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Abstract

Large Language Model benchmarking showcases organizations’ expertise to
attract customers. Unverified DeepSeek R1 benchmark claims against OpenAI’s
o-1 model caused a market panic and 589 billion in NVIDIA losses on Jan-
uary 27, 2025. Without encryption, vendor-led honor systems support benchmark
claims. Academic re-evaluations and third-party leaderboards show systemic
benchmark manipulation, including secret proprietary model alterations, con-
taminated training corpora, and selective disclosure, beyond market volatility.
LLM-as-a-judge replaces human assessment for scalability. According to studies,
LLMs may have identity-aware bias, which adjusts evaluation rates depending on
response model rather than answer quality. No study has measured or rectified
identity prejudice in politically sensitive, reasoning-intensive, and preference-
based information. Seven model verifiers (GPT OSS 120B, Llama 3.3 70B, GLM
5.1, Qwen3 32B, DeepSeek V4 Pro, Mistral Large 3, Sarvam M) anonymously
and transparently score three primary models’ responses on a 58-question bench-
mark for factual, reasoning, political, and preference-based categories to examine
identity-aware bias Identity disclosure increases scores somewhat for factual ques-
tions, moderately for stress-reasoning tasks, and significantly for geopolitically
sensitive topics (GLM 5.1: +7.00 points, p = 0.0249; Llama 3.3 70B: +1.56
points, p = 0.00 We provide a blockchain-based commit-reveal protocol employ-
ing Autonomous Economic Agents (AEAs) on an Ethereum-compatible ledger to
confine judge scores before disclosing candidate names based on empirical data.
Phase 1 commits a one-way hash of the score and secret salt to the blockchain
before disclosing identity, and Phase 2 exposes identity and submits raw score
for on-chain verification. This provides an auditable evidence trail that separates
blind evaluation from post-hoc statements, decreasing independent researcher
and third-party leaderboard verification responsibilities.
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1 Introduction

LLM benchmarks have become like a primary currency of AI progress and a systemat-
ically gamed measurement system whose integrity rests on uncompensated academic
labor. Self-reported scores from various big companies move billion-dollar markets.
The most notable such instance being on January 27, 2025, when DeepSeek R1 bench-
mark claims against OpenAI’s o-1 model triggered a panic that erased $589 billion
from NVIDIA’s market capitalization in a single day. This was fueled by the claim
that DeepSeek matched OpenAI’s model’s reasoning capabilities, for instance scoring
79.8% on the AIME 2024 math benchmark as compared to 79.2% (by ChatGPT o-
1) while spending less than $6 million on training using hardware restricted by US
export controls [14].

One of the largest single-day losses in the USA stock market, primarily driven
by tech stocks was triggered by this as investors panicked. Even after such high
stakes movement in stock prices which led to no framework exists to make sure these
benchmarking claims ar right before their release. A major incident that appeared
in mainstream media was that of Meta’s Llama 4 LMArena submission which was
then even confirmed by ex Meta Chief Scientist Yann LeCunn in an interview with
Financial Times [19]. Yet another such instance was that of OpenAI funding the
leading benchmark called FrontierMath [22].Our work uses this as a backdrop to pro-
pose a blockchain-based verification infrastructure capable of anchoring these claims
in cryptographic truth rather than vendor-led honor systems. We propose a decen-
tralised verification protocol which utilizes Autonomous Economic Agents (AEAs)
and a blockchain-based commit-reveal mechanism. By cryptographically binding judge
commitments before identity disclosure, our protocol replaces voluntary claims with
mathematical enforcement for LLM evaluation.

The sections below discuss about the following: related work/literature review,
methodology, experimentation, mathematics, system architecture diagram, experimen-
tal analysis, proposed solution, discussion, conclusion, and references.

2 Related Work / Literature Review

There have been recent findings that biases exist across several families of models,
and they shift increasingly towards the negative when the candidate models’ origins
or identities are known [1, 2].

One striking observation is that when we know that the judge and candidate belong
to the same model family, scores tend to be inflated, termed self-bias. A 2025 study
found that models like ChatGPT-4o and Claude 3.5 Sonnet assigned higher scores to
their own outputs and also displayed family bias [2].

Another such scenario is seen when models tend to give higher scores to even weaker
answers if signals that show confidence and authority are added, like citations, change
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in tone or phrases such as “majority prefer this answer” and “this is a refined answer.”
The model being used as a judge complied with this and gravitated to answers that
had been more preferred, added fake citations, and gave higher scores to answers that
were labelled as refined even if there was no change whatsoever [1, 3].

That said, there is active work being done to prevent such biases; some major
frameworks here are BiasScope and JudgeBenchPro [4].

There has been some progress on a blockchain-based, decentralised framework for
collaborative LLM evaluation called InfiCoEvalChain [5]. Zero-Knowledge Machine
Learning (zkLLM), unlike regular benchmarking, allows a provider to prove that a
specific model architecture was used to generate an output without revealing the
weights; this prevents model swapping where a lab might use a larger model to achieve
better results [6, 23].

Moreover, an increasing problem is when models try to fit in and end up agreeing
with each other but drift away from the factual truth [7]. Yet another development
in this space is a paper which used blockchain to verify the contents that were
coming from external data by using MCP and making sure the data integrity isn’t
compromised and that the model isn’t hallucinating [8].

A paper claims that political biases do exist but have not been studied that inten-
sively. So the authors of this paper proposed a way to measure these political biases.
Instead of asking vague questions to models like whether it is left or right, they used
real parliamentary data and collected actual votes from politicians in national par-
liaments, and each vote had clear positions from different parties. Then the model
is given the same motion and asked how a specific party would vote. This is then
compared to the actual vote given by these parties [10].

Lastly, an article published in the Nature journal found that there were signif-
icant differences in models from the USA on progressive values, and there was a
division among Chinese models that were focused internationally and domestically.
By examining this study we can say that LLMs do reflect the worldview of their
creators [12].

Another study which did something a bit differently was conducted to see func-
tional code execution in physical contexts. The authors gave a comparative evaluation
of ChatGPT 3.5, Gemini 1.5 Pro and Claude 3.5 Sonnet, where they translated natural
language prompts into executable Java commands for a robotic class and translated
it into a 3D coordinate system. They engineered a function pass/fail unit testing
paradigm tailored for Human-Robot Interaction (HRI). The results were quite sur-
prising: Claude achieved a great 95% success rate, Gemini reached 60% and ChatGPT
struggled the most at 20% due to persistent failures in spatial reasoning and not being
able to maintain long-range context [18].

Please see summary of related work after bibliography section.

3 Methodology

By quantifying the Identity-Aware Bias, which shows the delta between anonymous
and identity-revealed scores, our experiment aims to demonstrate that blindness is
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not just a procedural preference but a necessity for research integrity. If the reve-
lation of a model’s identity induces statistically significant score shifts, even if in a
specific domain, then the current reliance on unverified non-blind evaluations is not
sound enough. This empirical finding serves as the essential motivator for our proposed
blockchain-based commit-reveal protocol, which shifts the weight of re-evaluating
benchmark scores from human evaluators to a cryptographic protocol.

To see how identity revelations affect peer evaluation across LLMs, we built a
question set containing different topics like factual and reasoning-based, politically
sensitive, and preference-based questions. We used models showing different devel-
oper ecosystems, architectural lineages and scale paradigms; they included GPT OSS
120B [15], Llama 3.3 70B [17], GLM 5.1 [21], Qwen3 32B [20], DeepSeek V4 Pro [16],
Mistral Large 3 [24] and Sarvam M [25] to score responses from three primary mod-
els (DeepSeek V4 Pro, GPT OSS 120B, Sarvam M) which generated the baseline
responses. Other models (including the ones that were used for primary responses,
but only when the answer wasn’t from them e.g. GPT OSS, when answering, wasn’t
allowed to score its own response to prevent self-bias) were asked to score responses
from these models. We scored the questions in two different settings: in anonymous
mode and transparent mode, where verifiers were told which model initially answered
the question. We started each session by refreshing/clearing the memory of questions
previously tested in the chat, so the model had no previous context of what kinds of
questions it was asked and which side it took or what responses it gave.

3.1 System Architecture

Fig. 1 System Architecture Diagram
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As seen in Figure 1, we have the following stages:

• Stage I: We use our custom-generated question bank to take responses from the
primary models.

• Stage II: We store them in a PostgreSQL database to ensure there are no changes
in scores and results due to responses, and only due to model scores and identity
revelations.

• Stage III: We score the responses under two conditions, one anonymous and the
other transparent, to see how identity revelations affect the consensus scoring.

• Stage IV: We do an analysis of the results we receive and run mathematical stress
tests like paired t-tests.

• Stage V: We propose the solution, which has three steps: the commit phase, score
lock, and the reveal phase.

4 Experimentation

Our final question set comprised 58 questions across two broad categories. The fac-
tual category (29 questions) spans subcategories like geography, science, mathematics,
stress-reasoning tests, and technology. The subjective category (29 questions) consists
of two subcategories: political and preference-based questions.

Fig. 2 The NVIDIA playground from which we conducted our experiment; upon refreshing, the
context was not restored, so we had a fresh session each time.

For the politically sensitive questions, the reasoning for both GPT OSS 120B and
DeepSeek V4 Pro was set to low, and the temperature for all three (GPT OSS 120B,
DeepSeek V4 Pro and Sarvam M) was set to 0.5. Here, we acknowledge the fact that n
different runs of various modes they tend to change sides, but we took answers which
were conflicting to see how models react when opinions don’t match and the identity
of the model is revealed. During the earlier phases of the experiment, these politically
sensitive questions were subcategorised and analysed separately. We report findings
from both the subcategory level, where we saw statistical significance, and additionally
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report aggregate findings from the merged ‘political’ category, which allows us a larger
sample size.

5 Mathematics

Identity Gap (IG) = SA
n − ST

n (1)

Let SA
n −ST

n denote the scores assigned by a judge for the anonymous and transpar-
ent conditions of the nth paired observation. A single n represents a unique question
for which the judge model evaluated the candidate model’s response under two con-
ditions: anonymous and transparent. We store the underlying response in a database,
so it is a constant. This helps us ensure that any variance in the assigned score is a
direct result of identity revelation rather than the quality of the response.

We also added a control group to determine whether the identity biases are
reflected even on questions that have factual answers. For the control group, questions
were taken from various domains like science, mathematics, social science, and stress-
reasoning-type questions. We combined these categories into a single major category
called factual questions, as they have definitive answers. Here the reasoning was set to
medium (default parameter) for GPT OSS (specifically high for the stress-reasoning
question subcategory) and none for DeepSeek V4 Pro (max for stress-reasoning ques-
tions). The temperature was set to 1 for all models that were asked to answer these
questions in the control group.

To verify the statistical significance of the observed identity gap, we employ a
paired t-test. This test is specifically designed for blind vs. revealed cases. This helps
us calculate a p-value, which shows the probability that the observed scoring shift
occurred purely due to noise or random choice. The statistical rigour allows us to test
the subjective gradient of LLM biases. By comparing the p-values across categories,
we can demonstrate when this identity bias shows up.

6 Experimental Analysis

We report findings at two granularities: one at the original subcategory level, where
significant effects were observed during earlier analysis phases, and secondly the
merged ‘political’ category, which aggregates them for a larger sample size and higher
statistical power.

6.1 Current Findings

We found that identity revelation produces effects that vary by question category
and verifier origin. On objective factual questions, the gap was negligible. On geopo-
litically sensitive chip-war content, it was found that certain verifiers (GLM 5.1 and
Qwen3 32B) awarded significantly higher scores to Sarvam M responses upon iden-
tity revelation (GLM 5.1 +7.00 points, p = 0.0249; Qwen3 32B +5.20 points, p =
0.0426). This pattern is replicated across two independent ecosystems, which presents
strong evidence of content-specific identity bias. Yet another such instance was seen
when a verifier (Mistral), when grading Sarvam M on politically sensitive topics, pro-
duced a significant score reduction in the transparent phase (Gap −1.50, p = 0.0756).
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When all these subcategories were merged into one category called political (n = 17),
we found that the American-origin verifier Llama 3.3 70B awarded GPT OSS 120B
responses 1.56 points higher in this category upon identity revelation (n = 9, p =
0.0033). Another verifier, Qwen3 32B, showed a similar pattern with larger magnitude
but marginal significance (n = 14, gap = +6.86, p = 0.0895). Both reward the same
author across verifiers of different national origin, suggesting authority bias towards
established models rather than pure cultural solidarity. Several additional pairings
showed marginal trends (p ¡ 0.10), indicating identity- driven bias. On reasoning stress
questions, which contain verifiable answers, we saw Qwen3 32B award GPT OSS 120B
2.40 points higher upon identity revelation (n = 10, p = 0.0552). This effect on factual
questions is particularly noteworthy, as the underlying answers are objectively either
right or wrong. In our study, we found that on preference-type questions, GPT OSS
gives a significant boost to DeepSeek (n = 15, Gap = 4.27, p = 0.0433).

Several additional pairings showed marginal trends (p < 0.10), indicating identity-
driven bias. On reasoning stress questions, which contain verifiable answers, we saw
Qwen3 32B award GPT OSS 120B 2.40 points higher upon identity revelation (n =
10, p = 0.0552). This effect on factual questions is particularly noteworthy, as the
underlying answers are objectively either right or wrong.

In our study, we found that on preference-type questions, GPT OSS gives a
significant boost to DeepSeek (n = 15, Gap = 4.27, p = 0.0433).

Fig. 3 Results after conducting the t-test on the subjective preference category.

We observe the effects that the pattern of identity effects scales with the content’s
sensitivity: negligible on objective factual questions, marginal on stress-reasoning
tasks, and significant on geopolitical content. This suggests that identity-aware bias in
LLM peer evaluation is not a universal property of the process itself but is activated
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by the cultural and political relevance of the content being scored and the authority
of the model.

For the factual category, there were no major biases seen across the whole category.
Specific subcategories of stress reasoning did show some biases. So we can say that
identity biases are reflected mostly when the questions are tough for LLMs to solve,
or when they need to choose in preference-based questions, though they can flip sides
if the same question is asked repeatedly and even after clearing the memory.

Fig. 4 Results after conducting the t-test on the factual category.

7 Proposed Solution

What we conducted was just a pilot study with a few questions but if this needed to
be scaled up and in a deployed system where multiple organisations are running peer
evaluations often in tasks like benchmarking the operator can claim they ran the test
blindly but there would be no means to verify it.

So we propose a blockchain which makes this verifiable and so people and the
academic community can have trust in the process, and cross-verify if needed. This
reduces the need for third party verifiers and independent researchers who today have
to test claims of newly released models in order to verify them.

Here we implemented a decentralised architecture where LLM are in a blockchain
and act as autonomous economic agents (AEA) that interact directly on a P2P net-
work, governed by a blockchain based commit-reveal protocol. Our implementation
consists of three layers:

• The Agent Layer: Each LLM (eg. GPT OSS 120B as the candidate and Llama
3.3 70B as a judge) is put within an autonomous agent. These agents have unique

8



decentralised identifiers (DID) and their own blockchain wallets which allows these
LLMs to interact as independent economic entities.

• The Communication Layer (P2P Protocol): We utilize the uAgents P2P protocol,
here these agents engage and communicate directly. We’ve hardcoded the blind
condition into the Judge Agent’s logic. This allows us to programmatically restrict
from getting the metadata until a cryptographic commitment is finalised.

• The Blockchain Layer: We use an Ethereum compatible ledger (Anvil) to host
a custom smart contract. This acts as the source of truth and allows us to enforce
the sequence of evaluation.

The protocol’s integrity is maintained through a two-phase cryptographic cycle:

• Phase 1: Upon receiving a response, the judge agent generates a score s and a secret
salt σ. It submits a one way hash to the blockchain. This locks the judges’ opinion
in a specific block before the candidate’s identity is known.

• Phase 2: Once the commitment is confirmed on-chain the candidate agent reveals
its identity. The judge agent then submits its raw score and salt to the contract. The
contract independently verifies the hash. If they match, the score is permanently
recorded and called verified.

Fig. 5 Showing how the proposed blockchain solution works.
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Fig. 6 Showing what happens when the judge commits a blind score.

Fig. 7 The reveal protocol is shown.

Also, as stated in the related work section the various benchmarks today and claims
made by companies need to be independently verified by various other organizations
and academia. This blockchain based method will significantly reduce this workload
and allow the reviewers to see and verify these claims.

8 Discussion

Our work represents an empirical study of identity aware bias in LLM as a judge
framework alongside a blockchain based commit-reveal protocol for verifiable blind
evaluation. Through paired evaluation across seven model verifiers and three primary
models on 58 question benchmarks spanning factual, reasoning, political, and pref-
erence categories. We were able to show that identity revelation produces content
dependent score shifts. Whereas effects are statistically negligible on factual questions,
marginal on stress reasoning reasoning questions and significant on geopolitically sen-
sitive content. Here we observed a strong signal when established models were scored
under transparent conditions. This pattern held across different verifier ecosystems.
Our proposed commit reveal protocol which was implemented via autonomous eco-
nomic agents on an Ethereum compatible ledger, cryptographically binds judge scores
before candidate identities are disclosed. Hashed score commitments are recorded on
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chain in phase 1, with raw score and salts revealed and verified in phase 2. This pro-
vides an auditable evidence trail that distinguishes genuinely blind evaluation from
post hoc claims of blindness.

The current study is a pilot with limitations that constraint our claims. Most of
our reliable findings survive standard significance thresholds, other marginal results
require replication at larger scale. Manual session management across web playgrounds
introduces some variance that an API only deployment would eliminate. A judge’s
underlying model could in principle infer authorship from response stylometry even
without explicit metadata. Future work should expand evaluator diversity beyond the
seven models tested, increase per-cell sample sizes to support multiple-comparison
connections across full judge x author matrix and extend this protocol with trusted
execution environments. A large-scale deployment with participating model providers
would test whether the protocol functions as a practical replacement for self-reported
benchmark claims, reducing the verification burden currently borne by independent
researchers and third- party leaderboards.

9 Conclusion

Our work explores the problem of benchmarking and how independent verifiers and
researchers in academia need to verify benchmark scores after frontier companies
report them. Through our pilot study we show that even on certain tasks and some
preferential/sensitive questions LLMs as a judge change scores on revelation. This sup-
ports the claim that blindness is necessary for preventing certain kinds of biases when
LLM as a judge framework is used. But turning a blind eye to benchmarks and when
it has been found that benchmarks tend to be gamed by frontier AI labs and compa-
nies can have large scale economic implications.We propose this blind commit reveal
protocol over a blockchain which will allow for transparency and trustworthiness for
benchmarks and reduce the workload of people having to reverify and fact check the
claims made by the creators of various frontier AI models.

Acknowledgements. Though generative AI systems are part of the subject of this
article (for the experiment), the authors did not make any use of generative AI to
write this paper in any way of which they are aware.
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Table 1 summary of cited literature

Authors Methodology Strengths Weakness Opportunities

Alessa et al Evaluates framing and primary
bias via user studies & self
updating datasets

Directly measures
impact on human
decision making

Findings limited to
summarisation and
review contexts

Expand studies to
high stakes domain

Peng et al Automated bias perturbation Systematic bias
discovery

Reliance on
teacher LLM mod-
els

Continuous moni-
tor integration

Yang et al InfiCoEvalChain -blockchain
based decentralised evaluation
across heterogeneous compute
nodes

Reduces hardware
induced variance
and incentivises
honesty

High architectural
and network com-
plexity to maintain
validators

Integrate decen-
tralised consensus
with mainstream
leaderboard

Qui et al Counterfactual LLM personas
and pairwise evaluation via
Bradley Terry models

Successfully disen-
tangles rhetorical
style from scien-
tific content

Scope restricted
to specifically
machine learning
papers (ICLR)

Apply this to other
scientific or other
public writing

Lia et al Automated LLM based discov-
ery framework (BiasScope) &
JudgeBenchPro

Shifts bias detec-
tion from static
manual lists to
active, scalable
exploration

High computa-
tional overhead
to discover and
generate unknown
biases

Develop real-time
lightweight bias
during LLM evalu-
ation

Spiliopoulou
et al

Statistical framework compar-
ing LLM scores against inde-
pendent 3rd party judges

Mathematically
isolates genuine
model quality from
self-bias and fam-
ily bias

Relies on availabil-
ity of costly expert
human annota-
tions

Create robust,
fully automated
proxies for human
ground truth

Chen et al Aligns LLM voting predictions
with verified real world parlia-
mentary records

Grounded in objec-
tive, cross national
data rather than
vague political
prompts

Analysis currently
limited to three
specific European
parliaments

Broaden ideolog-
ical evaluation
to diverse global
political systems

Buyl et al Multilingual sentiment analysis
of portrayal for ∼4,000 political
entities

Maps LLM ideo-
logical stance to
the geopolitical
worldview of its
creators

Relies on senti-
ment as a proxy
for complex ideo-
logical positioning

Incorporating cre-
ator ideology map-
ping into decen-
tralised auditing

Sun, Li and
Zhang et al

Introduces zkLLM a specialised
zero-knowledge proof(ZKP)
system designed to verify LLM
output authenticity without
revealing model parameters

Ensures privacy
by preventing the
leakage of model
parameters during
the verification
process

Latency remains a
concern for real-
time applications,
as proving a sin-
gle inference pro-
cess still requires
around 15 minutes

Addresses criti-
cal AI legislative
challenges by
establishing a
standard authen-
ticating LLM
generated content

Sobo et al Direct comparative bench-
marking of LLMs using a
20-prompt test suite mapped
to functional Java code con-
trol blocks for an abstract 3D
robot class evaluated via strict
functional JUnit unit testing

Prioritizes direct
task-execution
and physical
functionality
over traditional
software code com-
plexity metrics,
isolating precise
logical perfor-
mance boundaries

Relies on a simpli-
fied integer-based
coordinate sys-
tem and a discrete
object interac-
tion model that
abstracts away
continuous motion,
friction, and
momentum

Validates LLMs
as viable rapid-
prototyping
assistants in
robotics develop-
ment/education;
framework can
scale to test
Python, C++, and
multi-sensor track-
ing systems

Pierro et al Blockchain-based reputation
oracles using Model Context
Protocol (MCP)

Ensures integrity
of external data
and mitigates hal-
lucinations

Complex network
dependencies for
real time verifica-
tion

Verified cross ref-
erencing for RAG
based evaluation
systems
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