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Abstract
LLM-as-a-Judge has emerged as a scalable al-
ternative to costly human evaluation. How-
ever, LLM judges suffer from position bias
in pairwise evaluation: the judge systemati-
cally favors the first or second candidate re-
gardless of content, forcing practitioners to
perform bidirectional evaluation at twice the
inference cost. We propose Probe-and-Steer
(PaS), a probe-localized, single-layer steering
method for mitigating position bias. PaS first
identifies a judge’s bias-distribution pattern via
a layer-wise logit-difference probe to determine
whether steering is applicable to the model; if
so, it trains a single residual-stream steering
vector at the bias-critical layer under a multi-
objective loss, requiring minimal labeled data
while keeping the LLM fully frozen. Through
layer-wise probing across multiple model fami-
lies, we uncover three qualitatively distinct bias-
distribution patterns and delineate a clear ap-
plicability boundary: steering works for judges
whose bias signal is distributed across mid-
to-deep layers, whereas models whose bias
emerges almost entirely at the final layer do
not respond to residual-stream steering. Ex-
periments on an XSum-based dataset with
Llama-3.1-8B-Instruct show that PaS delivers
the largest gains among all compared methods,
improving consistency by 22.9 pp and accuracy
by 16.4 pp while shrinking positional asymme-
try by 33× (from 0.471 to 0.014), adding the
lowest inference overhead at 4%.

1 Introduction

Large language models (LLMs) are increasingly
deployed as automatic evaluators of text quality,
a paradigm known as LLM-as-a-Judge (Zheng
et al., 2023; Liu et al., 2023; Chiang and Lee,
2023). Dubois et al. (2023) report that pairwise
LLM evaluation is approximately 45× cheaper
than crowdsourcing ($70 vs. $3,150 per experi-
ment) and shortens iteration from days to hours.

* Corresponding author.

Figure 1: An example of position bias in pairwise LLM-
as-a-Judge.

This efficiency has made LLM-as-a-Judge a pre-
ferred choice for benchmark construction (Zheng
et al., 2023; Dubois et al., 2023; Li et al., 2025)
and reinforcement learning from AI feedback (Bai
et al., 2022; Lee et al., 2024; Cui et al., 2024). The
paradigm, however, hinges on a fragile assumption:
that judgments are driven by content quality rather
than surface cues such as candidate position.

Recent work exposes position bias: the judge
systematically favors the first or second candidate
regardless of content (Figure 1) (Wang et al., 2024;
Zheng et al., 2024; Pezeshkpour and Hruschka,
2024). The most systematic account comes from
Shi et al. (2025), who probe 15 judges across 22
tasks and roughly 150,000 comparisons on MT-
Bench and DevBench, reporting a consistency of
only 0.69 for Llama-3.1-8B in pairwise evalua-
tion. These results, however, come from public
benchmarks with documented test-set contamina-
tion (Sainz et al., 2023; Golchin and Surdeanu,
2024), raising concerns that position-bias mea-
surements may be partially masked by memorized
verdicts. For a contamination-controlled view,
we construct a new pairwise evaluation set from
XSum articles (Narayan et al., 2018). On this set,
Llama-3.1-8B-Instruct (Grattafiori et al., 2024)
produces content-consistent verdicts for only 50%
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of pairs, 19 pp below the 0.69 on MT-Bench (§4).
Such brittleness directly affects evaluation

pipelines. To prevent position bias from contam-
inating model evaluation, major LLM-as-a-Judge
protocols, including MT-Bench, AlpacaEval, and
Arena-Hard, adopt bidirectional evaluation, run-
ning the judge twice with swapped candidate orders
and retaining consistent pairs (Zheng et al., 2023;
Wang et al., 2024; Pezeshkpour and Hruschka,
2024; Shi et al., 2025; Li et al., 2024; Dubois et al.,
2023; Li et al., 2025). This doubles inference cost
and shrinks the effective evaluation set by discard-
ing inconsistent instances, risking a distorted view
of judge performance. These drawbacks motivate
mitigating position bias in the judge itself. It is
worth noting that model-level mitigation is not in-
tended to entirely replace bidirectional evaluation,
but rather serves as a complement: it reduces the
influence of position bias within a single forward
pass, while bidirectional evaluation filters inconsis-
tent pairs; a less position-biased judge yields fewer
discarded pairs when the two are combined.

Existing inference-time calibrations, including
Attention Sorting (Peysakhovich and Lerer, 2023),
PCW (Ratner et al., 2023), PINE (Wang et al.,
2025), SteerFair (Adila et al., 2024), and the
channel-scaling method of Yu et al. (2025), were
not designed for pairwise evaluation. They origi-
nate from settings such as multi-document ranking
and presuppose candidates of different relevance
to the query, an assumption violated in pairwise
evaluation where both candidates are equally task-
relevant. Beyond this mismatch, four of them (ex-
cluding Attention Sorting) intervene broadly on
model internal computations: PCW and PINE glob-
ally rewrite attention patterns and positional encod-
ings, while SteerFair and channel-scaling modify
attention-head activations or hidden-state channels
across many layers (e.g., layers 10–25). Such per-
vasive, multi-site interventions perturb represen-
tations the model never encountered during pre-
training and may degrade its general capabilities
(Stickland et al., 2024; Hoelscher-Obermaier et al.,
2023). Our experiments (§4) confirm that when
transferred to pairwise evaluation, these methods
either exacerbate position bias or yield limited mit-
igation. These limitations motivate a minimally
invasive method tailored to the pairwise scenario.

We start from a structural property of judges:
mechanistic probing shows that decision-relevant
features such as truthfulness and style concentrate
in a narrow band of mid-to-late layers rather than

uniformly across depth (Tenney et al., 2019; Geva
et al., 2022; Meng et al., 2022; Zou et al., 2023;
Burns et al., 2023; Li et al., 2023; Rimsky et al.,
2024). Position anchoring is precisely this kind of
late-emerging shortcut. Representation engineer-
ing further shows that such behavioral tendencies
are linearly encoded as residual-stream directions
and can be modulated by simple vector addition
(Zou et al., 2023; Turner et al., 2023; Rimsky et al.,
2024). We therefore hypothesize that position bias
concentrates at specific residual-stream depths and
can be mitigated by a single-layer intervention.
Editing the residual stream at the peak depth tar-
gets the bias where its signal is strongest, whereas
spreading perturbations across multiple layers risks
over-correction through coupled residual streams,
a failure mode we confirm empirically (§B). Con-
cretely, we first locate the layer at which positional
preference peaks via a logit-difference probe, then
steer the residual stream at that layer with a su-
pervised vector trained under three complemen-
tary objectives. This requires only 100 labeled
pairs and keeps the backbone fully frozen. Exper-
iments reveal three distinct bias-distribution pat-
terns that delineate a clear applicability boundary
for PaS and show that, on an XSum-based dataset
with Llama-3.1-8B-Instruct, PaS achieves the
largest improvements among all baselines, improv-
ing consistency by 22.9 pp and accuracy by 16.4 pp
while reducing positional asymmetry by 33× (from
0.471 to 0.014).

To summarize, we:

1. propose Probe-and-Steer (PaS), a probe-
localized, single-layer residual-stream steer-
ing method for mitigating position bias in pair-
wise evaluation. Among all baselines, PaS
delivers the largest consistency and accuracy
gains while incurring the lowest inference
overhead.

2. reveal three qualitatively distinct layer-wise
distributions of position bias via logit-
difference probing and delineate a clear appli-
cability boundary for residual-stream steering
(§4.2, §5.2).

2 Related Work

2.1 LLM-as-a-Judge
Using LLMs to score or rank candidate outputs has
emerged as a scalable proxy for costly human eval-
uation. Chiang and Lee (2023) demonstrate that
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strong LLMs reproduce human ratings on open-
ended generation, and Liu et al. (2023) formalize
this with G-Eval, a chain-of-thought protocol elic-
iting fine-grained scores from GPT-4. The pair-
wise variant, which selects the better of two candi-
dates in a single prompt, was popularized by Zheng
et al. (2023) through MT-Bench and Chatbot Arena.
Open-source judges such as Prometheus (Kim et al.,
2024) show that mid-sized LLMs can approach pro-
prietary judges given suitable supervision, and the
paradigm has expanded to benchmark construction
and reinforcement learning from AI feedback (Bai
et al., 2022). These studies establish the utility of
LLM judges but implicitly assume that the judg-
ments are content-grounded. Our work departs
from this assumption: we find that nearly half of all
judgments produced by Llama-3.1-8B-Instruct
reflect a position-1 shortcut rather than a genuine
quality preference.

2.2 Position Bias and Mitigation Strategies

Position bias has been documented across model
families and evaluation formats. Wang et al.
(2024) show that flipping candidate order often
flips the verdict, Zheng et al. (2024) report anal-
ogous fragility in multiple-choice settings, and
Pezeshkpour and Hruschka (2024) confirm the pat-
tern across diverse prompt formats. Shi et al. (2025)
further demonstrates the persistence of position
bias across 15 judges, 22 tasks, and approximately
150,000 comparisons. Existing remedies fall into
four families. Bidirectional evaluation (Zheng
et al., 2023; Wang et al., 2024) runs the judge twice
with swapped orders, doubling the inference cost
and risking a distorted view of the true performance
of the judge. Prompt engineering restructures the
input; for instance, Li et al. (2024) segment and
realign candidate answers, but such approaches
yield only marginal gains (Pezeshkpour and Hr-
uschka, 2024). Training-based approaches modify
model weights with position-agnostic objectives
(He et al., 2024; Zhu et al., 2025) at substantial
data and compute cost. Inference-time calibrations
intervene in inference procedure without weight up-
dates, but they vary in how precisely they localize
the source of the bias. As shown in §4, several of
these methods fail catastrophically in the pairwise
setting. Unlike these approaches, which either mod-
ify the model’s computations across many layers or
only reorder prompt content without touching the
model, PaS is the first probe-localized, single-layer
residual-stream intervention, and it eliminates the

need for a second forward pass.

2.3 Activation Steering
Activation steering intervenes directly on internal
representations without parameter updates. Sub-
ramani et al. (2022) show that latent steering
vectors extracted from frozen LMs can recover
targeted generations, and Li et al. (2023) intro-
duce Inference-Time Intervention (ITI), shifting
attention-head activations along truthfulness direc-
tions. Zou et al. (2023) generalize this perspec-
tive as representation engineering and demonstrate
that alignment-relevant properties correspond to
low-rank residual-stream directions. More recently,
Activation Addition (Turner et al., 2023), its con-
trastive extension (Rimsky et al., 2024), and In-
Context Vectors (Liu et al., 2024) extend steering
to behavior control and in-context learning. De-
spite proven effectiveness for truthfulness, style,
and safety, its application to pairwise position bias
has been limited to SteerFair (Adila et al., 2024),
which applies unsupervised PCA on per-head acti-
vations to remove bias directions. Our work differs
in three ways: (i) we localize the intervention to the
bias-critical layer via probing rather than applying
it uniformly across heads; (ii) we train the vector
with a supervised multi-objective loss rather than
unsupervised PCA; and (iii) we intervene on the
residual stream with a single vector rather than on
per-head outputs.

3 Method

We present Probe-and-Steer (PaS), a probe-
localized, single-layer residual-stream intervention
for mitigating position bias in pairwise LLM-as-
a-Judge. We first formalize position bias in the
pairwise setting, then probe its signal at every layer
to recognize the bias-distribution pattern and de-
termine whether the method is applicable to the
model; if so, we train a steering vector at the bias-
critical layer under a joint loss and apply it in a
single forward pass at inference.

3.1 Problem Setup
We illustrate the formalization with pairwise sum-
marization evaluation on XSum (Narayan et al.,
2018); the construction transfers to all tasks in §4.
A frozen judge J receives an article a and two
candidate summaries sA and sB , and selects the
better summary by producing the next token over
option tokens “1” and “2.” We define the forward
permutation π as the configuration that places sA
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at position 1 and sB at position 2; the backward
permutation π′ is the reverse. The content of the
pair is fixed; only spatial arrangement varies.

We define position bias as any change in judge
output arising solely from candidate positions
rather than content. Because π and π′ swap can-
didates, a judge selecting the same content under
both orders must output different option tokens:
if the judge prefers sA and outputs “1” under π,
it must output “2” under π′. A content-grounded
judge therefore satisfies J(π) ̸= J(π′) for all pairs.
A position-biased judge, by contrast, outputs the
same token under both orders (e.g., always “1”),
exhibiting a structural asymmetry independent
of which content occupies that slot.

3.2 Probing for the Bias-Distribution Pattern
Because models can differ in how position bias
is distributed across their internal layers, we first
probe the judge to identify its bias-distribution pat-
tern, which determines whether steering is applica-
ble to the model. Provided that steering is applica-
ble, a further design question follows: at which sin-
gle layer should the steering vector be trained and
injected? We restrict the intervention to a single
layer because modifying all layers risks degrading
performance by deviating from the original train-
ing distribution. Both the applicability check and
the layer selection rely on the same diagnostic: a
layer-wise logit-difference probe.

Using Llama-3.1-8B-Instruct (32 layers) as
an example, the procedure is as follows:

• For each layer ℓ ∈ {0, . . . , 31}, we extract the
last-token hidden state hℓ ∈ R4096 from the
output of the ℓ-th transformer block during a
standard forward pass.

• We project hℓ through the unembedding ma-
trix WU of the model, read off the logits z(1)ℓ

and z
(2)
ℓ for the option tokens “1” and “2,” and

compute the logit difference dℓ = z
(1)
ℓ − z

(2)
ℓ .

• For each sample, we compute dℓ under both
the forward (π) and backward (π′) permu-
tations and take the average: ∆ℓ = (dπℓ +
dπ

′
ℓ )/2.

• Averaging |∆ℓ| across 20 validation samples
yields the bias curve |∆|ℓ, plotted in Figure 2.

The bias curve first serves as a pre-deployment
diagnostic: as we show in §4.2 and §5.2, its shape

reveals the bias-distribution pattern of a judge
and thereby predicts, before any steering vector
is trained, whether residual-stream steering is ap-
plicable to that judge. Once the diagnostic indicates
that steering is applicable, the same curve pinpoints
the intervention site: we define the bias-critical
layer ℓ∗ as the layer at which |∆|ℓ peaks. For
Llama-3.1-8B-Instruct on XSum-based pairs,
ℓ∗ corresponds to layer 24 out of 32 (Figure 2).
We argue that ℓ∗ provides the maximal leverage
for the intervention where positional preference is
strongest and most concentrated. Our layer ablation
(§4.5) confirms that L24 outperforms alternatives
by up to +6.5 pp in consistency.

3.3 Steering Vector Training
At the bias-critical layer ℓ∗ = 24, we inject a learn-
able vector v ∈ R4096 into the residual stream. The
injection is applied only at the last-token position,
which directly drives the next-token logits:

hnew
ℓ∗ = hold

ℓ∗ + α · v (1)

where α denotes the steering strength. We train v
under three complementary objectives, each target-
ing one facet of position bias.
L1: Invariance Loss (Uniform-KL). On same-

content pairs, which are constructed by placing an
identical summary at both positions, any deviation
from a uniform output distribution must arise from
a positional preference. We therefore minimize

L1 = KL
(
[P1, P2]

∥∥ [0.5, 0.5]
)
. (2)

Same-content pairs isolate the positional signal, so
L1 directly penalizes the position anchoring ob-
served in vanilla judges.
L2: Consistency Loss (MSE). On quality-

difference pairs presented in both orders, a content-
grounded judge should assign the same probability
to the better summary regardless of position:

L2 =
(
P (sA | π)− P (sA | π′)

)2
. (3)

A perfectly bidirectionally consistent judge attains
L2 = 0, selecting the same content regardless of
position and eliminating the need for bidirectional
inference.
L3: Calibration Loss (Cross-Entropy). Pure

de-biasing risks degrading judgment quality. To
address this risk, L3 preserves accuracy by anchor-
ing the judge to the majority-vote preference labels
under both permutations:

L3 = CE([P1, P2]π, y) + CE
(
[P1, P2]π′ , y′

)
,

(4)
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where y is the majority-vote preference la-
bel (aggregated from Gemini 2.5 Pro (Gemini
Team, Google, 2025), DeepSeek-V3 (DeepSeek-
AI, 2024), and Claude Sonnet 4.5 (Anthropic,
2025); §4.1) and y′ is its position-flipped coun-
terpart. The bidirectional formulation maintains
quality regardless of presentation order. L3 sup-
plies the only content-grounded supervision: L1

and L2 shape position-invariant behavior regardless
of correctness, whereas L3 ties the steered judge
to the preference labels under both orders. Our
loss ablation (Appendix D) confirms that the full
three-objective combination yields the most bal-
anced trade-off across consistency, accuracy, and
asymmetry.

Joint Loss. Beyond the three objectives above,
we add an L2 regularizer on v to minimize devia-
tion from the original training distribution, yielding
the full objective:

L = λ1L1 + λ2L2 + λ3L3 + λmag∥v∥22. (5)

We set λ1 = 1, λ2 = 1, λ3 = 2, and λmag = 0.01.
A sensitivity analysis (Appendix E) confirms the
robustness of these choices: varying λ3 across an
8× range (from 0.5 to 4.0) changes consistency by
no more than 0.7 pp.

Training Procedure. We train v on 100 training
triplets with majority-vote preference labels from
Gemini 2.5 Pro, DeepSeek-V3, and Claude Son-
net 4.5 (§4.1). Each triplet contributes five signals:
same-content pairs feed L1, while forward and
backward permutations of the quality-difference
pair feed both L2 and L3. Only 4,096 parame-
ters are learned, and the 8B-parameter backbone
remains frozen. We use AdamW (lr 10−4, batch
size 1, gradient accumulation 16, 50 epochs), and
training converges in approximately 70 minutes on
a single A100 GPU.

3.4 Inference-Time Application
At deployment, we apply αv to the residual stream
of layer 24 during a single forward pass (Eq. 1,
α = 1.2). No backward pass or post-hoc averag-
ing is required. The overhead is a single 4,096-
dimensional vector addition at one layer, negligible
relative to the 8B-parameter forward pass. In terms
of wall-clock time, PaS adds approximately 4%
latency over vanilla inference on 140 samples (ver-
sus +100% for bidirectional evaluation); a detailed
cost analysis is provided in Appendix A.

Remarks. We have presented a probe-and-steer
pipeline that (i) localizes the bias-critical layer

through forward and backward logit-difference
probing, (ii) trains a 4,096-dimensional residual-
stream steering vector under three complementary
objectives that target invariance, consistency, and
accuracy, and (iii) deploys this vector through a
single forward pass at negligible cost.

4 Experiments

4.1 Experimental Setup

Configuration. We evaluate PaS on three
tasks: XSum summarization (Narayan et al.,
2018), NQ open-domain QA (Kwiatkowski et al.,
2019), and MBPP code generation (Austin
et al., 2021), across three open-source judges:
Llama-3.1-8B-Instruct (Grattafiori et al., 2024),
Qwen-2.5-7B-Instruct (Yang et al., 2024), and
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023).
Each judge receives a task input and two candidate
responses (one from Llama-3.1-8B-Instruct, one
from GPT-3.5-Turbo (Ouyang et al., 2022)) and
selects the better one through next-token prediction
over tokens “1” and “2.”

Preference-label annotation. Preference labels
are obtained by independently annotating each pair
with Gemini 2.5 Pro (Gemini Team, Google, 2025),
DeepSeek-V3 (DeepSeek-AI, 2024), and Claude
Sonnet 4.5 (Anthropic, 2025), and then aggregating
the three annotations by majority vote. We refer to
these as LLM-majority preference labels: they are
a practical proxy for content preference rather than
definitive human gold annotations, and all accuracy
figures in our paper are measured relative to them.
A human validation study of these labels is reported
at the end of this subsection.

Data splits. From the annotated triplets, we con-
struct non-overlapping partitions for each task: 100
training samples, 20 validation samples, and 140
test samples for XSum, 120 test samples for NQ,
and 100 test samples for MBPP. The probing step
uses the validation samples. The steering strength
α is selected on the validation set by sweeping over
α ∈ {0.5, 0.8, 1.0, 1.2, 1.5, 2.0}, and the test set
is evaluated only at the selected value of α. All
evaluations use greedy decoding (temperature = 0)
on a single A100 80 GB GPU.

Baselines. We compare PaS against five base-
lines: (i) Vanilla inference, (ii) Attention Sorting
(Peysakhovich and Lerer, 2023), (iii) PCW (Ratner
et al., 2023), (iv) PINE (Wang et al., 2025), (v) Po-
sitional Hidden Channel Scaling (Yu et al., 2025),
and (vi) SteerFair (Adila et al., 2024). All methods
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Task H1 vs. Maj. H2 vs. Maj. H1 vs. H2

XSum 80% 82% 78%
NQ 76% 72% 72%
MBPP 80% 86% 86%

Average 78.7% 80.0% 78.7%

Table 1: Human validation of the LLM-majority pref-
erence labels (50 examples per task, two independent
annotators). Human–majority agreement is comparable
to human–human agreement.

share the same task-specific training set.
Evaluation Metrics. We adopt three metrics.

(i) CONSISTENCY-RATE rcon = Pr[J(π) ̸=
J(π′)]: fraction of pairs whose option tokens
differ across orders, measuring the consistency
of the judge. (ii) ACCURACY-RATE racc =
Pr[J(π) = yπ ∧ J(π′) = yπ′ ]: fraction of pairs
where both orders identify the majority-vote win-
ner, capturing content-grounded judgment qual-
ity. (iii) ASYMMETRY-INDEX A = Pr[J(π) =
J(π′) = 1] − Pr[J(π) = J(π′) = 2]: gap between
position-1 and position-2 anchoring; a content-
grounded judge satisfies A ≈ 0.

Human validation of preference labels. To
assess label reliability, we randomly sampled 50
examples from each test set and asked two indepen-
dent senior PhD students to label the preferred re-
sponse. Candidates were presented in anonymized
form (“A”/“B”) with no source attribution, and the
two annotators labeled independently. As shown
in Table 1, the agreement between each annota-
tor and the LLM-majority label (78.7% and 80.0%
on average) is comparable to the human–human
agreement (78.7%). These results support LLM-
majority labels as a practical preference proxy in
this controlled study, though they remain an ap-
proximation of human preference.

4.2 Layer-Wise Probing across Models

We apply the logit-difference probe (§3.2) to all
nine model–task combinations. Figure 2 reveals
three qualitatively distinct patterns of bias distribu-
tion across the model families.

Llama-3.1-8B: gradual-accumulation type.
Position bias accumulates through the mid-to-deep
transformer layers. This gradual distribution pro-
vides a wide target band for steering intervention.

Qwen-2.5-7B: deep-concentrated type. The
bias concentrates sharply at layers 25–26 before
dropping abruptly at the final layer. The bias di-
rection in Qwen is negative (dℓ < 0, favoring po-

sition 2), which is opposite to that of Llama and
Mistral.

Mistral-7B: last-layer spike type. Layers 0–30
exhibit near-zero bias, followed by a massive spike
at layer 31. This pattern indicates that position bias
in Mistral is introduced almost entirely at the final
layer rather than being accumulated through the
intermediate layers.

Cross-model implications. These three pat-
terns have direct consequences for the feasibility of
steering. The gradual-accumulation pattern offers
a wide intervention window at mid-depth layers
where bias is strong but not yet entangled with
output logits. The last-layer spike pattern, in con-
trast, concentrates all bias immediately preceding
the unembedding, where residual-stream perturba-
tions cause unstable logit oscillations and gradient
optimization converges to near-zero vectors. We
analyze this failure mode in §5.

4.3 Main Results of Effectiveness

Baseline comparison on XSum. Figure 3 reports
results on the XSum-based summarization test
set with Llama-3.1-8B-Instruct. PaS achieves
the best performance, improving consistency by
22.9 pp and accuracy by 16.4 pp while reducing
asymmetry from 0.471 to 0.014 (33× reduction),
indicating near-symmetric residual bias.
Baseline comparison across all three tasks.
Table 2 extends the baseline comparison from
XSum to NQ and MBPP under the same
Llama-3.1-8B-Instruct judge. PaS remains
the strongest method on all three tasks, on
which the probing diagnostic indicates a gradual-
accumulation bias pattern (§4.2).
Multi-task and multi-model effectiveness. To as-
sess the effectiveness of PaS across different mod-
els and tasks, we replicate the full probe-and-steer
pipeline on all nine model–task combinations (Fig-
ure 4).

PaS delivers double-digit consistency gains
on Llama-3.1-8B across all tasks (+15.8 pp to
+22.9 pp), confirming task-agnostic effectiveness.
Qwen-2.5-7B exhibits more modest gains (+5.7 pp
to +11.3 pp), while Mistral-7B shows no response
on any task, directly predicted by its last-layer spike
pattern (§4.2).

4.4 Cross-Task and Cross-Model Transfer

To assess generalization, we transfer steering vec-
tors across tasks and models without retraining.
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Figure 2: Signed per-layer logit difference for all nine model–task combinations (20 probing samples × 2 directions;
mean ± std). Llama-3.1-8B (top row) exhibits a gradual-accumulation pattern that peaks at L24 on XSum; Qwen-
2.5-7B (middle row) shows a deep-concentrated negative spike at L25–26; and Mistral-7B (bottom row) exhibits a
last-layer spike at L31.

Cross-task transfer. On Llama-3.1-8B, all six
cross-task transfer directions yield positive con-
sistency improvements (from +4 pp to +19.3 pp;
Table 3), which indicates that the position-bias di-
rection in the residual stream shares common sub-
structures across NLP tasks, though specialized
domains exhibit distinct domain-specific shifts.

Cross-model transfer. A steering vector trained
on Llama-3.1-8B-Instruct transfers to Llama-3-8B-
Instruct with even larger gains (from +37 pp to
+46 pp; Table 4), because the transferred vector ex-
ploits the stronger vanilla position bias of the older
model (for example, an XSum consistency of 0.050
versus 0.500). This result suggests that positional
representations are shared within the Llama family.

4.5 Layer Selection Ablation

To validate that max|bias|-layer selection is effec-
tive, we train separate steering vectors at eight lay-
ers of Llama-3.1-8B on the XSum training set (Fig-
ure 5).

The max|bias| layer is the decisive winner.
Layer 24, the max|bias| layer identified by prob-
ing, achieves the highest consistency (0.729) and
lowest asymmetry (0.014). The deep layers (L20–
L28) form a stable high-performance band (rcon ≥
0.700), whereas the shallow layers (L14 and L17)
fall into a performance valley (0.664–0.671).

Shallow-layer instability. Layer 4 attains a sur-
prisingly high accuracy (0.521) at α=1.0, but its
operating window is exceedingly narrow: raising α
to 1.5 collapses the consistency to 0.071. The steer-
ing signal traverses 28 subsequent layers before it
reaches the output logits, so small perturbations
are amplified unpredictably. This finding confirms
that max|bias|-localized intervention is essential
for robust deployment.

5 Discussion

5.1 Analysis of Failed Baselines
Attention Sorting, PCW, and PINE were origi-
nally designed for fundamentally different scenar-
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Figure 3: Main results on XSum with Llama-3.1-8B-Instruct (N=140 test, greedy decoding). The dotted lines
indicate the Vanilla references. PaS (gold frame, ⋆) achieves the best performance on every metric and reduces the
asymmetry by a factor of 33 relative to Vanilla.

XSum NQ MBPP

Method rcon ↑ racc ↑ A↓ rcon ↑ racc ↑ A↓ rcon ↑ racc ↑ A↓
Vanilla .500 .336 .471 .392 .392 .225 .280 .190 .200
Attention Sorting .500 .336 .471 .392 .392 .225 .280 .190 .200
PCW† .057 .036 .871 .058 .033 .875 .060 .040 .880
PINE† .071 .043 .914 .075 .042 .925 .070 .040 .910
Pos. Hidden Scaling .650 .443 .264 .500 .492 .117 .400 .270 .120
SteerFair .543 .357 .429 .425 .408 .192 .310 .210 .190
PaS (Ours) .729 .500 .014 .550 .550 .000 .460 .320 .040

Table 2: Baseline comparison across all three tasks with Llama-3.1-8B-Instruct.

Source → Target ∆rcon Retention

NQ → XSum +19.3 pp 84%
MBPP → XSum +18.6 pp 81%
MBPP → NQ +15.8 pp 100%
XSum → NQ +14.2 pp 89%
XSum → MBPP +5.0 pp 28%
NQ → MBPP +4.0 pp 22%

Table 3: Cross-task transfer on Llama-3.1-8B. Reten-
tion = ∆rtransfer

con /∆rin-task
con . All six directions are positive.

ios from pairwise evaluation and consequently fail
despite reasonable adaptation. Attention Sorting
(Peysakhovich and Lerer, 2023) degenerates into
the vanilla baseline (rcon=0.500, racc=0.336): in
the two-option setting, attention mass consistently
concentrates on position 2, so the sort step never
triggers a swap (swap rate = 0). PCW (Ratner et al.,
2023) collapses to rcon=0.057 with position-1 se-
lection rate of 0.907: isolating each candidate in
its own attention window removes the cross-option
comparison signal that the judge needs to compare
two summaries, and the model therefore defaults
to position 1. PINE (Wang et al., 2025), whose

Task Vanilla Steered ∆rcon

NQ .283 .717 +43.3 pp
MBPP .280 .650 +37.0 pp
XSum .050 .514 +46.4 pp

Table 4: Cross-model transfer: Llama-3.1-8B→Llama-
3-8B (same-family).

importance-based position reallocation targets the
ranking of five or more documents, similarly col-
lapses to rcon = 0.071 with a position-1 rate of
0.921: in the two-option case, the reallocation de-
generates into a near-fixed positional assignment
that injects an even stronger bias than the origi-
nal. These failures share a common cause. These
methods are designed for settings in which multiple
candidates are mutually independent and exhibit
different degrees of relevance to the query, and they
therefore do not transfer to the pairwise setting, in
which the two candidates are equally task-relevant.
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Figure 4: Consistency improvement (∆rcon, in pp) over
Vanilla across three tasks (columns) and three judge
models (rows). The row annotations indicate the bias-
distribution type identified by probing (§4.2); cells
marked with × exhibit no response to steering.

5.2 Method Applicability and Bias
Distribution Patterns

The three bias-distribution patterns identified by
probing (§4.2) delineate the applicability boundary
of residual-stream steering. PaS is highly effective
on gradual-accumulation models (Llama-3.1-8B):
the bias spans the mid-to-deep layers, which pro-
vides a wide and forgiving intervention window.
On deep-concentrated models (Qwen-2.5-7B), the
effectiveness of PaS diminishes: the bias spikes
sharply at L25–26 (out of 28), with only 2–3 layers
of leverage distance to the unembedding, which
restricts the achievable gains. PaS is ineffective
on last-layer spike models (Mistral-7B): the bias
is introduced almost entirely at L31, and residual-
stream perturbations immediately preceding the un-
embedding produce ill-conditioned gradients that
drive the steering vector to a trivial near-zero so-
lution (∥v∥2≈0.006). We conclude that residual-
stream steering succeeds when position bias spans
multiple mid-to-deep layers with sufficient “lever-
age distance” to the output logits, but breaks down
when the bias is concentrated at the final layer. For
the latter regime, logit-level calibration is likely
a more appropriate alternative. We accordingly
recommend that practitioners first run the probing
diagnostic (§3.2). This diagnostic checks whether
a judge lies within PaS’s operating range.

6 Conclusion

We introduce Probe-and-Steer (PaS), the first probe-
localized, single-layer steering approach for miti-
gating position bias in pairwise LLM-as-a-Judge.
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Figure 5: Layer ablation on Llama-3.1-8B-Instruct. Dot-
ted horizontal lines mark the Vanilla baselines. The yel-
low band highlights the deep-band plateau (L20–L28,
rcon ≥ 0.700). The gold ⋆ marks L24, the max|bias|
layer; ‡L4 attains a high accuracy but exhibits a narrow
stability window (collapses at α≥1.5). Numerical val-
ues for each cell are tabulated in Appendix G.

By treating position bias as a local representational
phenomenon rather than a distributed pathology,
our work shifts the design space of debiasing from
prompt-, attention-, or channel-level calibration to-
ward representation-level steering, and it does so
through a parameter-light intervention that keeps
the judge fully frozen. The probing-based appli-
cability analysis further delineates when residual-
stream steering is the right tool: it is effective
when the bias signal spans steerable mid-to-deep
layers, and before any steering vector is trained,
the probe identifies the last-layer-spike models for
which logit-level calibration is the more appropri-
ate alternative. Taken together, our work provides a
principled, low-cost procedure for diagnosing and
mitigating position bias.

Future Work. Two directions naturally extend
this work: scaling probe-localized steering to larger
models (70B+) to test whether the bias-critical lay-
ers shift predictably with depth, and developing
alternative interventions for last-layer spike models
(for example, logit-space calibration or multi-head
output steering).

Limitations

• Model-Dependent Efficacy. Residual-stream
steering is not a universal position-bias mitiga-
tion technique. It produces double-digit con-
sistency gains on the gradual-accumulation
pattern (Llama-3.1-8B) across all three tasks,
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smaller gains on the deep-concentrated pat-
tern (Qwen-2.5-7B), and no response on the
last-layer spike pattern (Mistral-7B-Instruct).
We therefore recommend running the probing
diagnostic (§3.2) as a pre-deployment check;
for last-layer-spike models, logit-level calibra-
tion is a candidate alternative (§5.2).

• Task Coverage. We evaluate PaS on three
tasks: summarization, open-domain QA, and
code generation. Other LLM-as-a-Judge sce-
narios, such as mathematical reasoning and
safety filtering, may require task-specific re-
training of the steering vector. Although the
cross-task transfer results are positive, they
are limited to these three domains.

• Resource Constraints. Due to limited com-
putational resources, our experiments are re-
stricted to open-source judges in the 7–8B
parameter range. Whether the bias-critical
layer structure and the effectiveness of probe-
localized steering generalize to substantially
larger models (e.g., 70B-parameter judges) re-
mains an open question that we leave to future
work.

Ethics Statement

1. Bias and Fairness. Mitigating position bias
in pairwise LLM-as-a-Judge improves the fair-
ness and reliability of large-scale automated
evaluation.

2. Potential Misuse. The steering-vector tech-
nique can equally be applied to inject bias
rather than to mitigate it. We recommend
that any steering method disclose the steer-
ing layer, the vector norm, and the training
objective in the model card, in order to enable
independent auditing and verification of the
direction and magnitude of the intervention.

3. Human Annotation. The human validation
study involved two senior PhD students who
labeled 150 randomly sampled pairs in total.
The annotated texts are model-generated re-
sponses to public benchmark data and contain
no personal or sensitive content. Both anno-
tators participated on a voluntary basis with-
out monetary compensation, and provided in-
formed consent regarding the purpose of the
study and the intended use of their annota-
tions.
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A Inference Cost Analysis

Table 5 compares the inference cost of PaS with
that of all baselines on 140 XSum test samples on
a single A100 GPU.

The marginal overhead of PaS consists of a sin-
gle 4,096-dimensional vector addition at one layer
per forward pass, which is negligible relative to the
8B-parameter forward computation. By contrast,
prompt-level or attention-level interventions (At-
tention Sorting, PCW, and PINE) require disabling
FlashAttention and resorting to standard attention
recomputation, which inflates wall-clock latency
by +260% to +380%; SteerFair requires per-head
activation extraction and projection at every layer,
adding approximately 12% overhead. The single-
layer design of PaS therefore makes it the most
cost-efficient mitigation method in our compari-
son while simultaneously achieving the strongest
performance.

B Single-Layer vs. Multi-Layer Ablation

A natural question is whether injecting steering vec-
tors at multiple layers offers any improvement over
a single-layer intervention. We test this hypothe-
sis by training PaS with multi-layer configurations
centered on L20 (Table 6).

Multi-layer steering degrades performance.
The 5-layer configuration collapses entirely to
vanilla-level performance (consistency = 0.500 and
A= 0.471), which effectively nullifies all steering.
The 3-layer configuration (L19–21) exhibits in-
termediate degradation (−2.9 pp in consistency).
Even widely spaced layers (L16, L20, and L24)
fail in a similar manner, which confirms that the
issue is not merely adjacent-layer interference.

Failure mechanism. A detailed per-α analy-
sis reveals that Multi-5 at α ∈ [0.8, 1.2] amplifies
rather than cancels the position-1 anchoring, with
A rising well above the Vanilla baseline (0.471).
This finding indicates that jointly optimized vectors
can learn opposing directions that reinforce rather
than cancel the bias. We attribute this behavior to
gradient conflicts: when vectors at multiple layers
are jointly optimized, the gradient of each vector
is computed through the interventions of the other
vectors, which creates a coupled optimization land-
scape in which corrections at one layer cancel or
reverse corrections at others. The single-layer inter-
vention avoids this issue entirely and remains the
most parameter-efficient choice.

Method Wall-clock Overhead

Vanilla ∼25 min —
Attention Sorting ∼120 min +380%
PCW ∼90 min +260%
PINE ∼100 min +300%
SteerFair ∼28 min +12%
Pos. Hidden Scaling ∼27 min +8%
PaS (Ours) ∼26 min +4%

Table 5: Inference cost comparison on 140 XSum test
samples (single A100). Methods that need to disable
FlashAttention (Dao et al., 2022) (AS, PCW, PINE)
incur substantially higher wall-clock overhead due to
recomputation in standard attention. PaS achieves the
lowest overhead among all bias-mitigation methods.

Config Layers rcon ↑ racc ↑ A↓
Single [20] .700 .507 .029
Multi-3 [19, 20, 21] .671 .471 .057
Multi-5 [18–22] .500 .336 .471
Multi-wide [16, 20, 24] .521 .350 .464

Table 6: Single-layer vs. multi-layer steering on XSum
(N=140). Multi-layer configurations train independent
vectors at each layer and apply them simultaneously.

C Steering Strength α Robustness

We sweep α ∈ {0, 0.1, 0.2, . . . , 3.0} over 19
points at layer 20 to characterize the sensitivity
of PaS to the steering magnitude (Figure 6 and Ta-
ble 7). We conduct the α-sweep at L20 rather than
at the main-result layer L24 because L20 served as
the default during our multi-task experiments. The
layer ablation (§4.5) shows that L20 and L24 share
the same qualitative α-response pattern within the
deep-layer band.

Three regimes emerge. (i) Ramp-up (α ≤ 0.5):
consistency rises monotonically from 0.500 to
0.607 and A drops from 0.471 to 0.293 as the
vector begins to override the position-1 anchoring.
(ii) Plateau (α ∈ [1.2, 1.4]): consistency peaks at
0.700 (at α = 1.3) and accuracy peaks at 0.507,
while A remains within ±0.05; three consecutive
values yield consistency within ±1 pp, which con-
firms the robustness to α. (iii) Over-correction
(α ≥ 1.5): A rises sharply as the vector over-
shoots toward position 2, and consistency declines
to 0.414 at α=3.0.

Practical recommendation. We default to
α = 1.2 at L24 (or to α = 1.3 at L20). The
[1.2, 1.4] plateau implies that practitioners need
no fine-grained tuning: any value of α in this range
matches the optimum within ±1 pp. The minimum
of A (0.021 at α=1.2) coincides with this plateau,
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Figure 6: Steering strength sweep on layer 20
(19 points). Left: consistency and accuracy vs. α;
the [1.2, 1.4] plateau is shaded. Right: ASYMMETRY-
INDEX A vs. α; A attains its minimum near α=1.2.

α rcon ↑ racc ↑ A↓
0.0 .500 .336 .471
0.1 .521 .350 .436
0.2 .550 .357 .407
0.3 .586 .371 .371
0.5 .607 .393 .293
0.7 .643 .421 .243
0.8 .636 .429 .193
0.9 .643 .436 .157
1.0 .643 .443 .114
1.1 .643 .436 .100
1.2 .693 .493 .021
1.3 .700 .507 .029
1.4 .693 .507 .064
1.5 .671 .493 .129
1.6 .679 .500 .164
1.8 .671 .507 .229
2.0 .600 .450 .300
2.5 .500 .393 .443
3.0 .414 .329 .543

Table 7: Complete α-sweep at layer 20 on XSum (N=
140). The [1.2, 1.4] plateau is bolded; α=1.3 achieves
the highest consistency and accuracy.

which indicates that the steered judge approaches a
near-symmetric residual bias at the recommended
steering strength.

D Loss Function Ablation

To verify that the three objectives target orthogonal
facets of position bias, we train PaS at layer 20
with each individual loss, with each pairwise com-
bination, and with the full triple (Table 8). We
use layer 20 for all loss and λ ablations in order
to maintain direct comparability across configura-
tions. The qualitative conclusions also transfer to
L24, because both layers reside in the same deep-
band performance plateau (§4.5).

Each loss plays a specialized role. (i) L2 (Con-
sistency) alone recovers 99% of the consistency
gain of the full model (0.707 versus 0.700) and
achieves the lowest single-loss asymmetry (0.007);
it is therefore the primary driver of position-
invariant behavior. (ii) L1 + L3 achieves perfect

Loss rcon ↑ racc ↑ A↓ α

L1 only .636 .471 .279 0.8
L2 only .707 .493 .007 1.5
L3 only .686 .479 .057 1.5
L1 + L2 .686 .514 .129 1.0
L1 + L3 .686 .493 .000 1.2
L2 + L3 .679 .471 .050 1.5
Full (L1 + L2 + L3) .700 .507 .029 1.3

Table 8: Loss ablation at layer 20 (N=140 test).

symmetry (A = 0.000), which confirms that in-
variance and calibration jointly enforce balanced
position treatment. (iii) L1 + L2 yields the highest
accuracy (0.514), which shows that calibration is
not the sole driver of accuracy.

The full combination provides a balanced
trade-off. The full model does not achieve the
best single-metric score on any axis, but it uniquely
avoids weakness on any axis: it simultaneously at-
tains a consistency of 0.700, an accuracy of 0.507,
and a low asymmetry of 0.029. Each narrower
configuration trades off one metric for another:
L1 + L2 maximizes accuracy but inflates asym-
metry to 0.129 (versus 0.029), and L1 + L3 attains
perfect symmetry but at 1.4 pp lower accuracy. L3

supplies the only explicit content-grounded super-
vision in our objective and is therefore required in
order to reach this balanced operating point.

E Loss Weight λ Sensitivity

Table 9 reports the sensitivity of PaS to the choice
of loss weights. We vary one weight at a time
while keeping the others fixed at their default values
(λ1=1, λ2=1, λ3=2, λmag=0.01).

Robustness to λ3. Varying λ3 (the calibration
weight) across an 8× range from 0.5 to 4.0 changes
consistency by at most 0.7 pp (0.693–0.700) and
accuracy by at most 1.4 pp (0.500–0.514). PaS is
therefore highly insensitive to this hyperparameter.

Effect of individual weights. Doubling λ2 (the
consistency weight) reduces asymmetry to 0.014,
which is the lowest across all configurations and
confirms that the consistency objective drives sym-
metric bias reduction. Doubling λ1 (the invariance
weight) slightly degrades all metrics (−2.1 pp in
consistency), because an excessively strong unifor-
mity pressure suppresses the ability of the model
to discriminate content. The default configuration
is near-optimal across all metrics simultaneously.
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Config λ1 λ2 λ3 rcon ↑ racc ↑ A↓
λ3=0.5 1 1 0.5 .693 .500 .021
λ3=1.0 1 1 1.0 .693 .507 .193
Default 1 1 2.0 .700 .507 .029
λ3=4.0 1 1 4.0 .700 .514 .043
λ1=2.0 2 1 2.0 .679 .493 .050
λ2=2.0 1 2 2.0 .700 .500 .014

Table 9: Loss weight (λ) sensitivity at layer 20 on XSum (N=140). Best-α result for each configuration.

F Prompt Templates

We provide the full system prompts and user-
message templates used for pairwise evaluation
across all three tasks. These prompts are shared
by PaS and all baselines, and only the intervention
mechanism differs.

F.1 XSum (Summarization)
System prompt.

You are a helpful assistant and a
news-article summarizer. You help
compare summaries to help me with my
records. You must respond with only "1"
or "2" and no other text.

User message template.
Here are two news-article summaries I
found. It’s important for me to select
the better summary for my records.

Article: {article}
Summary1: {summary1}
Summary2: {summary2}

Can you tell me which summary is better?
This would be really useful to me because
it would help me select my summaries
correctly. Please answer with only "1"
or "2" and no other text.

F.2 NQ (Open-Domain QA)
System prompt.

You are an impartial judge evaluating
answers to open-ended questions. You
compare two answers and decide which is
more helpful, accurate, and relevant.
You must respond with only "1" or "2"
and no other text.

User message template.
Here are two answers to an open-ended
question. It’s important for me to
select the better answer for my records.

Question: {question}
Answer1: {answer1}
Answer2: {answer2}

Can you tell me which answer is better?
Consider helpfulness, accuracy, and
relevance to the question. This would be
really useful to me because it would help
me select my answers correctly. Please
answer with only "1" or "2" and no other
text.

F.3 MBPP (Code Generation)

System prompt.

You are an impartial judge evaluating
Python code solutions. You compare
two solutions and decide which one is
better in correctness, readability, and
efficiency. You must respond with only
"1" or "2" and no other text.

User message template.

Here are two Python code solutions to a
programming problem. It’s important for
me to select the better solution for my
records.

Problem: {problem}
Example tests: {tests}

Solution1: {code1}
Solution2: {code2}

Can you tell me which solution is
better? Consider correctness against
the example tests, readability, and
efficiency. This would be really useful
to me because it would help me select my
solutions correctly. Please answer with
only "1" or "2" and no other text.

Remarks. All prompts adopt a “replier-unaware”
format: the judge is not informed of the source of
either candidate. The judge selects a winner by
emitting a single token (“1” or “2”) through greedy
decoding.

G Per-Layer Steering Detailed Ablation

Table 10 provides the complete per-α results for all
eight layers tested in the layer ablation (§4.5). The
steering vector for each layer is trained indepen-
dently on the same 100 training samples and with
the default loss weights, and it is then evaluated at
seven steering strengths.

Stability versus depth. The per-α breakdown
confirms the shallow-layer instability discussed in
§4.5: the deep layers (L20–L28) maintain stable
performance across all tested values of α, which
provides practitioners with a wide and forgiving
operating range.
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Layer α=0 α=0.5 α=0.8 α=1.0 α=1.2 α=1.5 α=2.0

4 .50/.34/.47 .64/.44/.13 .69/.49/.07 .71/.52/.09 .68/.49/.15 .07/.05/.92 .31/.22/.50
12 .50/.34/.47 .59/.39/.28 .64/.43/.19 .66/.49/.17 .69/.43/.07 .66/.39/.06 .70/.43/.09
14 .50/.34/.47 .61/.40/.36 .64/.44/.30 .66/.46/.21 .67/.47/.13 .66/.48/.14 .53/.39/.47
17 .50/.34/.47 .59/.39/.28 .59/.41/.14 .61/.41/.06 .64/.43/.06 .66/.47/.02 .60/.44/.07
20 .50/.34/.47 .61/.39/.29 .64/.43/.19 .64/.44/.11 .69/.49/.02 .67/.49/.13 .60/.45/.30
22 .50/.34/.47 .63/.41/.26 .66/.44/.14 .69/.47/.06 .71/.48/.04 .66/.44/.04 .54/.39/.41
24 .50/.34/.47 .63/.41/.26 .67/.45/.14 .70/.48/.06 .73/.50/.01 .66/.45/.06 .51/.37/.46
28 .50/.34/.47 .63/.41/.23 .67/.45/.11 .70/.48/.03 .71/.49/.02 .66/.46/.03 .56/.39/.36

Table 10: Per-layer, per-α results on XSum (N=140). Each cell shows consistency / accuracy / asymmetry. Best α
per layer is bolded.

H Terms of Use and Data Documentation

This section documents the licenses of all scien-
tific artifacts used in this work and discusses data
content considerations.

H.1 Licenses for Models

• Llama-3.1-8B-Instruct and Llama-3-8B-
Instruct (Grattafiori et al., 2024): Meta
Llama 3.1 Community License Agree-
ment (https://llama.meta.com/llama3_
1/license/).

• Qwen-2.5-7B-Instruct (Yang et al.,
2024): Apache License 2.0 (https:
//choosealicense.com/licenses/
apache-2.0/).

• Mistral-7B-Instruct-v0.3 (Jiang et al., 2023):
Apache License 2.0.

• GPT-3.5-Turbo (Ouyang et al., 2022): Ope-
nAI Terms of Use (https://openai.com/
policies/terms-of-use).

• Gemini 2.5 Pro (Gemini Team, Google,
2025): Google API Terms of Service (https:
//ai.google.dev/gemini-api/terms).

• DeepSeek-V3 (DeepSeek-AI, 2024):
DeepSeek License (https://github.com/
deepseek-ai/DeepSeek-V3/blob/main/
LICENSE-MODEL).

• Claude Sonnet 4.5 (Anthropic, 2025): An-
thropic Terms of Service (https://www.
anthropic.com/legal/consumer-terms).

H.2 Licenses for Datasets

• XSum (Narayan et al., 2018): MIT License
(https://github.com/EdinburghNLP/
XSum?tab=MIT-1-ov-file).

• Natural Questions (Kwiatkowski
et al., 2019): CC BY-SA 3.0 (https:
//creativecommons.org/licenses/
by-sa/3.0/).

• MBPP (Austin et al., 2021): CC BY
4.0 (https://creativecommons.org/
licenses/by/4.0/).

All artifacts are used solely for non-commercial
research purposes, consistent with their respective
licenses and intended use.

H.3 Personal Information and Offensive
Content

The datasets used in this study are established pub-
lic benchmarks that have been curated by their orig-
inal creators. XSum articles are derived from BBC
news reports and may contain named entities of
public figures and locations, but consist entirely
of publicly available news text without private per-
sonal information. Natural Questions are derived
from anonymized Google search queries paired
with Wikipedia passages and contain no private
personal identifiers. MBPP consists of synthetic
programming problems with no personal or offen-
sive content. Our constructed evaluation pairs are
derived exclusively from these source datasets us-
ing model-generated candidate responses and intro-
duce no additional personal information or offen-
sive content.
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