated varied
by model, with five models being evaluated on
a larger scale ( 4000 standalone evaluations)

and the rest evaluated on a smaller scale ( 1000
standalone evaluations). We conducted similar
small and large scale evaluations in the compar-
ative setting as well. Sample counts for both
settings can be found in Figures 2 and 3.

5.3.1 Standalone evaluation results

Figure 2 illustrates the standalone leaderboard
rankings determined by human evaluation. We
perform standalone evaluations on a total of
31,898 samples across 14 models. The Qwen3-
235B-Instruct model performs best across all
models with a mean score of 2.68 across all
4 evaluation metrics. The performance gap
between the best performing model (Qwen3-
235B-Instruct ) and worst performing model
(GPT-5) is 0.25 points, indicating substantial
variation in model quality. The top three and
bottom five models operate similarly, suggest-
ing three tiers of performance. The average
score across all 14 models is 2.57, with the
best model (Qwen3-235B-Instruct ) scoring 0.1
points above this average. The Standard De-
viation is 0.06, indicating a relatively small
performance spread.

Results by metric: Models rank differ-
ently by error type: no single model dominates
all four dimensions, suggesting that the error
types differ across models. For Content Qual-
ity, Qwen3-235B-Instruct performs best, while
Aya-expanse-32B ranks lowest with a gap of
0.23 points between them, indicating substan-
tial variation. For Language Quality, Gemma-
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Rank overall Avg Content Errors
#1 Qwen3-235B-A22B-Instruct-2507 2.684+0.38 2.80810.39
#2 Qwen3-Next-80B-A3B-Instruct 2.649:0.41 2.783:0.21
#3 Llama-4-Maverick-17B-128E-Instruct 2.638s0.40 2.748+0.43
#4 Gemma3_27B_instruct 2.617+0.43 2.795:0.40
#5 QWEN3_235B_A22B 2.61510.44 2.766:0.42
#6 Kimi-K2-Instruct-0905 2.611+0.42 2.775+0.42
#7 Krutrim-2-instruct 2.60610.43 2.696:0.46
#8 SarvamM_24B 2.59620.44 2.76210.43
#9 Llama-4-Scout-17B-16E-Instruct 2.586x0.44 2.735:0.44
#10 Llama_3.1_405B_Instruct 2.567:0.46 2.69610.46
#1 Qwen3-Next-80B-A3B-Thinking 2.536:0.439 2.662:0.47
#12 phi-4 2.52610.50 2.69620.46
#13 aya-expanse-32b 2.440:0.53 2.650+0.48
#14 GPTS 2.432:0.43 2.641:0.48

Language Errors Trust Rating Local Relevance Sample Count

2.873:0.33 2.484+0.63 2.57110.85 1010
2.815:0.39 2.443+0.66 2.554:0.85 1012
2.864+0.34 2.430+0.64 2.510+0.84 1025
2.808+0.33 2.408+0.65 2.459+1.03 4268
2.826+0.38 2.426+0.65 2.44241.02 4274
2.769+0.42 2.418+0.65 2.481+0.90 1026
2.806+0.40 2.429:0.66 2.49240.87 1023
2.793+0.40 2.403+0.65 2.427+1.05 4255
2.760:0.43 2.390:0.67 2.461:0.92 1018
2.795:0.40 2.379:0.66 2.397+1.04 4276
2.763+0.43 2.337:0.72 2.384:0.97 1015
2.7070.46 2.354:0.69 2.347:0.99 1026
2.601+0.43 2.244+0.74 2.264+1.02 1017
2.552:0.50 2.233:0.66 2.30241.07 4265

Figure 2: Standalone human evaluation leaderboard across all dimensions. Green indicates high perfor-
mance (score > 2.40), while blue represents mid-tier performance (2.20 < score < 2.40).
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1370.02 1995 485 1072 438

Figure 3: Comparative human evaluation leaderboard ranked by Elo ratings.

3-27B-Instruct performs best, while GPT-5
performs worst with a gap of 0.26 points, show-
ing that language errors are more differentiated
across models. For Trustworthiness, there is
a smaller gap between the best performing
(Qwen3-Next-Instruct ) and worst performing

(GPT-5) models, suggesting that this dimen-
sion is more consistent across models. For Cul-
tural/Local Relevance, Kimi-K2-Instruct per-
forms best while Aya-expanse-32B performs
worst with a gap of 0.30 points, the largest gap
in all metrics, showing that cultural relevance is
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Figure 4: Standalone evaluation leaderboard using LLM-as-a-judge, showing mean quality scores across
models. Green indicates high performance (score > 2.70), while blue represents mid-tier performance
(2.10 < score < 2.70). Red is indicative of poor performance (score < 2.10)

the biggest ditferentiator in standalone evalua-
tions. The Qwen3 series (Qwen3-235B-Instruct
, Qwen3-Next-Instruct ) ranks in the top three
across three of the four metrics. GPT-5 and
Aya-expanse-32B  both rank in the bottom
five in all metrics, indicating they struggle uni-
formly across all dimensions.

Results by language: For Indian English,
the average model score is 2.61, with a gap
of 0.4 between the best and worst perform-
ing models. For Hindi, the average score is
slightly higher at 2.65, with the smallest gap
between the best and worst performing mod-
els, with scores slightly higher than Indian En-
glish. For medium resource languages like Gu-
jarati, Punjabi and Marathi the overall average
scores are lower and the gap between models
widens. Assamese, being the lowest resource
language among the languages under consider-
ation has the highest gap of 0.73 between the

models. Kannada has the smallest gap (0.17),
indicating that model performance is consis-
tent for Kannada despite it being a relatively
low-resource language, which warrants further
investigation into the dataset. Owverall, the
gap between models is larger for low-resource
languages compared to the medium resource
languages considered.

Results by domain: Models score high-
est overall in the education and finance do-
main (2.65 average score) and slightly lower
on the Legal domain (2.62 average score), with
Healthcare having the lowest score (2.58 aver-
age). Model performance varies the most in the
Education domain (0.26 gap), while Healthcare
hast the smallest gap. Qwen3-235B-Instruct
performs best across all domains, while Llama-
4-Maverick maintains a top-3 ranking across all
domains. GPT-5 and Aya-expanse-32B rank
in the bottom-3 in all domains.
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Rank Source

1 GPT5

2 Kimi-K2-Instruct-0905
Gemma3_27B_instruct
4 Qwen3-Next-80B-A3B-Instruct
5 SarvamM_24B
6 Qwen3-Next-80B-A3B-Thinking
7 QWEN3_235B_A22B
phi-4
9 Qwen3-235B-A22B-Instruct-2507
10 Krutrim-2-instruct
11 Llama-4-Maverick-17B-128E-Instruct
12 Llama_3.1_405B_Instruct

aya-expanse-32b

Matches Wins Losses Draws
2543 76,956 75,738 1,218
1964 8,796 7,592 1,204
1862 76,924 48,841 28,079
1701 8,800 6,035 2,764
1583 77,008 38,942 38,060
1479 8,800 4,066 4,733
1439 69,072 23,766 45,300
1289 8,800 2,341 6,449
1286 8,800 3,457 5,343
1209 8,800 2,729 6,067
1159 8,800 2,230 6,566
1072 70,380 3,616 66,759
914 8,800 991 7,802

Figure 5: Comparative evaluation leaderboard based on LLM-as-a-judge, reporting relative model
performance via ELO ratings.Green indicates high performance (ELO score > 1800), while blue represents
mid-tier performance (1400 < score < 1800). Red is indicative of poor performance (ELO score < 1400)

Consistency: We check the standard devia-
tion across models and find that domain consis-
tency is highest, indicating that models adapt
well across the four domains. Models have sim-
ilar capabilities across metrics with moderate
standard deviation. The largest performance
swings are caused due to language, with top
performing models like Qwen3-235B-Instruct
having 0.15 standard deviation, indicating that
multilingual performance is harder than do-
The Qwen3-235B-Instruct
model performs best overall, with highest per-
formance in all four domains, and is in the
top five in 10 languages, maintaining high con-
sistency across metrics. GPT-5 systematically
under-performs in human evaluation, ranking
in the bottom-5 for overall performance across
error types, domains and languages.

main expertise.

5.3.2 Comparative evaluation results

Figure 3 presents the relative performance rank-
ings via Elo ratings for the comparative anal-
ysis. Elo ratings serve as a relative strength
index where the difference between two models
predicts the probability of one being preferred
over the other in a battle. A higher Elo score

indicates that a model’s responses were consis-
tently judged as superior compared to its peers
within the evaluation pool.

Overall, Gemma-3-27B-Instruct performs
best in comparative evaluations with a sub-
stantial gap with the lowest performing model
(Aya-expanse-32B ). The second and third best
models GPT-5 and Qwen3-Next-Instruct per-
form similar to the best model, while there is
more variance in the performance of the bot-
tom five models. Human evaluators are given
four options (Model 1 is better, Model 2 is
better, both are good, and both are bad) and a
preference for "Model 2 is better” is the most
common, comprising of 38.1% of all evaluations
with a preference for "Model 1 is better” com-
prising of 37.6%, indicating the absence of any
position bias in human evaluations. In terms
of ties (both good or bad), we find that the
"both good” option is selected only 0.6% of the
time, while "both bad” is selected 23.8% of the
time, indicating that model pairs often both
struggle rather than excel.

Results by language: Assamese has the high-
est Elo scores overall, despite being low-
resource, with Gujarati having lowest aver-
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age Elo. Gemma-3-27B-Instruct maintains
a ranking in the top-2 in 9 out of 11 languages
showing consistent performance across diverse
languages, while GPT-5 ranks first in Kan-
nada and Telugu outperforming Gemma. The
Aya-expanse-32B  has the widest performance
variance across languages, indicating that it
performs better on some Indian languages com-
pared to others. In terms of preference pat-
terns, Tamil has the highest number of "both
are bad” selections (39.3%), while Assamese
evaluations show a slight position bias (39.2%
vs. 36.1% for "Model 1 is better” vs. "Model
2 is better”).
Results
tion domain has

by domain: The Educa-
the highest Elo rat-
ing, while Healthcare has the lowest Elo,
mirroring results in standalone evaluation.
Gemma-3-27B-Instruct performs best across
all domains, while GPT-5 ranks second in Edu-
cation and Finance, but drops to third place in
Healthcare and fourth place in Legal domains,
showing its performance variability across do-
mains. In terms of preference, the Healthcare
domain has the highest number of "both are
bad” selections, indicating that this is a chal-
lenging domain for all models.

Consistency: Gemma-3-27B-Instruct has
the highest variance across languages though
it ranks best overall, indicating that it is un-
even across languages, while Qwen3-235B-Base
shows highest language consistency. Gemma-
3-27B-Instruct shows consistency across do-
mains with high performance across all do-
mains, while GPT-5 is less consistent with
weaker performance in Healthcare and Legal
domains. The best model (Gemma-3-27B-
Instruct ) has a win rate of 54.5%, almost
double of that of the worst performing model
(Aya-expanse-32B ) which has a win rate of
28.1%.

Human evaluator agreement: We calcu-
late the agreement between human evaluators
all data points that are evaluated by two hu-
mans. We had 30,510 records for standalone
evaluations and 54,009 comparative evaluations
that were judged by two experts. The top three
models maintain an identical ranking in leader-
boards created with both human evaluations,
showing high inter-rater consistency at the top.
For models in the middle, there is moderate
evaluator disagreement.

6 Qualitative Analysis

In order to get an in-depth understanding of the
results, we analyzed 4,749 data points across
all languages, with 321-533 data points per
language taken from a subset of models (GPT-
5, Gemma-3-27B-Instruct , Llama-3.1-405B-
Instruct , Qwen3-235B-Instruct , Sarvam-M )
that were evaluated by two human annotators.
We selected data points spanning a spectrum
of agreement, ranging from complete agree-
ment to varying degrees of disagreement (e.g.,
partial disagreement corresponding to differ-
ences of one, two, or three rubric points). We
assigned scores to each category to cluster sim-
ilar responses across all 11 languages. We then
focused on clusters with medium to low scores
to examine the sources of disagreement among
data workers and to surface particularly inter-
esting cases. In this section, we present insights
from this sample to highlight the general pat-
terns observed in responses that scored highly
compared to those that did not.
High-scoring responses: In terms of top-
performing languages, Punjabi, Marathi and
Hindi were the languages that both human
raters marked high. In the following Marathi
example from the Education domain,

“TRPII AT IT WISTT MesT YATI
FRRT AT HI? SO SR i
TR AT el WISHT Adchs SR <l
38?7 [Gloss: Do government schools
function in the same way as private
schools? And if they do, why is there
a greater preference among children
for private schools?]

a high-scoring response compared government
vs. private schools across multiple relevant di-
mensions (curriculum, funding, teacher sys-
tems, facilities, accountability, parental prefer-
ence), showing depth and completeness, and
ended with actionable advice to visit schools to
assess actual quality. Similarly, in this Marathi
example from the Legal domain,

“Tell Toh BMY TR TR wEad 38
TS FAT I WeRGR! ddelt dT-
2t anfor AT} hiuTeRivTd ShTae 3mad
SHIVIRIUTAT RRTGUATH YldT et ol-
FA?”[Gloss: I want to buy a nice
house. What precautions should I
take for that, which laws apply, and
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which documents need to be com-
pleted?]

a high scoring answer covered end-to-end
home-buying concerns, and reflected real In-
dian buying risks (fraud, illegal transactions,
unclear titles), which annotators valued. The
response also explicitly referenced India-spe-
cific laws and processes, and was localized to
Maharashtra, showing domain and local aware-
ness.

Low-scoring responses: In contrast, only
a small number of responses were flagged as
having more than two content or language is-
sues, lacking trustworthiness, or demonstrating
low local relevance, but these cases yielded valu-
able insights. While the scores did not always
completely align, responses marked as poor by
one annotator were generally also rated low
by the other. In our sample, Malayalam has
the most poor ratings followed by Hindi and
Bengali. Some reasons for low scores included
generic or vague information in responses and
responses without local context that failed to
address the user’s specific situation, lacked ac-
tionable details, or did not adapt to the local
setting implied by the question. For example,
for this Malayalam question from the Educa-
tion domain,

‘8 algpdmdlages  &vlag-
Bl IL|RIEBBBo  af)6BREOM
@@ 2JOl@I0?@R@MYMVE] 2]
@RMEDIW(DIW HAIWAB @ le-
EMSIONIM HEIWD HEUNUID-
M af)6BROM  MaNI]H6MMY?”
[Gloss: How can a student’s abilities
and interests be identified? How does
career guidance help in choosing a
suitable career accordingly?]

a low-scoring response to was long and detailed,
recommending psychometric assessments, job
shadowing, mini-internships, and industry vis-
its. It lacked local relevance and practical guid-
ance for Indian students, such as accessible
resources, cost-effective options, or region-spe-
cific career pathways. Similarly, in this Bengali
question in the Education domain,

“IfN TR et I TQ9 T99
8 S e wfsessis St
I T T [ @ a1 Bfow?”

[Gloss: I work at a pharmacy. Which
courses should I take to further en-
hance my practical experience and
knowledge about new medicines?|

a low-scoring response lists generic courses
without concrete career outcomes and misses
practical constraints such as cost, duration, and
part-time options.

Incorrect geographical context: We also
identified instances where questions in Bengali
were answered with an apparent focus on the
Bangladesh context. Since the models were not
provided with any location-specific prompts,
it is plausible that they assumed the user was
in Bangladesh; however, this is an important
consideration for model and application devel-
opers to keep in mind. For example, in this
Bengali question from the Finance domain,

g0 BT ST 21 9T FIRT II?

oeiRE e ot a1 f[@rem (527
[Gloss: Paying the electricity bill on-

line saves some money. What is the
reason for this? Is it safe to pay the
bill online?]

the response used Bangladesh-specific wallets
(bKash, Nagad, Rocket) instead of Indian op-
tions (UPI, PhonePe). Similarly, for this ques-
tion from the Legal domain

“@I9 QB AFTIZE ST WG FA-
g, g M3e g1 Ao 9 [o
TG IF ACER| Q3 A -
& QST 1 Bf66?7[Gloss: My
sister ordered a dress online, but the
size is wrong and the return option is
showing as unavailable. Who should
be contacted for this issue?]

the response referenced jurisdictions from both
India and Bangladesh, resulting in confusion.
In a question from the Education domain

“HIIR PR oea BFfoR oy Ty
iy effFFser fAce 512 5@ Fifeear-
cF A 5 & [orm Rkt ors-
T BI? AN AR o 5fox
FETed 3 F WV ST@od gt (-
(S ARI?” [Gloss: If I want to take
training for professional growth, can



I get any special benefits from my em-
ployer? If I need leave for training,
can I get paid leave?]

the response referred to Bangladesh labor law,
which is not applicable in India.

Insufficient local context: For the Con-
tent Quality metric, Kannada had a large num-
ber of low scores corresponding to ”Answer is
irrelevant” compared to other languages. The
answers addressed the broad topic of the ques-
tion but fail to understand the user’s intent or
local context. Responses tended to be generic
and high-level, without addressing the user’s
situational needs, Indian-specific frameworks,
or relevant eligibility criteria. As a result, the
information provided, while correct, did not
effectively resolve the user’s query. In this Kan-
nada example from the Healthcare domain

“[ed, DYODHY 00T TP
esBoery; Beot3, /T e9€) a359e3 03%E3
P AeWT]T? DY, @ I
2333, &atd300?”[Gloss: There is
a Primary Health Centre (PHC)
in our village. What facilities are
provided there? And do they perform
surgeries?]

the response provided only general informa-
tion about PHCs without clarifying the user’s
location or context. The response also incor-
rectly used phrasing such as “At our village
Primary Health Center (PHC)” while listing
generic information. Since the models were
not provided with location-specific information
during our evaluation, they cannot reasonably
be expected to answer highly localized queries.
In such cases, a stronger response would be to
ask an appropriate follow-up question to clarify
the user’s context. In future rounds, we plan
to design separate test conditions to more sys-
tematically evaluate how models handle these
location-dependent scenarios. Similarly, for
this Kannada question from the Finance do-
main

“2B0od RT3, 28803, 30 To-
)} Q30 SoWlewalJ) %éﬁﬁ PAEAN
0350z3 De30H VH/OD [RZT3?”
[Gloss: During situations such as lack
of rainfall, crop loss, or death of live-
stock, how does insurance help farm-
ers?]

the response just mentions the benefits of crop
and livestock insurance without mentioning
schemes from the Indian government, eligibil-
ity criteria, and how farmers can actually use
insurance during crop loss, drought, or livestock
death.

Failure patterns by language: Some lan-
guages (Kannada, Hindi, Gujarati) had lower
Content Quality scores, while others had lower
Language Quality scores (Assamese, Gujarati,
Tamil). Some reasons for low Content Quality
scores included generic responses that were not
grounded in Indian realities, or were too high-
level without enough detail. In this Gujarati
example from the Finance domain

“lutrl AL 5l Ad AsSl s 414
9?2 AL A[ESRE sUL D2 AR 8l
Ad oledl As 8?7 CGloss: [How is
a nominee decided in an insurance
policy? What rights does a nomi-
nee have? How can a nominee be
changed?]

the response read like a policy manual with
heavy legal phrasing, with long and dense sen-
tence structure and overuse of legal terms, lead-
ing to a low Content Quality score. In this
Gujarati example from the Education domain

“flgl Hadl v AP AlsA wRie sl
— ol g Aadl 8?7 86 dld ay AR
8?” [Gloss: What is the difference
between getting a job and choosing
the right job? Which one is better?]

the response was overly verbose and read more
like an article than like a Q&A response, with
sentence construction seeming to be influenced
by English making some phrases feel trans-
lated. Several phrases were direct translations
from English (e.g., “work-life balance, “step-
ping stone”), which felt unnatural in the Gu-
jarati context. Similarly. for this Assamese
question in the Healthcare domain

“BIGISIT (N5 G 91 2FF
IS FEEIIT @A TPIT2'I
F? 3 FN F @F FoEd HIo!
2 @RI WToF OF BB 2 2T
@f$?” [What diseases can men or
women face due to long-term gutkha

consumption? Can it reduce fertility
in both husband and wife?]



human evaluators gave low Language Quality
scores to the response for grammatical issues,
inaccurate word usage, verbosity, and poor flow.
In a Tamil example from the Legal domain

B @hHlumeyen )(mioes
FLLID 6T6TLIG| 6TeUeumm)| 2 61T
oT&I? @@ Fev GCUT eubg)
eNeunsrs gl 6UMRISTLOE6V
@e6TRleoTIT(H  &)(THLOETTTLD  6T6V-
6UITLD  LIGSOTMITIRIS. 9| 6UMIG-
E&5E QBHW HHLewT &L
L BletTLlg. eTedrtent LOmEflwlmest
SH600TLEDIGTSHET  6ULPMISLILI(HIGI?
BHSL Hposm sLLSSeTLI
ST EHSBELD, 6T ETh -
G0 Spwent  afapwisSSle
TUILIQLILILL. 2 Flemios6iT @)(hé-
&? LS AHGLLEOLUNED AHBHS
2 flenwseT g6t WLIMILIHISI?”
[In India, marriage laws are framed
in different ways. Some people
enter into another marriage without
obtaining a divorce from their first
spouse. Under Indian marriage law,
what kind of punishments are given
to such people? Under Indian law,
what rights do men and women have
in matters of marriage? Why do
these rights differ based on religion?]

annotators flagged several language issues, in-
cluding the mixing of Tamil with English legal
terminology, the use of both Tamil and Latin
scripts, spelling errors, and the combination of
informal language with formal legal phrasing.
They also noted problems with sentence clarity
and paragraph structure.

Failure patterns by domain: Among the
domains we tested, Healthcare showed the low-
est scores overall, suggesting that it is the most
challenging domain. In this Malayalam exam-
ple from the Healthcare domain,

“O)05J) HYETOTOREBRUBLE) AJLIWY-
SIM AN(@N U8 a)OTMLJI0 -
OOENSs BHUMEBRUD HYH6)-
6Mo? ald@0 OENBIGIUIND aBEI®-
Bleljo MEYMIEUB HYlCH6END]-
@6en29?”[Gloss: What kinds of foods
should women who are breastfeeding
young babies eat? Is it necessary to
take any medicines to increase breast
milk?]

the response included medical jargon, and the
recommendations toward the end felt overly
technical and difficult for the user to relate
to. For example, it referenced galactagogue
medications such as domperidone and metoclo-
pramide, noted their potential side effects, and
emphasized that they should not be taken with-
out a doctor’s prescription. The Legal domain
had the lowest trust scores for answers that
were otherwise scored high on language and
content, suggesting that models struggled to
provide credible and actionable responses. The
Finance domain showed the highest disagree-
ment between raters, such as in the following
Malayalam example

“ermom  aflS desndmd eaendl
GaNJo GRIIANMD af)SIEOINT @RYLI-
a0leeRmMmy, MESHUOe allual-
MM QUIDaldUB GQIENE
a)QIlOSWIEN @RGAIBH MTDCH:-
eme®?” [Gloss: I want to take a
home loan to build a house. Where
should I apply to get a safe and reli-
able loan?]

the response to which was rated as high on
trust and local relevance by one rater, with
low scores given by the other rater. Overall,
errors differed by domain - Legal had more
problems around missing content, Healthcare
had lower trust scores, while Education and
Finance had more balanced error distributions.
The sub-topics that models scored lowest on in
Healthcare included "Managing chronic condi-
tions”, in Legal included "Family and Marriage
Matters”, in Finance included ”National and
International Finance”, while models fared well
on most of the topics in Education.

Failure patterns by model: The Gemma
model was the only model that consistently
gave disclaimers in responses across domains.
For example, it provided the following dis-
claimer for Legal queries: “I am an Al chat-
bot and cannot provide legal advice. This in-
formation is for general educational purposes
only. Consult with a qualified legal profes-
sional for advice specific to your situation”.
Across domains, GPT-5 responses tended to
be verbose yet insufficiently localized. Com-
mon weaknesses included overuse of abstract
concepts, jargon and abbreviations heavy, lack
of actionable guidance tailored to Indian users,



and language-level issues in non-English out-
puts. These factors collectively contributed to
lower human ratings despite the apparent com-
pleteness of the answers. For example, in the
Indian English example below from the Legal
domain,

“T joined a private company on
a contract basis but they never
wrote my salary anywhere. They
told me it will depend on my per-
formance but even after working
so hard they are paying me very
less. Since nothing is written in
the agreement I feel stuck and I
am not able to quit. What can I
do in this kind of situation?”

the response did not sufficiently reflect the
user’s constrained position or explain realis-
tic next steps within the Indian legal and em-
ployment context. It suggested raising the issue
with HR, resigning and requesting a final settle-
ment, and claiming unpaid wages under labor
laws.

7 Automated Evaluation

Automated evaluations can be valuable for
augmenting, rather than replacing human as-
sessment, particularly when scaling to large
datasets or multiple model variants. They en-
able rapid feedback during the model develop-
ment cycle, allowing model builders to iterate
quickly, identify regressions, and compare sys-
tem changes efficiently. An automated grader
designed to closely approximate human prefer-
ences can be used effectively during the model
fine-tuning phase. When used alongside human
evaluations, automated metrics help balance
speed and scale with the depth and contextual
nuance provided by human judgment. In this
section, we detail experiments on automated
evaluation using the Samiksha benchmark and
model responses using the LLM-as-judge frame-
work, a popular automated evaluation tech-
nique in which LLMs are prompted to provide
evaluation scores along with explanations based
on a set of rubrics.

7.1 Experimental setup

We use the following LLMs as judges: Qwen3-
235B-Instruct , Sarvam-M , Kimi-K2-Instruct ,

and Gemma-3-27B-Instruct . We evaluated 17
models (listed in Table 4) using all four LLM
judges across all languages. Given the signifi-
cant volume of evaluations required across mul-
tiple dimensions and languages, we specifically
selected open-weight, non-API-based models.
This allowed us to self-host the judges, ensuring
computational efficiency and cost-effectiveness
while maintaining full control over the infer-
ence environment during the large-scale assess-
ment. We then followed a similar setup as
in the human evaluation with standalone and
comparative evaluations. For standalone evalu-
ations, all 23k queries were evaluated for all 17
models, except Param-1-2.9B which was only
evaluated on Hindi and Indian English. Com-
parative evaluations were done on a smaller
subset of 14 models. In all, there were 1.3
million calls made to LLM judges for the eval-
uation. Hyperparameters for standalone and
comparative evaluation can be found in Tables
6 and 7.

The prompt for LLM-judge evaluation fol-
lowed the rubrics used for human evaluation.
The LLM judge is not provided with additional
contextual information beyond the question
and response, and therefore cannot be expected
to meaningfully assess cultural relevance. How-
ever, we retain cultural relevance as a rubric to
mirror the conditions of the human evaluation.
Similarly, while LLM judges do not inherently
possess notions of trustworthiness, we include
the trustworthiness metric as well, using the
same instructions provided to human evalu-
ators. The prompts used for the standalone
and comparative evaluation using LLM-judges
can be found in Appendix A.2.2 and Appendix
A.2.3.

7.2 Results

The leaderboards for automated evaluation can
be found in Figures 4 and 5. In the standalone
evaluations, GPT-5 has the highest mean score
(2.78) followed by Qwen3-235B-Instruct (2.77).
The score ranges from 2.78 to 1.58 across most
models. For comparative evaluations, GPT-5
has the highest Elo score (2489) followed by
Kimi-K2-Instruct (2143), with Aya-expanse-
32B being at the bottom of the leaderboard
with an Elo of 946.

Language-wise insights: Indian English
dominates - the mean score on English is higher
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than on Indian languages, showing the gap be-
tween these languages. Aya-expanse-32B ex-
hibits good performance in English and Hindi
(2.76 and 2.71 respectively), but has low scores
for the rest of the Indian languages which it
does not explicitly support. Higher resource
languages (Indian English and Hindi) get the
highest average scores (2.74 and 2.60 respec-
tively) while medium resource languages score
between 2.56-2.42 with Assamese, the lowest
resource language in our set of languages av-
eraging a score of 2.43. Kimi-K2-Instruct is
the most consistent multilingual model with
the least variance amongst languages (2.79 (In-
dian English) to 2.75 (Malayalam)), followed
by Qwen 3 235B Instruct (2.83 (Indian English)
to 2.73 (Bengali)).

Domain-wise insights: The average score
in Education is 2.53, Healthcare is 2.52, Fi-
nance is 2.51 and Legal is 2.49. GPT-5 scores
highest in all domains. The overall score across
domains does not vary a lot, showing that mod-
els perform equally well on all domains.

Metric-wise insights: The trustworthi-
ness metric most frequently receives a rating
of 2, with LLM judges typically selecting the
“trust after checking” option. The metrics
are strongly correlated, particularly Language
Quality with Trustworthiness, and Content
Quality with Cultural Relevance. The mean
scores are as follows: Content Quality - 2.58,
Language Quality - 2.704, Trustworthiess - 2.04
and Cultural Relevance - 2.722. GPT-5 and
Kimi-K2-Instruct get the highest score for
Content Quality (2.97) and Cultural Relevance
(2.99), Qwen3-235B-Instruct scores the highest
in Language Quality (2.98) and GPT-5 scores
the highest for Trustworthiness (2.20).

Insights from Comparative evaluations:
GPT-5 consistently had the highest win rate
across all domains and languages. The model
win rate was fairly uniform across all domains,
with GPT-5, Kimi-K2-Instruct and Qwen3-
Next-Instruct being the top models. GPT-
5 was the best performing model across all
languages, followed by Kimi-K2-Instruct .

7.3 LLM-judge agreement and bias

We calculate the percentage agreement between
judges for the standalone evaluation and find
that the average exact match agreement is 45%.
So, we modify this slightly to call a difference

of more than two points a disagreement. We
get low disagreement rates with an average of
6%, with the minimum being 2.9% (Kimi-K2-
Instruct -Qwen3-235B-Instruct ) and maximum
being 9.7% (Sarvam-M -Qwen3-235B-Instruct
). We find that the maximum disagreements
between LLM-judges occur for content and lan-
guage quality. LLM-judges based on Sarvam-
M and Qwen3-235B-Instruct have the highest
disagreement for language quality at 11.9%.
Plots for the agreement and distribution across
judges can be found at Appendix B.

All LLM-judges showed an agreement of
more than 98% for English, where an agree-
ment meant the rubric-averaged score differs
less than 0.5. Judges show a significant devia-
tion from their mean score while evaluating En-
glish answers, ranging from 0.15 to 0.33. Kimi-
K2-Instruct -Sarvam-M and Qwen3-235B-
Instruct -Sarvam-M showed slightly lower lev-
els of agreement across Indian languages, with
the lowest being 86.1% for Assamese for Qwen3-
235B-Instruct -Sarvam-M . We observe high
agreement of 92% among LLM-judges for the
comparative evaluation task, which is consis-
tent with our prior findings (Watts et al., 2024).

We find some instances of self bias in stan-
dalone evaluations, in which all models except
Sarvam-M rank second in the leaderboard
produced by their own evaluations. In the
comparative evaluation setting, we observe po-
sition bias in all LLM-judges, with a preference
for the first option over the second, with the
Sarvam-M LLM-judge having the highest po-
sition bias of 4.8%. In terms of length bias, in
prior work it has been shown that LLM-judges
prefer longer responses, however, we find that
shorter responses get higher scores on average.

In summary, GPT-5 consistently ranks
first on both the standalone and com-
parative LLM-judge leaderboards, with
Qwen3-235B-Instruct and Kimi-K2-Instruct
following closely behind. Most models perform
better in English and Hindi; Kimi-K2-Instruct
is the most consistent across all 11 Indian
languages. The agreement between judges is
high, particularly in comparative evaluation.

8 Human-LLM Judge Agreement

We conducted a detailed analysis to compare
human evaluation results with those from auto-
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mated methods. For this analysis, we consider
only overlapping data points evaluated by both
humans and LLM-based judges. We use 30,510
standalone evaluations and 54,009 comparative
evaluations for this analysis across all domains
and languages.

8.1 Human-LLM judge agreement
analysis

The Kendall Tau correlation overall between
humans and LLM-judges is 0.27, indicating
weak-moderate agreement. Both methods iden-
tify similar trends but diverge significantly on
model rankings, suggesting that the two evalua-
tion techniques are measuring different aspects
of model quality. The most stark difference
between humans and LLM-judges is on GPT-5,
which ranks highest in the LLM-judge evalu-
ation and lowest in standalone human evalu-
ation. All four LLM-judges rate GPT-5 high,
which points towards potential bias towards
response patterns that GPT-5 produces. LLM-
judges rate GPT-5 in the top three in 7 out
of 11 languages, while human evaluators never
place it in the top five for any language. This
is not a marginal difference, but a fundamental
disagreement on model quality and suggests
that the responses contain linguistic patterns
that LLM-judges favor, while humans consider
more nuanced aspects. This extreme difference
warrants further investigation, and we refer to
it as the "GPT-5 paradox”.

In terms of domains, both LLM-judges and
humans judge models consistently high or low
across domains with a few exceptions. GPT-5
is the top performing model in all four domains
as rated by LLM-judges, while Qwen3-235B-
Base is the top model according to human
evaluators in all four domains, with GPT-5
ranked consistently low. There is a massive
disagreement between LLM-judges and humans
for Hindi evaluation, with LLM-judges rating
GPT-5 as the best model and humans rank-
ing it 8th. For Assamese, both humans and
LLM-judges identify Aya-expanse-32B to be
the lowest performing model, while differing on
the best model. Similarly, Kimi-K2-Instruct
performs well on some metrics and languages
(Gujarati, Kannada) in the LLM-judge evalua-
tion, but human evaluators rate it low.

The Qwen3-235B-Instruct model performs
best in human evaluations and second best with

LLM-judge evaluations, maintaining a top-5
ranking in both evaluation methods across all
11 languages, making it the most ”reliable”
model from a cross-evaluation perspective. Hu-
mans rate all four Qwen models in the top
five, while LLM-judges ratings spread them
out more across the leaderboard at 2nd, 7th,
8th and 10th place.

For Trustworthiness, all LLM-based judges
assign similar scores across models, with
GPT-5 achieving the highest ratings. In con-
trast, human evaluators make clearer distinc-
tions in perceived trustworthiness and rate the
Qwen3-Next-Instruct model as the best. This
suggests that LLM-judges may assess confident
answers as being trustworthy, while humans
use more nuanced judgments.

We calculate the agreement of each LLM-
judge with human evaluators to find the LLM-
judge that is closest to human evaluation. The
LLM-judge based on Qwen3-235B-Instruct per-
forms best, agreeing on the top three rankings
with human evaluators in 9 out of 11 languages,
suggesting stronger alignment with human pref-
erences.

8.2 Aligning LLM-judges with human
preferences

We align LLM-judges to human preferences
by providing human evaluations as few-shot
examples for the standalone examples during
prompting for two of the LLM-judges under
consideration, Sarvam-M and Qwen3-235B-
Instruct . We select few-shot samples from
the same domain and language as the question-
answer pair to be evaluated, using the instances
where both human evaluators fully agreed, and
include one example for each available rubric
type. Figure 6 shows the updated LLM leader-
board, where we take the average of the scores
provided by the improved Sarvam-M and
Qwen3d-235B-Instruct LLM-judges. We mea-
sure zero-shot vs. few-shot LLM-judge perfor-
mance by computing the Kendall’s Tau, Spear-
man’s rho, Pearson’s r correlations with human
assessment. The LLM-judge based on Sarvam-
M shows dramatic improvement with few-shot
prompting. The Sarvam-M LLM-judge goes
from non-significant agreement with humans
(p > 0.19) to very significant agreement (p =
0.0138). This 80% improvement in Kendall Tau
indicates that few-shot examples substantially
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Figure 6: Standalaone LLM-judge leaderboard aligned to human preferences

clarify the evaluation criteria for this judge,
bringing its model rankings much closer to hu-
man assessment patterns. On the other hand,
Qwend-235B-Instruct is already a relatively
strong zero-shot evaluator that aligns reason-
ably well with human assessment, and few-
shot examples provide incremental improve-
ment compared to Sarvam-M .

For the aligned Sarvam-M LLM-judge, we
find that models such as Qwen3-Next-Instruct ,
Qwen3-235B-Base , Llama-4-Maverick , Llama-
4-Scout and Llama-3.1-405B-Instruct move up
in the rankings, while models such as GPT-5,
Kimi-K2-Instruct , Sarvam-M , Gemma-3-27B-
Instruct move down. The most significant
shift is for GPT-5, which drops five positions
from rank 1 to 6.

9 Expert Evaluation

While we had consulted CSOs during bench-
mark design, we also conducted expert focus
group discussions with them to examine how
LLM responses align with community needs
and contextual realities. We conducted work-
shops with CSOs from three domains - health-
care, education and finance. The objectives of

the workshops were as follows: (1) Trust build-
ing - build mutual understanding and trust
between the project team and CSOs. (2) Un-
derstanding the perspectives of CSO and do-
main experts - explore how domain experts and
CSO representatives working with grassroots
communities perceive the use of LLM and chat-
bots.(3) Evaluation of LLM response - discuss
the strengths, gaps and cultural or contextual
sensitivities in LLM-generated responses to
community-based queries. (4) Evaluation cri-
teria refinement - co-creation of evaluation cri-
teria/ set of principles for community-centered
AT evaluation. Each focus group included two
to three experts from different CSOs to capture
diverse perspectives. Across the three domains,
we engaged 11 experts from six CSOs. The par-
ticipants of these workshops were members of
CSOs (both existing, who had already engaged
with us during the benchmark creation pro-
cess and new) and domain experts who work
closely with grassroots or marginalized com-
munities and can speak to community needs,
sensitivities, and digital inclusion issues.

The research team shared a brief overview
of Samiksha, followed by a rating exercise us-
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ing a small set of selected user queries and
corresponding LLM responses. Experts evalu-
ated each response based on predefined crite-
ria, including relevance and usefulness, accu-
racy and safety, and cultural sensitivity and
appropriateness. A comparative rating exer-
cise was also included to better understand
expert preferences. This was followed by an
open group discussion where experts reflected
on the strengths of current LLM-based chat-
bots as well as gaps in the responses. The
discussions also explored community priorities,
cultural and linguistic sensitivities, ethical con-
cerns, and experts’ experiences with evaluation
metrics and guardrails. The sessions concluded
with reflections on what constitutes a good or
appropriate chatbot response and on defining
effective evaluation metrics. To accommodate
participants across locations, sessions were con-
ducted online via Google Meet. Discussions
were primarily held in English, with partici-
pants switching to Hindi or Marathi as pre-
ferred.

The Healthcare workshop highlighted that
community evaluation in healthcare chatbots
goes far beyond medical accuracy, it must con-
sider practicality, specificity, and emotional
sensitivity to ensure that responses are both
safe and genuinely useful across diverse user
contexts. A key insight was the importance of
strict safety boundaries, with experts emphasiz-
ing clear “don’ts,” especially avoiding prescrip-
tive medical advice, dosage guidance, and long
descriptive explanations. One of the interest-
ing discussions centered on urgent health con-
cerns and self-diagnosis user behaviors. In these
situations, chatbots should not offer alterna-
tive remedies such as yoga or home treatments
alongside recommendations to seek medical
help, “since Fear of Finding Out (FOFO) may
lead users to delay essential care”. Experts also
noted that bullet-point formatting, empathetic
language, and suggestions that acknowledge so-
cio-economic realities help responses feel practi-
cal and relatable. They consistently suggested
multi-turn conversations so chatbots can clar-
ify background, understand whether the user
is a patient, frontline worker, or caregiver, and
respond accordingly. Overall, the workshop
reinforced that safe and trustworthy chatbots
must remain carefully constrained while im-
proving access to reliable health information.

The Education workshop highlighted that
chatbot evaluation must account for user in-
tent, language nuance and a learner’s context.
Getting language nuances are important be-
cause these students may reach out for concep-
tual frameworks. Users can range from high
school students to job seekers who aspire to
grow academically or professionally, yet what
is common across these groups is that they
may use imprecise language, combine several
questions, or seek direction without knowing
how to articulate their goals. In such cases,
chatbots should probe to clarify intent and
help users reflect, rather than simply provide
quick answers. Regional context also matters
because it shapes learning pathways and as-
pirations. Experts noted that models tend to
recommend mainstream digital or AI technol-
ogy-based vocational courses as stable career
options. However, a CSO from Nagaland em-
phasized that this does not reflect their local
reality. "The ground reality for a state like Na-
galand, is ditferent, our youth aspire to move
to bigger cities and pursue beauty and spa
courses generally - where such considerations
were missed in the responses”. Overall, getting
a sense of the user’s location and language con-
text becomes important in addressing queries
in the Education domain.

Discussions with finance experts highlighted
a clear misalignment between LLM-generated
financial responses and the everyday realities
of low-income users, especially women in rural
and semi-urban areas. Many LLM responses
assume that users understand financial terms
and have access to formal banks. In reality,
most community members rely on informal
financial options and face challenges such as
limited mobility, language barriers, documen-
tation requirements, and limited awareness of
long-term financial consequences. Experts em-
phasized that effective financial advice must
first understand user intent such as why the
money is needed, in what amounts, and un-
der what constraints, rather than immediately
offering abstract advice or solutions. They
highlighted the value of step by step, conversa-
tional responses that clarify assumptions, and
use simple numerical examples to support un-
derstanding and decision-making. Trust and
relevance were seen as closely linked to linguis-
tic sensitivity, alignment with regional prac-



tices (e.g., common borrowing amounts or fa-
miliar community norms), and transparent ac-
knowledgment of system limits, including clear
disclaimers that an Al chatbot is not a finan-
cial expert and should guide users toward local
support. Overall, these insights suggest that
LLM-based financial systems/chatbots should
clearly distinguish between community-level
and institutional intents, adapt explanations to
users’ socio-economic contexts, and move away
from neutral global defaults toward culturally
and linguistically grounded interactions.

Learnings from expert interviews: We
identified several important considerations for
designing effective focus group interviews with
experts. Selecting participants who are di-
rectly involved in or familiar with chatbot de-
velopment decisions made within CSOs such
as community challenges, ongoing experiments,
guardrails implemented, and evaluation met-
rics used, proved particularly valuable. Includ-
ing experts from different roles within a CSO
also helped surface nuanced challenges and di-
verse perspectives. We found that exploring
a smaller set of questions in greater depth led
to richer insights than covering many ques-
tions superficially. Quantitative ratings can
be collected asynchronously, allowing discus-
sions to focus on interpretation and reasoning
rather than scoring. Also, to make virtual dis-
cussions more engaging, incorporating interac-
tive elements such as live ratings, word clouds,
and agree or disagree polls is something we
would like to explore in the future. Language
emerged as a critical factor during the focus
groups. Conducting discussions mainly on En-
glish query-responses limited the capture of
domain and language specific nuances. Future
sessions will accommodate experts’ preferred
languages and include more non-English LLM
responses to better understand how language
shapes terminology and expression across do-
mains. Going forward, we plan cross-domain
discussions and in-person workshops involv-
ing both experts and community members to
broaden perspectives.

10 Discussion

We present the first large-scale, community-
driven, and methodologically comprehensive
evaluation of Indian language models, span-

ning 11 languages and over 23,000 culturally
grounded data points created by native speak-
ers across high-priority domains. Our work
combines depth and breadth for non-English
languages by integrating native-speaker human
evaluation, expert review, qualitative analysis,
and LLM-as-judge methods within a unified
pipeline. Beyond constructing leaderboards,
we surface systematic domain- and language-
specific performance trends, reveal divergences
between human and automated judgments, and
align LLM-based judges with human prefer-
ences. Together, this work demonstrates that
rigorous, culturally grounded evaluation at
scale is both feasible and essential for advanc-
ing high-quality language technologies beyond
English.

Our overall findings from all evaluation meth-
ods suggest that the Qwen family of models
performs consistently best across human and
automated evaluations. However, human and
automated evaluations did not always agree -
most notably in the case of GPT-5, where it was
ranked very low by human evaluators, while be-
ing ranked very high by LLM-judges. We also
observed language-specific trends, with many
models performing poorly on Assamese, while
model performance on Kannada was surpris-
ingly consistent. Another notable finding was
that model performance across domains was
much more consistent than across languages.

Among the domains we considered, the
Healthcare domain proved to be the most chal-
lenging, with several pairs of LLM responses
being marked by human evaluators as ”"both
bad” in the comparative evaluation setting.
Across metrics, cultural relevance emerged as
the strongest differentiator among models in
the human evaluations. This underscores that
while models may produce fluent and reason-
ably correct responses, they still vary signifi-
cantly in their cultural knowledge and contex-
tual appropriateness. Our detailed qualitative
analysis surfaced several unexpected findings,
including incorrect geographical assumptions
(such as interpreting Bengali queries as origi-
nating from Bangladesh), awkward language
use (including literal translations of fixed ex-
pressions from English), improper mixing of
languages, and impractical or unrealistic sug-
gestions in response to advice-seeking ques-
tions.



The low agreement of LLM-judges with hu-
man evaluators suggests that LLM-judges can-
not be used as a replacement for human evalu-
ation. Further, they may reward patterns that
diverge significantly from human preferences,
making them risky to use during model training
without proper calibration and constant drift
monitoring. We see this in the "GPT-5 para-
dox”, where the model gets very high scores in
several languages from LLM-judges compared
to human evaluators. For comprehensive eval-
uation at scale, we recommend combining hu-
man and automated methods: prioritize human
evaluation for overall quality assessment, and
use LLM-based judges for identifying specific
error types. Because LLM judges emphasize
different quality dimensions than humans, they
should be calibrated to application-specific re-
quirements and deployed only when their cri-
teria align with those needs; otherwise, human
evaluation should take precedence. Comparing
and calibrating results from both approaches
can improve robustness. In multilingual, mul-
ticultural settings, LLM-based judges should
be used with particular caution.

To conclude, with Samiksha, we frame model
evaluation as a critical step toward understand-
ing how systems may behave in real-world,
downstream contexts. Rigorous and contex-
tually grounded evaluation can offer early sig-
nals about potential usage patterns, strengths,
and risks. However, such evaluation must be
situated within a broader, more holistic assess-
ment framework, including deployment studies,
user research, and impact evaluation to mean-
ingfully determine real-world outcomes. Our
work represents an inclusive, representative,
and broad evaluation effort at scale, advancing
the field toward more grounded and account-
able assessments of real-world impact. Future
iterations of Samiksha will include more lan-
guages, domains, modalities and models, with
a focus on newer models trained specifically for
Indian languages, culture and contexts as they
are made available.
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A  Appendix

A.1 LLM as a Judge Leaderboards
A.2 Prompts



A.2.1 Answer Generation prompt

(" Task: Answer Generation

System Prompt:
(We do not provide a system prompt to mimic chatbots.)

User Prompt:

Please answer the following {domain} question in {language}:
Question: {question}

Answer in {language} only. Do not exceed 400 words.

A.2.2 Standalone Evaluation prompts

~

Task: Content Quality Check

System Prompt:
You are an evaluator assessing the quality of {language} responses about {topic} in the
context of {domain}. You must identify specific content issues based on strict criteria.

User Prompt:

Please check the answer carefully. Does it have any of these problems? Choose all that
apply.

Context:

Question: {question}

Answer: {answer}

Evaluation Options:

1. The answer includes information that has nothing to do with the question.
2. The answer is related to the question, but doesn’t fully answer the question.
3. The answer is repetitive or is too long.

4. The answer is missing important details or is too short.

5. The answer does not have any of these problems.

Do not include any reasoning or explanation. Return strict JSON only:

{
"includes_irrelevant_info": bool,
"does_not_fully_answer": bool,
"repetitive_or_too_long": bool,
"missing_details_or_too_short": bool,
"no_issues": bool

Task: Language Quality Check

System Prompt:
You are a linguistic evaluator assessing the writing quality of {language} responses about
{topic} in the context of {domain}.

User Prompt:

Please check how the answer is written. Does it have any of these problems? Choose all
that apply.

Context:




Answer: {answer}
Evaluation Options:

1. Spelling or grammar mistakes.

2. Bad choice of words.

3. The answer doesn’t flow smoothly.

4. It is difficult to understand the meaning.

5. The answer does not have any of these problems.

Do not include any reasoning or explanation. Return strict JSON only:

{
"spelling_grammar_mistakes": bool,
"bad_choice_of_words": bool,
"does_not_flow_smoothly": bool,
"difficult_to_understand_meaning": bool,
"no_issues": bool

Task: Trustworthiness Check

System Prompt:
You are a cautious user evaluating whether a {language} answer about {topic} in the
context of {domain} can be trusted.

User Prompt:

Imagine that you had asked this question. Would you trust the answer?
Context:

Question: {question}

Answer: {answer}

Evaluation Options (Select one):

e I would trust it completely.

o I would trust it, but only after checking it myself (by searching online, or by asking
someone I know).

o I would not trust it. I would want an expert to check it.

Do not include any reasoning or explanation. Return strict JSON only:

{
"trust_selection": "TRUST_COMPLETELY" |
"TRUST_AFTER_CHECKING" |
"WOULD_NOT_TRUST"

}

Task: Local / Cultural Relevance Check

System Prompt:
You are a cultural context evaluator judging how well the answer aligns with local expecta-
tions for {language} speakers regarding {topic} in the context of {domain}. The cultural




context would be based on the language and the question’s content.

User Prompt:

Imagine that you had asked this question. How well does the answer understand the local
and cultural context of the question?

Context:

Question: {question}

Answer: {answer}

Evaluation Options (Select one):

e The answer does not show any understanding of the local context.

e The answer shows only a partial understanding of the local context.

e The answer shows a complete understanding of the local context.

o It is hard to judge, as this question would not be asked in the local context.

Do not include any reasoning or explanation. Return strict JSON only:

{
"cultural _relevance_selection": "NO_UNDERSTANDING" |
"PARTIAL_UNDERSTANDING" |
"COMPLETE_UNDERSTANDING" |
"UNABLE_TO_JUDGE"

-

A.2.3 Comparative Evaluation prompt

([ Task: Comparative Evaluation

System Prompt:

You are a highly analytical expert evaluator. Your sole task is to compare two provided
answers (A and B) to the same user question, select the superior answer based on a holistic
set of criteria, and output the result in a strict JSON format.

User Prompt:
Task: Compare and Select the Better Answer

Goal: Determine which of the two answers (A or B) provides a better, more useful, and
safer response to the user’s question.

Audience: Internal evaluation system. Base your judgment only on the provided Question,
Answer A, Answer B, and general world knowledge. Do not use external browsing or
search.

Contextual Variables:

o Language: The question and answers are in {language}. Judge within this linguistic
context.

o Topic/Domain: The content relates to {topic} in the context of {domain}.

Evaluation Criteria (Holistic Priority):

1. Helpfulness/Relevance: Does the answer directly and thoroughly address the user’s
core query?




2. Factual Accuracy/Plausibility: Is the information correct and believable? (Do
not reward clear hallucinations.)

3. Clarity/Organization: Is the information easy to read, understand, and well-
structured?

4. Completeness: Does it cover all critical aspects of the query without significant,
obvious gaps?

5. Safety: Does it avoid harmful, misleading, biased, or non-compliant content? (Do
not select unsafe guidance.)

Decision Rule:

e Winner A or B: Choose the answer that is demonstrably superior overall across the
criteria. Even a slight but meaningful advantage warrants selection.

o Not sure: Choose this only if the answers are functionally identical (equal merit/flaws)
or both are completely unintelligible/empty.

Input:
Question: {question}
Answer A: {answer_a}

Answer B: {answer_b}

Return only a single JSON object (no markdown fences, no extra text, no commentary).

{

"winner": "A" | "B" | "Not sure"

}
Begin your response with the JSON object immediately.
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GPT5 2.830 2.801 2.775 2.764 2.766 2.742 2795 2.780 2.754 2773 2.756
Qwen3-235B-A22B-Instruct-2507 2.827 2.780 2.734 2.767 2784 2.753 2.780 2.772 2.765 2759 2.756
Kimi-K2-Instruct-0905 2.794 2776 2.760 21N 21N 2.748 2.780 2779 2757 2.759 2.761
sarvam-m 2758 2.759 2.702 2749 2753 2.727 2.762 2758 2.702 2734 2.710
gemma-3-27b-it 2772 2.754 2734 2751 2732 2.689 2757 2.758 2736 2.736 2.697
Qwen3-235B-A22B 2.809 2735 2.697 2738 2756 2.715 2757 2.736 2m 2.720 2727
Qwen3-Next-80B-A3B-Instruct 2,827 2.770 2722 2.720 2708 2,664 2736 2717 2.702 2,695 2.720
gpt-0ss-120b 2.775 2.489 2678 2.690 2.707 2.643 2705 2744 2.647 2.674 2.641
Qwen3-Next-80B-A3B-Thinking 2.826 2.743 2.700 2,633 2625 2.563 2.700 2.594 2,663 2,574 2,645
Llama-4-Maverick-17B-128E-Instruct 2.728 2.622 2593 2.653 2643 2.635 2.682 2.616 2512 2552 2.610
Llama-4-Scout-17B-16E-Instruct 2720 2.588 2.553 2.586 2.584 2.566 2.647 2,602 2.407 2.516 2.482
Krutrim-2-instruct 2,623 2.475 2.408 2.499 2.450 2.413 2451 2.562 2435 2.429
Llama-3.1-405B-Instruct 2.727 2.536 2.464 2443 2.451 2.414 2.509 2.506 2.401

phi-4 2764 2,678 2.436 2478 2,023 2477 2,515 2,053

Param-1-2.9B-Instruct 2.476 1973 N/A N/A N/A N/A N/A N/A N/A N/A N/A
aya-expanse-32b 2.765 2.708 2,083 1782 2.099 2.030 1.707 2,030
Llama-3-Nanda-10B-Chat 2.650 1461 1429 1300 1275 1.583 1761 118 1.269 1.287

Figure 7: Language wise Standalone heatmap from evaluations using LLMs as judges.
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Figure 8: Domain wise Standalone heatmap from evaluations using LLMs as judges.
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Figure 9: ELO ratings from the Language wise Comparative heatmap from evaluations using LLMs as
judges.
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Figure 10: ELO ratings for the Domain wise Comparative heatmap from evaluations using LLMs as
judges.
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Figure 11: Domain wise LLM as a judge heatmap for standalone evaluations after providing few shot

examples

MODEL
Quen3-235B-A22B-Instruct-2507
Qwen3-Next-80B-A3B-Instruct
Kimi-K2-Instruct-0905

GPTS

QWENS3_235B A22B

SarvamM 248
Gemma3_27B_instruct
Llama-4-Maverick-17B-128E-Instruct
Qwen3-Next-80B-A3B-Thinking
Llama-4-Scout-17B-16E-Instruct
Llama_3.1.405B _Instruct
Krutrim-2-instruct

phi-4

aya-expanse-32b

Figure 12: Language wise LLM as a judge heatmap for standalone evaluations after providing few shot

examples



B LLM Judge Agreement

13, 14 and 15 show the trends across the 4 LLM evaluators used for the automated evaluation.

Q @

Judge vs Judge Agreement Distribution (% of samples)

Exact Match (All 4 Rubrics Same)

Diff = 1 Point

Kimi-K2-I % 100% Kimi-K2-I 2 38.8% 35.8%

Qwen3-235B-I J 100% Qwen3-235B-I 34.7% 35.2% 35.8%

Gemma-3 100% Gemma-3 35.4% 35.2% 38.8%

Sarvam-M 100%

41.1% 42.9% Sarvam-M 0% 35.4% 34.7%

Sarvam-M Gemma-3 Qwen3-235B-I Kimi-K2-I Sarvam-M Gemma-3 Qwen3-235B-I Kimi-K2-I
Diff = 2 Points Diff > 2 Points (Major Disagreement)
Kimi-K2-I' 10.5% 9.9% 8.9% 0% Kimi-K2-1 9.5% 3.5% 2.9% 0%
Qwen3-235B-1 8.6% 10.3% 0% 8.9% Qwen3-235B-1 9.7% 5.4% 0% 2.9%
Gemma-3 9.8% 0% 10.3% 9.9% Gemma-3 5.8% 0% 5.4% 3.5%
Sarvam-M 0% 9.8% 8.6% 10.5% Sarvam-M 0% 5.8% 9.7% 9.5%
Sarvam-M Gemma-3 Qwen3-235B-I Kimi-K2-I Sarvam-M Gemma-3 Qwen3-235B-I Kimi-K2-I

Figure 13: Percentage agreement between LLM judges

LANGUAGE-WISE JUDGE AGREEMENT (% of samples within threshold)

Language-wise Agreement
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Language-wise Agreement
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Figure 14: Language wise agreement trends for the LLM judges
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Figure 15: Rubric wise score distribution across judges
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