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Abstract

Large language models (LLMs) carry great value as evaluators of synthetic data for research
and production settings. However, recent research shows that language models exhibit bias
towards their own responses in blind model-to-model evaluation settings. Self-preference bias
shows clear negative effects on effective Judge Model Development, our chosen research track.
We first identify instances of this phenomenon at the behavioral level, robustly demonstrating
that two models – Llama 3.1-8b-Instruct and DeepSeek V3 – exhibit this behavior. Then, fo-
cusing on Llama, we construct a steering vector from the residual stream of the model that
represents the “self-preference” direction. Then, we demonstrate that the vector causally im-
pacts a model’s ability to assert self-preference by applying the vector to the model’s output as
it generates it (steering). When steered in the positive self-preference direction , we find that the
model asserts self-preference on 85% of the examples where it previously did not. Conversely,
when steered in the negative direction, we find that the model asserts non-self-preference on
25% of the examples where it previously did not. These findings suggest potential approaches
to de-biasing expert orchestrators such as judges and routers, potentially enabling a fair alloca-
tion of responses. Further research is necessary to scale this approach to larger models, as well
as to determine the impact on orchestration systems in production. This aligns with the Judge
Model Development track because the prevalence of self-preference in judges is not negligible
especially when it is compared to responses from other models (not humans). One of the key
components of the Expert Orchestration Architecture is the judges, which help the router make
a better educated decision on which model to direct the query to. One of the main criteria users
care about is bias. We show that this bias exists in a specific judge model when given a choice
between another model’s response and further mitigate this.

Keywords: Judge Model Development, LLMs-as-Evaluators, Self-Preference, Mechanistic
Interpretability

1 Introduction

1.1 Research Question & Motivation

Judge models have been shown to exhibit self preference toward their own responses Panickssery
et al.. Ackerman and Panickssery demonstrated that they could uncover the behavior of self-
recognition from human responses through steering vectors and showed that they could do casual



interventions to make the model recognize its responses more. We ask the question: can we uncover
the behavior of self preference of models through similar mechanistic interpretability approaches?
We do this by showing self-preference with respect to other models(GPT 3.5)[5] Language Models
are Few-Shot Learners] response exists in LLAMA-3.1-8b Instruct[2] The Llama 3 Herd of Models].
Further we find the activation vector in the residual stream responsible for self-preference, providing
evidence that this is indeed the representation of self-preference in the latent space and perform
experiments on steering the model to self-preference and vice versa. With the introduction of
Expert Orchestration Architecture’s Quirke the need for agnostic judges is a necessity for an Expert
Orchestration Architecture to beat Monolithic AI systems. Our method allows us to steer biased
judges.

1.2 Challenge Track Focus

The track we chose to focus on was Judge Model development.

1.3 Contribution to Expert Orchestration

Our method allows us to manipulate and reduce bias in judge models, which is essential for main-
taining safety and consistently delivering accurate and reliable evaluations to users.

2 Methods

2.1 Technical Approach

2.1.1 Models and Datasets

Datasets: Our experimental setting uses a summarization task as the proxy for measuring self-
preference and self-recognition. We use the CNN-DailyMail dataset (See et al.), which contains
over 300 thousand unique articles sourced from journalists as well as descriptive summaries written
by humans.
Models: We identify models that we seek to measure for self-preference and self-recognition behav-
iors, as well as reference models whose generated outputs serve as comparison points. We generate
summaries from 1,000 articles in our dataset for both the studied and reference models, but we
only conduct self-referencing experiments on the studied models.

Studied models: Llama 3.1-8B-Instruct (Dubey et al.) and DeepSeek V3-0324 DeepSeek-AI

Reference models: GPT 4-1106-Preview OpenAI, GPT 3.5-Turbo-1106 Ouyang et al., Claude
2.1 Bai et al., Llama 2-7B Touvron et al.

2.1.2 Conducting self-preference and self-recognition tests

Generating Summaries: To generate summaries, we query both reference and studied models
to produce summaries of an article. The prompt used is available in Appendix 3. We limit the
maximum number of tokens per summary to 100 to prevent a signal based on different response
lengths per model.
Pairwise Experiments: We devise a set of experiments to assert the existence of self-preference
and self-recognition behaviors. We use a pairwise setting, where we query a language model to
select between two summaries given an article. One summary is written by an instance of the
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judge model, and the other is generated by a reference model or written by a human. For self-
recognition, the judge selects the summary written by an instance of itself, while for self-preference,
the judge selects the better summary. Prompts for these two settings are available in Appendix 4.
For each studied model, we performed the pairwise experiment on 1,000 articles, pairing the studied
model with one of the reference models or the human annotation. We run each pairwise experiment
twice to counter ordering bias – once where the judge model’s summary is listed first (“forward”),
and once where it is listed second (“backward”). We compute the confidence of each prediction
by taking the log probability that the judge model chooses itself, normalizing by averaging the
confidence of the forward and backward prompts.

2.1.3 Constructing a Self-Preference Steering Vector

We revise the approach used by Ackerman and Panickssery to construct our steering vector. We
select 155 instances where a model prefers its own response with a high confidence T ≥ 0.7 in both
the forward and backward settings (”self-preferred”), and another 155 where a model prefers the
other response with high confidence (”other-preferred”). Since these instances resisted ordering
bias, we can treat the forward and backward prompts as separates, giving us 310 positive examples
and 310 negative examples to study.

For the sake of expediency, we limit our steering vector analysis to the pairwise comparison of
Llama 3.1-8B-Instruct and GPT 3.5-Turbo-1106. Further research is necessary to scale this steering
vector technique to larger model-to-model comparisons, such as DeepSeek V3-0324.

After creating this dataset of prompts, we collect activations from the residual stream at every
layer of LLAMA-3.1-8B-Instruct over the last ten tokens of each prompt. We take the difference
of the mean activations for the self-preferred and other-preferred instances to create our meandiff
vectors for the corresponding token and layers.

We then created a ”nuisance” vector to eliminate any potential residual concepts related to
the output. We made a set of straightforward prompts that asked the model to produce ”A” or
”B,” ”Yes” or ”No,” and various variations on ”I”/”Me”/”My” and ”He”/”She”/”Someone.” We
then ran the model, recorded activations to the final token prior to output, and subtracted and
normed the activation difference between pairs. Then, for each layer and position, we deducted its
projection onto the nuisance vector at the associated layer from the ”self-preference” vector before
eventually normalizing it to length 1 for steering..

2.2 Code & Reproducibility

The complete source code developed for our hackathon project is publicly available in the following
GitHub repositories: https://github.com/s1monFu/Hackathon

3 Results

3.1 Demonstrating Bias in Llama and Deepseek

We run Llama and Deepseek across the pairwise recognition and preference datasets. As we can
see, both Llama and Deepseek exhibit high self-recognition and self-preference.
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3.2 Steering Self-Preference Using The Steering Vector

Out of the activations collected from the last 10 token positions, we identified the last token position
as the most promising. We focused on the steering vector at this token position for each layer, which
resulted in 32 steering vectors for analysis. We evaluated the ability of each vector to effectively steer
the model towards and away from self-preference. Out of all our experiments, we found that the
layer 12 steering vector with a steering scalar of 18 exhibited the best steering results. Specifically,
we find that steering with this multiple and this vector model asserts self-preference on 85% of the
examples where it previously did not. Conversely, when steered in the negative direction, we find
that the model asserts non-self-preference on 25% of the examples where it previously did not.

3.3 Expert Orchestration Impact

These results show that in a judge evaluation setting, we can identify self-preference bias existing
and successfully create a steering vector to help steer the model away from self-preference behavior
and toward an agnostic tone. This judge would make the router make a more educated decision to
help the user’s query get directed to the best model possible.
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Figure 1: Rate of self-denial (baseline 0.00% for
examples of strong self-preference)
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Figure 2: Rate of self-preference (baseline
0.00% for examples of strong self-denial)

4 Discussion

4.1 Interpretation of Results

Technical limitations. The steering vector is drawn from a single residual layer and tested on a
modest prompt set, so its generality across layers, tasks, and side-effects (e.g., accuracy or toxicity)
is unknown.

Scalability. Capturing full-precision activations quickly exhausts memory on models larger than
8B parameters, and patching every judge in a production ensemble is unlikely to scale without an
architecture-agnostic solution.

Improvements. We initially wanted to prove the example-level hypothesis introduced in Pan-
ickssery et al. [2024] by manipulating the self-recognition vector and seeing if self-preference in-
creases. We also wanted to do a comparison of both vectors to measure how aligned they are. Due
to time constraints, we were unable to do so.

Next steps. First, we would finish the analysis mentioned in Improvements. We will then (i)
apply activation efficient tracing to 70-B class models, (ii) test cross-architecture transfer of the
vector, (iii) embed the patched judge in a router-based ensemble to measure downstream impact,
and (iv) explore self-supervised discovery of bias directions for continual, online debiasing.

4.2 Safety Considerations

There is the potential for bad actors to intentionally manipulate judge models to become more
biased.

5 Conclusion

To summarize our findings,

1. Find examples of self-preference at the behavioral level and provide solid evidence that two
models, DeepSeek V3 and Llama 3.1-8b-Instruct, display this behavior.
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2. The “self-preference” direction is then represented as a steering vector that we build from the
model’s residual stream, where we chose LLAMA as the target model.

3. Using this steering vector, we find that the model asserts self-preference in 85% of the examples
where it had not previously. Conversely, when steered in the negative direction, we find that
the model asserts non self-preference on 25% of the examples where it previously did not.
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A Prompts for detection and preference

Figure 3: Prompt for the judge model to choose between a model/human generated summary for
self-recognition

Figure 4: Prompt for the judge model to choose between a model/human generated summary for
self-recognition
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Figure 5: Prompt for the judge model to choose between a model/human generated summary for
self-preference
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