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Abstract

Language models (LMs) judges are widely used to evaluate
the quality of LM outputs. Despite many advantages, LM
judges display concerning biases that can impair their in-
tegrity in evaluations. One such bias is self-preference: LM
judges preferring their own answers over those produced by
other LMs or humans. The bias is hard to eliminate as fron-
tier LM judges can distinguish their own outputs from those
of others, even when the evaluation candidates are not la-
beled with their sources. In this paper, we investigate strate-
gies to mitigate self-preference by reducing the LM judges’
ability to recognize their own outputs. We apply black-box
perturbations to evaluation candidates in pairwise compari-
son to obfuscate the authorship and reduce self-recognition.
We find that perturbations as simple as synonym replacement
for a few words predictably reduce self-preference. However,
we also uncover fundamental challenges to eliminating the
bias: when we extrapolate our perturbations to a more com-
plete neutralization of stylistic differences between the evalu-
ation candidates, self-preference recovers. Our findings sug-
gest that self-recognition and self-preference can happen on
many semantic levels, and complete mitigation remains chal-
lenging despite promising initial results.

Code —
https://github.com/Taslim-M/mitigatingselfpreference

Extended version — https://arxiv.org/pdf/2512.05379

Introduction

Language models (LMs) are frequently used in place of hu-
man evaluators to judge the quality of LM outputs. These
LM judges are now widely used for benchmarking (Zheng
et al. 2023; Bai et al. 2023), to help train LMs as reward
models (Leike et al. 2018; Stiennon et al. 2020), and to
guide inference-time compute (Saunders et al. 2022; Chen
et al. 2023). This “LM-as-a-judge” approach has clear scal-
ability advantages, but also suffers from biases that can hurt
the integrity of evaluations and derail model development.
One particularly concerning bias is self-preference (Zheng
et al. 2023; Liu, Moosavi, and Lin 2023; Panickssery, Bow-
man, and Feng 2024; Li et al. 2025; Goel et al. 2025; Ohi
et al. 2024; Chen et al. 2025), where the LM judge prefers
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Figure 1: Harmful self-preference of DeepSeek-V3 in pair-
wise comparison. When we perturb the answer pair to re-
duce superficial cues (e.g., word choice) that the judge can
use to infer model identity, harmful self-preference also re-
duces. However, the effect is reversed when we eliminate
identity cues by paraphrasing.

its own answers over those produced by other models or
humans, even when the alternative’s quality is objectively
higher. Self-preference is particularly harmful when the
judge prefers its own incorrect or unsafe answers over cor-
rect answers from other models (Chen et al. 2025). Judges
with harmful self-preference can amplify untruthfulness and
deceitfulness, a concern for both capability and safety.

In this paper, we investigate strategies to mitigate harmful
self-preference. We build on the self-recognition hypothesis
of Panickssery, Bowman, and Feng (2024): self-preference
is partially caused by the judges being able to recognize
themselves. Following this hypothesis, we seek to mitigate
self-preference by reducing the judge’s ability to distinguish
its own outputs from others: if the judge cannot tell which
answer is its own, it’s less likely to be biased. We do so by
applying black-box perturbations to evaluation candidates to
obfuscate their authorship.

We show that perturbations as simple as synonym re-
placement for a few words can indeed reduce harmful self-
preference. This suggests that self-recognition and self-
preference is indeed reliant on superficial, stylistic cues such
as word choice. However, we also discover that a com-



plete mitigation by black-box perturbations is challenging:
when we apply further perturbations to neutralize the stylis-
tic cues, self-preference recovers. The reason why this hap-
pens, as we design experiments to validate, is that self-
recognition and self-preference happen on many semantic
levels: when stylistic cues are removed, the judge can still
distinguish their own answer from others when they express
different opinions. This observation reveals the impossibility
of a complete elimination of self-preference, which would
require the judge’s decisions to be decoupled from their be-
liefs about what is correct. A more plausible framing of the
research question, as we discuss, should focus on preventing
the judge from overly relying on its prior belief.

Evaluating Harmful Self-preference

We focus on pairwise comparison, a common format of us-
ing LM as a judge for benchmarking (Chiang et al. 2024)
and reward modeling (Stiennon et al. 2020). Given answers
from two LMs, the LM judge picks the better one according
to criteria given in the prompt. When one of the LMs being
evaluated is the same as the judge, we say that the judge is
performing a self-evaluation.!

We define self-preference as the judge selecting their own
answer in self-evaluation. Such a preference is harmless if
the judge’s answer is indeed the better one, but harmful if
otherwise. On tasks where answer quality can be objectively
determined (e.g., by expert annotation), we can label self-
preference as harmful when the judge selects their own an-
swer when the competitor’s answer is objectively better.

Modeling

We evaluate self-preference using five instruction-tuned
LMs of varying sizes and capabilities: (1) Llama-3.1-8B,
(2) Qwen2.5-7B, (3) Llama-4-Scout-17B, (4) Llama-4-
Maverick-17B, and (5) DeepSeek-V3-37B. We set the tem-
perature to zero for all judge decisions.

Testbed: Long-document QA

To evaluate objective answer quality, we rely on multiple-
choice questions with human-annotated correct answers. In
particular, we use the QUALITY dataset (Pang et al. 2021),
which consists of long-form English passages (averaging
around 4200 words) accompanied by multiple-choice ques-
tions. The passages are drawn from fictional narratives and
magazine articles, designed to evaluate LM’s comprehen-
sion of long-form texts. Each passage is followed by a ques-
tion with four answer choices. We use the validation set of
QUuALITY, which contains 2,086 examples.

For each of the two models we are comparing, we provide
the passage, the question, followed by the answer choices.
We instruct the model to select an option from the list and
provide a reasoning for the answer. We refer to these two
parts of the model output as label choice and reasoning. We
instruct the judge to evaluate the two models based on both

'For simplicity, we say that the judge is comparing its own an-
swer against a competitor. But we should note that the model re-
ceives different prompts in its two roles and does not behave ex-
actly the same.
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their reasoning and their label choices, and provide context,
including the passage and the question. Finally, evaluate the
judge’s decision based on whether the selected label choice
is correct. Doing so allows us to objectively evaluate the
judge and to label self-preference as harmful or harmless.

To control for ordering bias, we query the judge twice for
each pairwise comparison, where the two evaluation candi-
dates are swapped. A decision by the judge is only consid-
ered valid if it remains consistent across these two queries;
otherwise, the judge is considered ambiguous. We report the
frequency that a judge is ambiguous, and remove those de-
cisions from subsequent analysis.

After removing ambiguous decisions, the judge’s
correctness—and subsequently the harmlessness of its
self-preference—can still be ambiguous. Some answer
pairs might contain two correct answers or two incorrect
answers—or, more generally, contain two answers of ob-
jectively comparable quality. We also omit these examples
from subsequent analysis.

To summarize, we use the following process to construct
a dataset of answer pairs for our analysis: we first gather
all models’ answers on validation examples of QUALITY.
Then, for every pair of models, we remove answer pairs with
comparable answers. We then use every model as a judge to
evaluate all remaining answer pairs, report the frequency of
ambiguous decisions, and remove them. In this collection
of answer pairs and corresponding judge decisions, we can
always use the groundtruth label to objectively determine if
the judge’s decision is correct or not. We refer to this dataset
as “all examples”.

Stronger Models Are More Accurate Judges

90 .
L|ama—4—Maverick—L7é(’\
80 -
,-~ DeepSeek-V3-37B
> Llama-4-Scout-1728
0’70 e
& P
3 //’
|9 ’
(9] ,/’
5 60 | Qwen2.5-7B .-
o)) P /,”
© 7
=] 4
=50
s’
Llama-3.1-8B
s r=0.93
30 L—

40 45 50 55

QA Accuracy

60

Figure 2: Bigger models are more accurate at both answering
questions and judging.

Bigger models are generally more accurate at both an-
swering questions and judging (Figure 2) and make fewer
ambiguous decisions (Figure 3).

In our experiments, we also find that more decisive mod-
els tend to be more accurate as judges (Figures 2 and 3),
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Figure 3: Capable models are less sensitive to the order of
evaluation and make fewer ambiguous decisions.

suggesting that when a model is confident about an answer
selection, the decision is more likely to be correct.

In the following analysis, we omit all ambiguous answer
pairs and judge decisions, such that for every pairwise com-
parison, we can definitively label the judge’s decision as cor-
rect or incorrect. Because judges might not be ambiguous on
the same set of examples, this omission leads to some varia-
tions in the answer pairs that each judge is evaluated on.

Stronger Models Overestimate Their Accuracy
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Figure 4: Win rate of each model against all others as judged
by the groundtruth compared to the model itself. Stronger
models overestimate their accuracy; weaker models do the
opposite.

For every model, we calculate its win rate against all
other models: the percentage of examples where the model
provides an objectively better answer than another model.
We can compare the win rate calculated based on the
groundtruth with the model’s own estimate to character-
ize self-preference. As we see in Figure 4, stronger mod-
els significantly overestimate their own accuracy. In partic-
ular, according to DeepSeek-V3’s own estimation, its win
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rate against other models is 73%, but in reality, its win rate
is 66%. Conversely, weaker models underestimate their ac-
curacy: they frequently prefer other models’ reasoning, even
when their own answer is correct.

Harmful Self-Preference in Large Models

To further isolate the impact of harmful self-preference, we
zoom in on each judge’s accuracy in self-evaluation and in
the harmful cases—the subset of self-evaluation where the
judge’s answer is wrong. As shown in Figure 5, the accuracy
of more capable judges takes a bigger dive in the harmful
cases, suggesting more significant harmful self-preference.
In particular, DeepSeek-V3 is more accurate than LLama-4-
Scout-17B overall and in self-evaluation, but its degradation
on harmful cases is much more significant, making it less
accurate than the two LLama-4 models in those cases. This
indicates that DeepSeek-V3, as a judge, shows a stronger
tendency to stick to its own reasoning when it’s wrong—it is
more “egotistical”. Harmful self-preference is distinctively
a tendency that occurs in the three larger models: although
they are overall more accurate judges, we can trust them less
to spot their own mistakes, even when a better alternative is
presented.

Mitigating Harmful Self-preference

The previous section validates that despite higher accu-
racy, the more capable judge also exhibits harmful self-
preference. This is concerning: in general, we will always
want to use the most capable and accurate judge, but the
harmful self-preference also means that we need to be more
cautious with them. In this section, we investigate strategies
to mitigate the self-preference bias, and empirically examine
whether there is a trade-off between accuracy and bias. We
base our study on the self-recognition hypothesis that self-
preference is partly driven by the judge’s ability to differen-
tiate their own answers from others. Motivated by how LM
detection methods (Mitchell et al. 2023) exploit the model’s
sensitivity to small changes in the input, we hypothesize
that self-recognition is also sensitive to small perturbations,
which means we can mitigate self-preference by reducing
self-recognition using small perturbations.

Validating the Self-Recognition Hypothesis

We begin our investigation by validating the connection be-
tween self-preference and self-recognition. Following Pan-
ickssery, Bowman, and Feng (2024), we prompt the judge
to identify which of the two evaluation candidates it be-
lieves to have been generated by itself, in a context separate
from self-evaluation. In the subset of harmful cases, there
was a positive correlation between self-recognition and self-
preference, r(6667) = 0.63, p < .001, 95% CI [0.62, 0.65].
A chi-square test further finds a statistically significant re-
lationship between them (p <0.001, df = 1). This indicates
that models are substantially more likely to favor incorrect
responses that they recognize as their own.

Perturbation by Synonym Replacement

Based on our validation that self-preference is associated
with self-recognition, we explore strategies to mitigate self-
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Figure 5: Strong models are significantly less accurate on examples where their own answers are wrong (harmful cases), but

have a higher overall judge accuracy.
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Figure 6: Examples of synonym replacement (top, Llama-3.1 and bottom DeepSeek-V3). Objective answer quality is not af-

fected.

preference by obfuscating authorship: if the judge cannot
recognize the answer as its own, it wouldn’t favor it dispro-
portionately.

One key intuition drawn from the LM detection literature
is that LMs are more sensitive to perturbations when they
are applied to texts that are generated by the same LM than
others. Zero-shot methods (Mitchell et al. 2023; Bao et al.
2023) achieve high detection accuracy by drawing a thresh-
old on the perplexity change when small perturbations are
applied to the text being evaluated: if the perturbation leads
to a large change in perplexity, it’s likely that the text was
generated by the LM. Following this intuition, we hypothe-
size that self-recognition is also highly dependent on stylis-
tic cues such as word choices, and that small perturbations
with no affect on the semantic meaning are sufficient for re-
ducing self-recognition.

The first perturbation we experiment with is synonym re-
placement: in self-evaluation, we replace two words in the
Jjudge’s answer with their synonyms. We anticipate that this
would reduce the judge’s ability to discern which of the two
evaluation candidate is its own generation, and subsequently
reduce self-preference.

We prompt a LLaMA-3.3-70B (not in our judge pool) to
identify replacement candidates in the reasoning that are nei-
ther stop words nor present in the question, to avoid disrup-
tive changes and ensure the relevance of the answer remain
unaffected. We use a third-party model for this purpose to
avoid bias against any judge. This process produces subtle
word changes that do not affect answer quality or relevance
to the question (Figure 6). We manually verify that by look-
ing at the perturbed answer, we cannot tell which word has
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Figure 7: Two-word synonym replacement reduces overall
self-recognition, especially for the more capable models.

been replaced; even when comparing the original and per-
turbed versions side by side, it is not possible to determine
which version is which. The number of words to replace is a
hyperparameter that we leave for future work to explore.

Synonym Replacement Reduces Self-Recognition
and Self-Preference

We repeat the self-recognition evaluations on the harmful
cases and observe a significant reduction in self-recognition
after perturbing only two words (Figure 7), with a more pro-
nounced impact on the stronger models. This confirms our
hypothesis that self-recognition is sensitive to superficial,
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Figure 8: Synonym replacement reduces harmful self-
preference and increases the accuracy of judges when their
own answer is wrong. A paired t-test revealed a significant
difference in preference between the original and perturbed
conditions (p <.01).

stylistic cues like word choices, and that black-box pertur-
bations can effectively obfuscate authorship.

We then validate that perturbations achieve the expected
effect of mitigating self-preference. Figure 8 shows a consis-
tent increase in the judge’s accuracy on the harmful cases—
examples where the judge’s answer is objectively the worse
one. This means that after perturbation, the judges are in-
deed less likely to prefer their own incorrect answers—a re-
duction in harmful self-preference.

Judges Are More Affected by Perturbations in
Self-Evaluation Than as a Third-Party

Despite our effort to minimize the impact of synonym re-
placements on the answer’s semantic qualities, we cannot
rule out that it contributes to the reduction of self-preference,
that the perturbed answer is, in fact, lower quality. In other
words, the perturbations can lower self-preference through
two paths: by reducing self-recognition as we desire, and by
damaging the answer’s quality. To control for the latter, we
examine the impact of perturbation on each judge as a self-
evaluating judge and as a third-party judge. To be more con-
crete, we first compute the total change in preference of all
judges in self-evaluation, as we do for Figure 8; we then use
each judge to evaluate answer pairs generated by two other
models, and compute the total preference before and af-
ter perturbation. The underlying answer pairs (including the
perturbed versions) remain the same under these two condi-
tions; the only variable is whether the judge’s own answer is
being perturbed. As we see in Figure 9, all judges are sig-
nificantly more sensitive to perturbations in self-evaluation
than as a third-party—although synonym replacement might
have a small impact on objective answer quality, the reduc-
tion in self-preference is mainly caused by reducing self-
recognition. We additionally validate that perturbations have
minimal effect on objective quality using a frontier commer-
cial model (03) as an approximation for human judgment.
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Figure 9: The impact of perturbation measured by total
preference change is significantly higher on judges in self-
evaluation than as a third-party. Human proxy also confirms
that perturbation has a minimal effect on answer quality.

To complement this, we also conduct a human study on 500
examples, confirming that human raters judged the original
and perturbed versions as equivalent in quality.

Perturbation by Judge-Paraphrasing

Our experiments with synonym replacement validate that
stylistic cues such as word choices are indeed the basis of
self-recognition, and that by perturbing those, we can reduce
self-preference. So we take it further: we use the judge to
paraphrase the competitor’s answer so they both look like
they were produced by the judge. If our logic holds, this
should completely neutralize these superficial cues and fur-
ther reduce self-preference. We call this perturbation judge
paraphrasing, and Figure 10 presents a few examples.

Judge Paraphrasing Increases Self-Recognition
and Self-Preference

Judge paraphrasing achieves the opposite effect than we
expected: it increases self-recognition (Figure 11), and in-
creases harmful self-preference (Figure 12). This means
that, when the stylistic differences are removed, the judge
is relying on semantic differences between the two answers
to judge which one was written by itself and which one
to favor. In retrospect, this makes sense: now that style is
no longer a factor, it is simply choosing the answer that it
“agrees” with.

Contrasting the two perturbations, we see that self-
recognition and self-preference can occur at multiple seman-
tic levels: it can prefer an answer because its style resembles
the judge’s own, or because it expresses an opinion that the
judge agrees with. Based on our experiments, when superfi-
cial self-recognition is removed, shared belief takes over as
the driving force behind self-preference.

To examine the dynamics between these two factors, we
cross-examine each judge with answer pairs where these two
factors act against each other: the label/option chosen by the
judge paired with a reasoning generated by the competitor,
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Figure 11: Using the judge to paraphrase the competitor—
which should neutralize all stylistic cues—ends up increas-
ing self-recognition.

and vice versa. In other words, the judge would see one an-
swer expressing an opinion that it agrees with, and another
answer with an opposing opinion, but in a style it’s more
familiar with. If, after this intervention, the judge changes
its decision to favor the answer with a familiar-looking
style, we can conclude that superficial self-recognition has
a higher weight in that decision.

Figure 13 illustrates the two contrasting outcomes ob-
served in the cross-reason experiments. For the weaker mod-
els, we observe a negative effect of shared belief, where in-
corporating the competitor’s reason reinforces the model’s
original, incorrect answer, ultimately decreasing judge ac-
curacy. In contrast, all three stronger models exhibit a posi-
tive self-recognition effect: they are more inclined to select
the competitor’s (correct) answer when it is paired with an
explanation generated by themselves. This observation rein-
forces our finding that stronger models have a higher self-
recognition ability and prefer answers written by them, even
if it goes against their original selection.

Mitigating Self-Preference in Coding Task

To examine whether our mitigation of self-recognition and
self-preference extends beyond a single task, we use the
MBPP+ dataset from (Chen et al. 2025) to test code-level
obfuscation techniques. Specifically, we use coding solu-
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Figure 12: Judge paraphrasing decreases judge accuracy in
the harmful cases and exacerbates harmful self-preference.
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Figure 13: Using the judge to generate a reason for the com-
petitor’s answer option and vice versa yields 2 observations:
weaker models tend to prefer the competitor’s reasoning
more, and stronger models tend to choose their own reason-
ing.

tions generated by Llama-3.1-70B and Llama-3.3-70B, then
evaluated against outputs from six other models. We rewrite
the original code to introduce idiomatic style variations
(e.g., converting imperative structures into declarative ones)
while ensuring functional equivalence by matching the orig-



inal code for all test cases provided in the question. Figure
14 illustrates the overall trend observed across both judge
models: introducing minor stylistic variations while pre-
serving the underlying code logic consistently reduces self-
recognition ability and improves judge accuracy.
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Figure 14: Restyling the code improves the judge-accuracy

in harmful cases, while reducing self-recognition ability.

Conclusion, Discussion, and Limitations

We study self-preference in LM judges using QuALITY,
a long-document question answering dataset. We find that
the more capable models exhibit significant harmful self-
preference: although they are generally more accurate, we
need extra caution when tasking them to spot their own mis-
takes, even when objectively better options are presented.
We validate the contribution of self-recognition to such bias,
and present viable mitigation strategies using inference-time
perturbations. At the same time, we illustrate the complexity
of this task: self-recognition and self-preference can occur at
multiple semantic levels, and a complete elimination is not
plausible—developing mitigation strategies requires a more
nuanced approach to formulate the objective.

White-box mitigation Recent work explores white-box
methods such as activation steering to manipulate self-
recognition (Ackerman and Panickssery 2024) and self-
preference (Nguyen et al. 2025). We focus on black-box
methods for two main reasons. First, the processes are less
dependent on having access to specific models’ internals
and are more applicable as a standardization process for
benchmarks. Second, the perturbations allow us to confirm
the hypothesis that self-recognition and subsequently self-
preference are indeed sensitive to superficial cues. An im-
portant future work would be to compare white-box and
black-box methods for their robustness and flexibility, both
of which are crucial to the proper debiasing of LM judges.
Models choose what they think is theirs Our findings
suggest a strong connection between self-recognition and
harmful self-preference—models tend to favor the output
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they believe they generated. Weaker models generally strug-
gle with self-recognition and, as a result, exhibit weaker
self-preference. This limitation can be advantageous: for in-
stance, our experiments show that Qwen2.5 performs on
par with models nearly five times larger in lose-case eval-
uations precisely because it does not demonstrate harmful
self-preference.

Recommendations for LLM-as-a-Judge Systems We
suggest several strategies to enhance the reliability of LLM-
based judge systems. First, since models tend to favor their
own outputs, excluding the evaluated model from serving as
a judge can help reduce this bias. Additionally, targeted to-
ken perturbations can eliminate superficial self-identifying
cues without compromising the overall quality of the re-
sponse. We encourage future works to explore other meth-
ods of authorship obfuscation. Among the most effective ap-
proaches, employing a majority-vote ensemble of decisive
judges offers a robust means of mitigating preference bias
and improving judgment fairness.

Harmful Self-Preference and scalable oversight LL.M-
based evaluations is a key to achieving scalable oversight in
many complex domains, where human supervision is costly
and limited (specialized). A stronger model may be used
as a supervisor in many tasks. Our experiments show that
stronger models are able to recognize themselves more fre-
quently, and suffer the most in loss cases due to harmful
self-preference. Thus, supervisor models in scalable over-
sight problems must be explored in these tasks, where the
models are not as effective as they are likely to provide bi-
ased or incorrect supervision. One such example is using an
LLM as a monitor for reward hacking or scheming output,
where using the same model for the detection of “cheating”
may result in undetected examples.

Limitations

Controlling for Confounding Biases. While we focus on
an objective task setup—where each evaluator is presented
with a single correct answer and is instructed to judge based
on the accompanying rationale—we do not explicitly con-
trol for factors such as persuasiveness, stylistic tone, or
length bias that may influence the model’s decision. These
attributes can unintentionally sway preferences, even when
the reasoning is logically sound. As a result, our analysis
captures a potential interplay between subjective and objec-
tive factors. Future work should explore controlled manipu-
lations of these stylistic elements to more rigorously assess
the fairness and robustness of LMs in judgment roles.

Broader Impacts of Perturbation. Our study primarily
targets the mitigation of self-preference bias in loss-case
scenarios. While the perturbation techniques we evaluate
are effective in this context, their impact on win-cases and
on settings where both reasons are perturbed remains un-
explored. A more comprehensive evaluation across diverse
scenarios is necessary to determine whether these methods
can serve as a general strategy for addressing superficial
self-recognition and associated biases in model judgment.
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