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Abstract

Pairwise evaluation of Large Language Models (LLMs) is a
common paradigm, but it is prone to preference bias, where
judges systematically favor certain outputs, such as their own.
This bias leads to inconsistent and skewed rankings across
different judges. To address this, we first empirically demon-
strate significant and heterogeneous biases in cross-model
evaluations. We then propose UDA (Unsupervised Debias-
ing Alignment), a framework that reduces inter-judge dis-
agreement by dynamically adjusting the Elo rating system.
For each pairwise comparison, a compact neural network
learns to adaptively set the K-factor and refine win probabili-
ties. Crucially, UDA operates in a fully unsupervised manner,
guided solely by the objective of minimizing the dispersion
among the Elo trajectories of all judges. This forces an align-
ment towards a collective consensus, which serves as an unsu-
pervised proxy for a more stable and reproducible evaluation.
In addition, we provide theoretical motivation demonstrat-
ing how alignment towards a consensus can reduce aggregate
system bias. Experiments show that UDA significantly re-
duces the inter-judge rating standard deviation by up to 63.4%
and improves the average correlation with human judgments
by 24.7%. Notably, UDA elevates the performance of poorly
performing judges to achieve parity with high-quality ones,
fostering a more robust and reliable evaluation ecosystem.

Code — https://github.com/zhang360428/Debias

Introduction

Large Language Models (LLMs) like GPT-4 and Claude-
3 now drive progress across Natural Language Processing
(NLP), while their daily use in commerce, education, and
entertainment seamlessly integrates them into everyday life
(Zhao et al. 2025; Minaee et al. 2025). Rigorous evaluation
is therefore indispensable: it guides model optimization and
equips users with an empirical basis for selection, ensuring
robust deployment in the wild (Chang et al. 2023).

The paradigm of ‘LLM-as-a-judge’ (Zheng et al. 2023)
delegates the evaluation to a second large model that acts as
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Figure 1: A. Some models prefer their own answers, and mit-
igating this bias from using different LLMs can make the re-
sults more accurate. B. Dynamically recalibrate, rather than
naively adopts, LLM-judged scores, using consensus among
judges as the supervisory label in lieu of human annotation.

an autonomous judge: the judge is prompted to score, rank
or critique the outputs of the target model without human
labels. Yet this very mechanism introduces systematic bias
(Wang et al. 2023; Thakur et al. 2025). In this paradigm,
pairwise judgments consistently outperform pointwise scor-
ing in robustness and are widely adopted, for example,
Zheng et al. first established this in the LMSys Chat-
bot Arena (Chiang et al. 2024): GPT-4 achieved markedly
higher agreement with human preferences when ranking
anonymized responses head-to-head than when assigning
absolute scores. Subsequent works (Wang, Zhang, and Choi
2025) corroborate that pairwise ranking reduces intra-model



variance; on RewardBench, GPT-40 attains 90.5% accuracy
in pairwise mode versus 88.0% in pointwise mode, while
smaller models trend in the opposite direction. Different
LLM are built and trained in unique ways, causing them to
have specific biases, such as a preference for wordy or stylis-
tically similar answers. This results in varied scores and
rankings. Prior works show that score disparities exceeding
30% among LLMs on identical benchmarks (Ye et al. 2024).

Most researches (Chang et al. 2023) mainly focus on the
improvement of evaluation indicators and methods, but the
studies on how to reduce the impact of model preferences
during the evaluation process are not in-depth enough. Al-
though recent work calibrates proprietary models on-the-
fly via prompt engineering (Zhou et al. 2024), the practice
remains ad-hoc and theoretically thin. Ensemble schemes
(Wataoka, Takahashi, and Ri 2025) mitigate bias but explode
in cost, and Nash-based re-ranking (Liu et al. 2025a) scales
poorly. In addition, there is relatively little research on how
to use deep learning techniques to dynamically adjust the
evaluation process, rather than just directly using the eval-
uation results provided by large models, in order to reduce
the bias from different judge models.

To address these limitations, we propose UDA (Unsuper-
vised Debiasing Alignment), a fully automated, annotation-
free framework that reconciles heterogeneous LLM judges.
UDA retains the anonymity and simplicity of pairwise Elo
tournaments but injects a learned, instance-level correction
mechanism. Concretely, for each comparison, we (i) calcu-
late the distributional similarity between the two answers,
(ii) quantify the judge’s preference by contrasting its own
generated response with the two candidates, and (iii) feed
these continuous signals into a lightweight neural adapter
that outputs an adaptive K-factor and refined win probabil-
ity expectations. The adapter is trained to pull each judge’s
scoring trajectory towards the collective consensus of all
judges. This consensus, while not a perfect ground truth,
serves as a pragmatic, unsupervised signal to mitigate ex-
treme idiosyncratic biases. Because these adjustments are
conditioned solely on the response distributions, UDA is
model-agnostic and requires no additional fine-tuning.

Bias usually shifts across topics: a judge fair on one task
may favor itself on another. To verify generalisation be-
yond public benchmarks, we evaluate UDA zero-shot on a
newly curated HUMAN-ANNOTATED TRANSFER SET that
contains 100 open-ended prompts distinct from the train-
ing corpus. Without any retraining, UDA still shrinks the
inter-judge standard deviation by 63.4% and boosts corre-
lation with human preferences by 24.7%, demonstrating ro-
bust transfer to unseen domains and judges.

We first quantify the tendency of each judge to over- or
under-rate its own response. On our curated dataset, base-
line Elo produces self-scores that deviate from the average
score assigned by the remaining judges by as much as —21%
(underrating) to +56% (overrating). After applying UDA,
the same deviations narrow to only —15% to +4%, indicat-
ing that extreme self-preference is largely suppressed. Under
mild assumptions, UDA minimises the aggregate bias across
all judges (Theorem 1). However, because the procedure
pulls every judge toward the consensus, exceptionally well-
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calibrated judges may experience a slight drop in individual
accuracy; the collective variance reduction dominates this
per-model cost. Despite the small per-model trade-off, UDA
improves the average Pearson correlation with human rank-
ings from 0.65 to 0.81 (+25%), confirming that shrinking
inter-judge disagreement also aligns the final scores more
closely with human preferences.

To the best of our knowledge, we are the first to re-
duce pairwise LLM-as-a-judge preference bias in an unsu-
pervised manner.

Related Work

LLM-as-a-Judge

The LLM-as-a-judge approach has been widely adopted for
evaluating LLMs due to its low cost and high efficiency (Gu
et al. 2025). This method leverages one LLM to assess the
outputs of another, providing fine-grained evaluations. For
instance, OpenAI’s GPT and Anthropic’s Claude are com-
monly utilized as judge models to evaluate the performance
of other LLMs. However, this approach may introduce sig-
nificant bias. Different judge models can produce varying
results and rankings, as their specific traits, differences in
training data, and subjective evaluation criteria can influence
the evaluation results.

Elo Rating System

The Elo rating system (Hunter 2004), traditionally used in
chess, has been adapted for evaluating large language mod-
els (LLMs). Chatbot Arena (Chiang et al. 2024) introduced
an Elo system that assesses chatbots through pairwise com-
parisons based on user votes. This method offers a dynamic
and interactive approach to evaluation, providing a degree
of objectivity and comparability. However, it may be in-
fluenced by user preferences and the diversity of evalua-
tion questions. Yet, this system still relies on user feedback
and faces challenges in scalability and scenario diversity.
Gray et al. (2022) combined the ELO system with traditional
metric-based evaluations, integrating model rankings with
specific metric analyses for a more comprehensive assess-
ment. Despite these advancements, existing ELO evaluation
systems in LLMs still struggle with balancing the weight of
different evaluation dimensions and criteria.

Bias in LLM-as-a-Judge

Preference bias in LLMs is a critical evaluation issue
(Wataoka, Takahashi, and Ri 2025). It causes LLMs to over-
rate certain outputs, especially their own output. Studies
(Zheng et al. 2023; Xu et al. 2024) reveal that some LLMs
favor their own generations. This bias may step from the
model’s training data and architecture. Larger and more
capable models often show stronger self-preference. The
model’s internal probabilities may favor familiar generation
styles, and alignment training artifacts could also contribute.
Panickssery, Bowman, and Feng explored the link between
self-preference bias and self-recognition ability. As shown
in Figure 2, it reveals heterogeneous LLM preferences.
Other biases also exist. Some models show position bias,
preferring the first or last option in pairwise comparisons.
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Figure 2: Pairwise answer evaluation experiments were con-
ducted using different large models as judges on the same
Arena Hard dataset. The figure shows that LLMs exhibit
self-preferential bias: some over-rate their own answers rel-
ative to other judges, others under-rate them. On ArenaHard
(the depicted dataset) this bias ranges from —38% to +90%,
while on our dataset it spans —21% to +56%.

Model performance is influenced by whether real names or
anonymous aliases are used (Koo et al. 2024). Large models
tend to favor their own responses under anonymity, but this
self-preference decreases when real names are shown, while
smaller models’ self-preference increases.

Mitigating LLM Judgers’ Bias

Zhou et al. (2024) tackled the bias issue in the “LLM-as-
a-judge” approach by quantifying the bias in large models’
predictive distributions and then subtracting it to reduce the
bias. However, this method has limitations when evaluat-
ing close-source 1lm. Due to the inaccessibility of predic-
tive logic, it is difficult to calculate the distributional differ-
ences between pre-trained and SFT models. Consequently, it
resorts to prompt engineering to model surface quality and
mitigate bias. Liu et al. (2025a) adopted a game-theoretic
perspective, framing evaluation as a three-player game and
proposing a Nash equilibrium solution. Yet, the equilibrium
ratings lack scalability and cannot be directly applied to
many real-world large models. Liu et al. (2025b) tried to op-
timize ELo rating systems in arena settings, they proposed
the am-ELO framework, which uses maximum likelihood
estimation (MLE) to adjust the Elo probability function by
incorporating annotator abilities, enhancing stability and ac-
curacy from an annotation accuracy perspective.

However, these methods either rely on inaccessible model
internals, resort to prompt engineering, or heuristics-based
reranking that scales poorly. Moreover, these methods over-
look the unequal impact of individual comparisons in scor-
ing systems: a weaker model’s loss to a near-equal rival is
weighted identically to its loss to a markedly stronger one,
an evident flaw that undermines power when sample sizes
are small. They also ignore judge-induced distributional bi-
ases—e.g., inflated scores arising simply from a preference
for responses resembling their own. In contrast, our ap-
proach dynamically reweights each pairwise outcome and
incorporates distributional features to correct for biases, us-
ing the principle of consensus alignment as a supervisory
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signal in the absence of human labels.

Method

UDA (Unsupervised Debiasing Alignment) is an annotation-
free method that reconciles a set of M heterogeneous LLM
judges, J, by dynamically adjusting the Elo update rule for
a set of [V candidate models, M. Given a prompt , a judge

k € J expresses its raw binary preference r]k e {0,1}
for paired responses (a;, a;) from models ¢, j € M, which

in turn determines the Elo score ng) € R for each model
under that judge. The key idea is to treat the collective con-
sensus ranking of all judges as a pragmatic, unsupervised

target without human labels.

Baseline Elo Updating Rule
Baseline Elo updates judge k’s score via

k k k ~(k ~(k k k
R RO () ), B = o - R,

pz] pz]
(1
) and K is a global constant.

where o(z) =1/(1 4+ e *

Adaptive Debiasing Network
For every pair of answers (a;,a;) and a judge k, we ex-

tract a feature vector ¢§ *) based on the semantic embeddings
of the answers (e;, e;) and the judge’s own generated re-
sponse (eg). These features, constructed without human la-
bels, capture two key aspects: (i) the semantic and stylistic
relationship between the two answers being compared, and
(ii) the similarity of each answer to the judge’s own output,
which serves as a signal for potential self-preference bias.
The feature set includes vector operations (e.g., element-
wise differences) and scalar metrics (e.g., cosine similarity,
KL-divergence). The precise construction of the full feature
vector is detailed in Algorithm 1.

A small Multilayer Perceptron (MLP) f, : RSP+9 — R3
then maps this feature vector to the adaptive parameters:

(Kij, si, s5) = fo <¢£f)) :

where K;; is the instance-level K-factor, and s;, s; €

2

(0,1)

are soft labels that replace the hard TI(/;) to mitigate prefer-
ence noise (s; + s; = 1 after softmax normalization). All
parameters 6 are shared across all judges and prompts.

The Consensus Anchor Principle

A core challenge in unsupervised debiasing is the absence of

a “golden” reference. Our methodology is built upon a foun-
dational principle: while individual Lg,M judges are fraught
with idiosyncratic biases, the consensus derived from a di-
verse pool of judges can serve as a powerful proxy for a
more stable and reproducible evaluation.

This principle is motivated by our empirical findings (Fig-
ure 2). The biases are not monolithic; they are heteroge-
neous. For instance, on ArenaHard, a judge like glm-4-
flash exhibits strong self-preference (+90%), while a top-tier
model like gpt-4o can paradoxically underrate its own re-
sponses (—38%). We hypothesize that these opposing biases
tend to partially cancel each other out when aggregated.



Algorithm 1: Feature Vector Construction (gi)l(.f)) for UDA

Require: Answer embeddings e;,e; € RP

embedding e;, € R

Let ® denote the element-wise product.

{Part 1: High-Dimensional Features (6 vectors)}

Vitt,ij < |€i — €]

Vait,ik < |€; — ex| {Judge self-bias feature}

Vit jk < |€j — ex| {Judge self-bias feature}

ni < eill2, nj < llejll2, nik < [lexll2

Viorm-prod,ij < (€ © €;)/(nin; + €)

Viormeprod,ik <— (€; © €g)/(niny + €) {Judge self-bias

feature}

9: Vnorm-prod,jk < (€ © ex)/(n;ni + €) {Judge self-bias
feature}

10: {Part 2: Scalar Features (9 scalars)}

; Judge’s own

PRI ALY

11: s;; <« cos(e;,ej), Sy < cos(e;,eg), Sjp
cos(ej, ey)

12: p; <+ softmax(e;), p; < softmax(e;), pr
softmax(ey)

i ik
130 dg” — KLp; || po) dig” « KL(pi || p),
jk
dg" + KL(p; | p)
14: Laigrij < |ni — nyl,
Inj — |
15: {Part 3: Concatenation }

. (k)
16: ¢;; < concat [Vaitt, i Vaiff, ik » Vaiff,jk»

Laite ik < |0y — nel,  Laite jr

17: Vhnorm-prod,ij» Vnorm-prod,iks Vnorm-prod,jk s
. (Gy8) 40k)  5(5,k)

18: Sijy Siky Sjk, dKL 7dKL 7d ,

19: Laifr,ij, Laitt, ik Laite, o |

20: return qbl(-f) € ROD+9

However, we acknowledge a critical limitation of this as-
sumption: if a majority of judges share a systemic bias (e.g.,
a preference for verbosity), their consensus will reflect a
“bias average” rather than a debiased center. In such a sce-
nario, UDA might inadvertently reinforce this majority bias.

Therefore, UDA does not treat the consensus score, de-
noted as G, as an infallible ground truth. Instead, we define
it as a stabilizing proxy target. The objective of UDA is
not to perfectly replicate this consensus, but to use it as a
supervisory signal to reduce system variance. By training
each judge to align with the collective agreement, UDA ef-
fectively mitigates the extreme, idiosyncratic preferences of
any single judge. The underlying hypothesis is that this vari-
ance reduction will enhance the overall reproducibility and
alignment with true quality, a hypothesis we validate empir-
ically against human judgments in our experiments.

Consensus-Driven Training

Let the mini-batch B, contain all pairwise comparisons is-
sued by a single judge k; in one forward pass. After apply-
ing the adaptive update rule, we obtain a vector of per-model
Elo scores R(®) € RV for the batch. Across B such judge-
homogeneous batches we ﬁrst compute the consensus an-
chor using R = & Zb (R®and G = & Zb 1 Rb“Ise

where R‘(’z‘;e are the scores produced by the basehne Elo

rule with fixed K = 32. We use G as our optimization tar-
get. It is important to clarify that we are aware of the po-
tential biases within the baseline Elo system. However, in
a fully unsupervised setting, the consensus score G repre-
sents the most practical and accessible proxy for a stable,
judge-agnostic ranking. Our framework is designed to learn
a corrective function that maps raw comparisons to debiased
outcomes, using the noisy but stable signal from G as its
guide.
The training objective is:

o) = a3 RO
b
+ BZ(I - pp(R(
b

with pj, (-, -) the Pearson correlation. Minimising Eq. (3) si-
multaneously (i) pulls each judge-specific trajectory toward
the baseline consensus, (ii) maximises the linear rank cor-
relation with that consensus, and (iii) enforces collective
agreement across all judges. The ultimate success of this ap-
proach is evaluated by its ability to improve correlation with
external, human-annotated ground truth.

-Gl +0|R-GJ3

ZNe) 3)

Adaptive Elo Updating Rule
After training, judge k updates its scores with

Algorithm 2: UDA Adaptive Elo Update

Require: responses a;,a;, judge k,
ng), R;k:)
compute features ¢;; (Algorithm 1)
(Kij,8i,85) < fo(di;) {forward pass}
5 o R~ R
update

R¥ « R 4 K (si — pfj )

R(k) - R(k) + Kij(s5— (1—p))

current  scores

Theoretical Motivation for Consensus Alignment

Our core claim is that aligning diverse judges towards a con-
sensus reduces aggregate system bias. To provide theoretical
motivation for this approach, we analyze a simplified, ideal-
ized model of the alignment process.

Theorem 0.1 (Principle of Aggregate Bias Reduction). Let

R be the unknown true Elo score for model i. Let ng)
be the score assigned by judge k, which includes a bias
term e(k) = R(k) R;. The UDA procedure, by opti-
mizing ‘each ]udge s score towards the consensus, is moti-
vated by the principle that this reduces the total expected
absolute bias across all judges. Under an idealized lin-
ear shrinkage model of the consensus alignment, for any
model 1, the expected aggregate bias after alignment satis-

fies: M B[l (UDA)|] < S0, E[|e (base)|].

Proof Sketch (Illustrative). We model the alignment as a di-
rect shrinkage towards the mean, serving as a theoretical mo-



claude glm-4 glm-4 glm-4

gemini-

Model gpt-4o 35  -air  -plus -flash doubao-1.5pro qwen-max deepseek-v3 5 0-flash deepseek-r1
Baseline Elo  162.0 154.5 122.6 99.7 118.2 170.1 109.0 149.6 341.9 157.5
UDA Method 71.5 44.8 47.8 421 50.3 72.6 58.1 61.1 128.8 71.1
Reduction% 558 71.0 61.1 578 574 573 46.7 59.2 62.3 54.9
Table 1: Inter-LLM judge score standard deviation (}.) on ArenaHard Dataset.
claude glm-4 glm-4 glm-4 gemini-
Model gpt-4o 35 -air  -plus -flash doubao-1.5pro qwen-max deepseek-v3 3 0-flash deepseek-r1
Baseline Elo  310.9 119.3 913 98.6 161.5 250.1 182.0 165.6 131.1 429.1
UDA Method 125.0 283 563 37.2 804 64.8 61.8 77.4 52.7 125.8
Reduction%  59.8 763 383 622 502 74.1 66.0 53.3 59.8 70.7

Table 2: Inter-LLM judge score standard deviation () on HUMAN-ANNOTATED TRANSFER SET.

tivation for the consensus-driven loss in Eq. (3). Let the up-
dated bias be a convex combination of the original bias and
the average bias: egk)(UDA) = aegk) + (1 — a)g;.

By applying the triangle inequality and Jensen’s inequal-
ity, we can show that the sum of absolute biases after this
alignment step is bounded by the original sum:

M M M
>l upA) < 3 (alel |+ (1= a)lal) < 3 Je
k=1 k=1 k=1

This idealized model illustrates the underlying principle:
while an individual, well-calibrated judge’s accuracy might
slightly decrease (a trade-off we observe empirically), the
collective variance and aggregate bias across all judges are
provably reduced. We emphasize that this is a simplified
linear model intended to provide intuition, while the full
UDA framework employs a learned non-linear function fy
to achieve this alignment adaptively. The full algebraic de-
tails are provided in Appendix. |

Experiments
Experimental Setup

Metrics. Inter-Judge Standard Deviation: The standard
deviation of a model’s scores across all LLM judges. Lower
values signify stronger inter-judge agreement and reduced
bias, measuring UDA’s success in curbing score dispersion.
Pearson Correlation with Human Judgments: The corre-
lation between a method’s generated ranking and the human-
annotated ground-truth. Higher values indicate closer align-
ment with human preferences. Alignment with Baseline
Consensus (for analysis): The Pearson correlation and
MSE between a judge’s UDA score and the baseline Elo
consensus (mean across judges). These internal metrics ver-
ify that our training objective successfully pulls individual
judges toward a stable collective anchor.

Datasets. We evaluate on two datasets: ArenaHard: A
subset of 500 prompts from the ArenaHard benchmark, with
responses from 10 diverse LLMs (e.g., GPT-40, DeepSeek-
V3). The same 10 models act as judges, yielding 450,000
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pairwise judgments. Human-Annotated Transfer Set: A
new dataset of 100 open-ended prompts with human pref-
erence labels, designed to test zero-shot generalization. The
data pipeline is identical to ArenaHard.

Training Details. The adapter is a 3-layer MLP trained
with AdamW. We use a learning rate scheduler and select the
best model based on validation loss. Full hyperparameters
are in the Appendix.

Baselines. The main baseline is the Baseline Elo with a
fixed K-factor (K = 32). We compare it against our full
UDA method. The Consensus score, our optimization tar-
get, is evaluated for its correlation with human judgments.

Experiment Results

Cross-Model Variance Reduction on ArenaHard. Ta-
ble 1 reports the per-model standard deviation of Elo scores
across ten distinct judge LLMs on ArenaHard. UDA signif-
icantly reduces the average inter-judge standard deviation
from 158.5 to 64.8, a relative decrease of 59.1%. The most
volatile model, gemini-2.0-flash, exhibits the largest abso-
lute shrinkage (341.9 — 128.8), confirming UDA’s efficacy
against extreme judge-specific bias.

Visual Consistency on ArenaHard. Figure 3 displays the
score trajectories under both methods. With baseline Elo
(left), divergent priors yield highly inconsistent curves with
score envelopes exceeding 340 points. UDA (right) com-
presses this envelope to within 130 points, demonstrating
the emergence of a stable consensus. This consistent reduc-
tion in variance verifies that UDA successfully suppresses
judge-specific priors, yielding more stable rankings across
evaluators.

Zero-Shot Transfer to Human-Annotated Dataset. We
applied the UDA adapter trained solely on ArenaHard di-
rectly to the HUMAN-ANNOTATED TRANSFER SET without
any retraining to evaluate its zero-shot generalization.

Variance Reduction and Correlation with Human Judg-
ments. Even on unseen prompts, UDA proves highly
effective. As shown in Table 2, it reduces the average
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Figure 3: Score stability across ten judge llms. Left: Baseline Elo. Right: UDA. Our method markedly aligns scores across
diverse LLM judges, yielding significantly lower inter-judge variance.

Pearson Correlation with Human Judgements

I Baseline Elo
BN UDA Method
I Consensus

B

A: GPT-40

B: DeepSeek-V3
C: Claude-3.5

D: GLM4-plus

E: GLM4-air

F: GLM4-flash

G: Doubao-1.5pro
H: Qwen-Max

I: Gemini-2.0Flash
J: DeepSeek-R1

Figure 4: Per-model Pearson correlation (1) between the
judge scores computed with the baseline method , UDA
method and consensus result, respectively, and the human-
annotated ground-truth scores. Notably, consensus scores
correlate best with human judgments; the uniform correla-
tion of 0.89 arises because the consensus is shared across all
judges, irrespective of individual model participation. This
validates the consensus as a robust optimization target.

inter-judge standard deviation from 193.95 to 70.97, a
63.4% relative decrease. More critically, Figure 4 shows
that this increased agreement translates to better align-
ment with human preferences. UDA (orange markers) con-
sistently outperforms the baseline (blue markers), rais-
ing the average Pearson correlation from 0.651 to 0.812
(+24.7%). Notably, it elevates even low-capacity judges
(e.g. glm—-4-flash) to reach near-parity with high-quality
ones (e.g. deepseek—rl) after debiasing. Furthermore,
the consensus result exhibits the strongest human correla-
tion, validating its use as an effective optimization objective.

Qualitative Heatmap Analysis. Figure5 offers a qualita-
tive view of the alignment by heatmaps of judge scores. The
Baseline Elo map (left) shows pronounced vertical stripes,
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indicating strong, judge-induced distortions where a single
judge rates models differently from its peers. In contrast, the
UDA Method (right) yields a much smoother pattern where
the columnar structure aligns more closely with human an-
notations, confirming effective cross-judge calibration and
alignment with a more objective standard.

Avg. Inter-Judge Human Pearson

Method Std. Dev. (1) Corr. (1)
Baseline Elo 193.95 0.651
UDA (Full) 70.97 0.812
UDA (Ablated) 65.04 0.510
Reduction (Full UDA) 63.4% +24.7%
Reduction (Ablated) 66.2% -21.6%

Table 3: Ablation study results on the HUMAN-ANNOTATED
TRANSFER SET. Removing self-awareness features (UDA
(Ablated)) further reduces score variance but critically de-
grades correlation with human judgments, highlighting their
essential role in achieving meaningful alignment.

Ablation Study: The Critical Role of Self-Awareness
Features To isolate the contribution of our key innova-
tion—features derived from the judge’s own response—we
conducted a critical ablation study. We trained and evalu-
ated a variant of UDA, hereafter referred to as UDA (Ab-
lated), where all features related to the judge’s own an-
swer embedding (ej) were removed from the input vector

gbl(.l.c). This reduced the feature space dimensionality from
4617 to 1539 and effectively rendered the model blind to
the judge’s stylistic priors. The model was trained using the
same consensus-driven objective.

The results, summarized in Table 3, reveal a fascinating
trade-off. On one hand, the ablated model achieved an even
greater reduction in inter-judge standard deviation, cutting it
by 66.2% (from 193.95 to 65.64). This indicates that, when
stripped of self-awareness features, the model becomes ex-
ceptionally effective at its direct optimization goal: forcing
all judges to agree with each other.
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Figure 5: Judge-score heat-maps on HUMAN-ANNOTATED TRANSFER SET. After refinement with UDA, the scores judged by
different LLM judges converge markedly, yielding a visibly narrower chromatic variance within each column of the heatmap.

However, this enhanced consensus came at a steep price.
The average Pearson correlation with human judgments
plummeted from 0.651 (Baseline) to 0.510 for the ablated
model, a significant decrease. In contrast, the full UDA
model, equipped with self-awareness features, boosted this
correlation to 0.812.

This finding provides powerful evidence that the self-
awareness features are not merely beneficial; they are essen-
tial for grounding the debiasing process. Without them,
the consensus-driven optimization risks converging to a
“false consensus”—a state where judges agree with each
other more strongly, but their collective judgment diverges
from a human-aligned ground truth. In essence, knowing its
own stylistic preferences allows a judge (and by extension,
the UDA framework) to properly discount them, thereby
steering the collective evaluation towards a more objective
and meaningful alignment.

Analysis and Discussion

In this section, we analyze UDA in light of recent advances
in LLM-as-a-judge calibration and contrast its empirical be-
havior with the theoretical claims made in Section .

Methodological Novelty in Context

UDA revises the canonical Elo update in two orthogonal
directions that jointly attack judge-induced inconsistency.
First, baseline Elo applies a global, static K, implicitly as-
suming homoscedastic noise. In practice, this is violated by
LLM judges whose priors correlate with their own outputs.
UDA replaces the constant K with an instance-adaptive
K;; learned from human-free features that capture both
inter-answer relationships and self-preference signals. Con-
sequently, likely biased comparisons are down-weighted.

Second, UDA replaces the raw win label rg-c) with learned

soft labels (s;, s;) that represent a bias-corrected win proba-
bility. This entire procedure is trained unsupervised, guided
only by minimizing dispersion among all judges’ Elo trajec-
tories to distill a robust latent consensus.
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Empirical Fidelity

Our experiments confirm that UDA’s consensus-driven ob-
jective successfully translates to empirical gains. The train-
ing loss (Eq. 3) guides the model to reduce inter-judge vari-
ance while maintaining rank fidelity to a stable consensus
anchor. As evidenced by zero-shot transfer results (detailed
in Appendix), UDA significantly improves alignment with
the baseline consensus across both Pearson correlation and
MSE metrics, confirming that the optimization effectively
suppresses judge-specific noise.

Crucially, this reduction in variance corresponds to a
greater alignment with human evaluators. UDA boosts
the average Pearson correlation with human judgments by
24.7%, democratizing evaluation by elevating weaker judges
to parity with stronger ones (Figure 4). The dramatic com-
pression of score variance, as visualized in Figure 3, empir-
ically validates the principle motivating Theorem 1: pulling
scores toward a consensus reduces system-wide variance
and produces more reproducible, judge-invariant rankings.

Conclusion

We introduced UDA, an unsupervised, plug-and-play frame-
work that mitigates self-preference bias in LLM-as-a-judge
by dynamically calibrating the Elo update rule. By learning
an instance-level K-factor and soft win-probabilities from
lightweight, human-free features, UDA distills a consensus
ranking that is simultaneously judge-invariant and human-
aligned. Extensive experiments on two benchmarks con-
firm that UDA (i) shrinks inter-judge score dispersion by
59-63%, (ii) raises average Pearson correlation with hu-
man labels by 25%, and (iii) elevates low-capacity judges to
parity with state-of-the-art models without retraining. The-
oretical analysis supports the bias reduction under mild as-
sumptions. Future work will explore richer feature spaces,
weighted consensus objectives, and sub-quadratic approxi-
mations to scale beyond hundreds of judges. Code and data
are publicly released to foster reproducible LLM evaluation.
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