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ABSTRACT

Self-reference, where an LLM judge first solves a task before evaluating candi-
date responses, has been shown to improve judgment accuracy. However, when
the judge’s self-generated answer is incorrect, using it as reference can propagate
errors into the final judgment. We identify this error propagation problem and ob-
serve that self-consistency among multiple sampled solutions serves as a reliable
proxy for answer correctness: unanimous agreement across five samples yields
78.66% correctness compared to only 35.51% for three-of-five agreement. Build-
ing on this insight, we propose Selective Self-Reference (SSR-Judge), which uses
an agreement gate to conditionally enable self-reference only when the model
exhibits high confidence. On MMLU-Pro pairwise preference judgment, SSR-
Judge achieves 58.93% accuracy, outperforming both no-reference (52.07%) and
always self-reference (58.21%) baselines by avoiding error propagation on uncer-
tain items while preserving self-reference benefits when confidence is high.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Large language models (LLMs) have emerged as powerful evaluators for assessing the quality of
text generation, a paradigm known as LLM-as-a-Judge (Zheng et al., 2023). This approach has been
widely adopted in evaluation benchmarks such as MT-Bench and Chatbot Arena (Chiang et al.,
2024), enabling scalable assessment of model outputs without expensive human annotation. Recent
work has demonstrated that providing the judge model with its own solution to the task before evalu-
ation, termed self-reference, can substantially improve judgment accuracy (Lin et al., 2025). By first
solving the problem independently, the judge gains deeper understanding of the task requirements
and can make more informed comparisons between candidate responses.

However, self-reference introduces a critical vulnerability: when the judge’s self-generated answer
is incorrect, using it as a reference can propagate errors into the final judgment. Our analysis re-
veals that on items where the model’s self-answers exhibit low agreement across multiple samples,
indicating uncertainty, the always-reference approach achieves only 24.50% accuracy compared to
37.75% for no-reference judging. This error propagation effect undermines the benefits of self-
reference precisely when the judge is least confident in its own solution.

We observe that self-consistency among multiple sampled solutions serves as a reliable proxy for
answer correctness. When all five sampled answers agree unanimously, the correctness rate reaches
78.66%, compared to only 35.51% when only three of five samples agree. This calibration property
suggests that agreement level can effectively identify cases where self-reference is likely to help
versus harm judgment quality.

Building on this insight, we propose Selective Self-Reference (SSR-Judge), a method that uses
self-consistency to gate the use of self-reference in LLM-as-a-Judge evaluation. SSR-Judge first
generates multiple independent solutions through temperature sampling, then applies an agreement

1https://gitlab.com/fars-a/selective-self-reference-judge
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threshold to decide whether to provide the self-answer as reference. When agreement is high, indi-
cating confident and likely correct self-answers, the method uses self-reference; otherwise, it falls
back to no-reference judging to avoid error propagation.

This work makes three contributions. First, we identify the error propagation problem in self-
reference judging, demonstrating that incorrect self-answers significantly degrade judgment accu-
racy on uncertain items. Second, we propose SSR-Judge, a selective self-reference method that
uses self-consistency as a confidence gate to conditionally enable self-reference. Third, we demon-
strate that SSR-Judge achieves 58.93% preference accuracy on MMLU-Pro, outperforming both
no-reference (52.07%) and always self-reference (58.21%) baselines.

2 RELATED WORK

LLM-as-a-Judge. Using LLMs as automated evaluators has become a standard approach for as-
sessing model outputs (Zheng et al., 2023; Li et al., 2024). MT-Bench and Chatbot Arena (Zheng
et al., 2023; Chiang et al., 2024) established pairwise comparison frameworks, while G-Eval (Liu
et al., 2023) introduced chain-of-thought evaluation prompts. PandaLM (Wang et al., 2023) and
AlpacaEval (Dubois et al., 2024) provide automated evaluation benchmarks. These works focus on
improving judge accuracy through better prompting or training, but do not address the error propa-
gation problem that arises when judges use their own answers as references.

Self-Reference and Self-Consistency. Lin et al. (2025) introduced self-reference-guided evalua-
tion, where the judge first solves the problem and uses its answer as a reference when evaluating
candidates. While this improves accuracy when the self-answer is correct, they note the risk of error
propagation when the self-answer is wrong. Self-consistency (Wang et al., 2022) demonstrates that
agreement among multiple reasoning paths correlates with answer correctness, and Kadavath et al.
(2022) show that LLMs can estimate their own uncertainty through sampling. SelfCheckGPT (Man-
akul et al., 2023) uses sampling-based consistency for hallucination detection. Our work connects
these threads by using self-consistency to decide when self-reference should be applied in judging.

Judge Reliability. LLM judges exhibit various biases and inconsistencies. Wataoka et al. (2024)
identify self-preference bias where judges favor their own outputs. Haldar & Hockenmaier (2025)
document self-inconsistency across repeated evaluations. TrustJudge (Wang et al., 2025) proposes
probabilistic scoring to reduce inconsistencies, while Tian et al. (2025) diagnose overconfidence in
LLM judges and propose confidence-driven solutions. JudgeBench (Tan et al., 2024) provides a
benchmark for evaluating judge correctness. Our work addresses a complementary failure mode:
error propagation from incorrect self-references, which we mitigate through confidence-gated self-
reference.

3 METHOD

We present SSR-Judge (Selective Self-Reference), a method that uses self-consistency to selectively
enable self-reference in LLM-as-a-Judge evaluation. The core insight is that agreement among
multiple self-solve samples serves as a reliable confidence signal: when the judge model consistently
produces the same answer, that answer is more likely to be correct and can safely be used as a
reference for evaluation.

3.1 PROBLEM FORMULATION

We consider the pairwise preference judgment task, where a judge model MJ must determine which
of two candidate responses better answers a given question. Formally, given a question Q with
answer options and two candidate responses (R1, R2), the judge outputs a preference p ∈ {1, 2}
indicating which response is superior.

In the self-reference paradigm (Lin et al., 2025), the judge first solves the question independently to
obtain a reference answer Â, then evaluates the candidates with this reference as additional context.
This approach can improve judgment accuracy when Â is correct, as the judge has an explicit anchor
for comparison. However, when Â is incorrect, the judge may anchor to this wrong reference and
penalize correct candidates that disagree with it—a phenomenon we term error propagation.
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3.2 SELF-SOLVE SAMPLING

To estimate the reliability of the judge’s self-answer, we generate k independent self-solve samples
using temperature sampling. Given question Q, we sample k responses {r1, r2, . . . , rk} from the
judge model MJ with temperature T > 0, and extract the final answer from each response. This
sampling strategy follows the self-consistency principle (Wang et al., 2022), which demonstrates
that agreement among diverse reasoning paths correlates with answer correctness.

We compute the agreement level as the fraction of samples that share the most common answer:

Agreement(r1, . . . , rk) =
maxa |{i : answer(ri) = a}|

k
(1)

where answer(ri) extracts the final answer from sample ri. Higher agreement indicates greater
model confidence in its answer, which prior work has shown to be a well-calibrated proxy for cor-
rectness (Kadavath et al., 2022).

3.3 AGREEMENT GATE

We define a binary gate function g that determines whether to use self-reference based on the agree-
ment level:

g(r1, . . . , rk) = 1[Agreement(r1, . . . , rk) ≥ τ ] (2)

where τ is a threshold parameter. When g = 1 (gate fires), we consider the self-answer reliable
and use it as a reference. When g = 0 (gate does not fire), we abstain from self-reference to avoid
potential error propagation.

The threshold τ controls a precision-coverage tradeoff. A higher threshold (e.g., requiring unan-
imous agreement) yields higher precision—items passing the gate are more likely to have correct
self-answers—but lower coverage, as fewer items pass the gate. We analyze this tradeoff empirically
in Section 4.2.

3.4 CONDITIONAL JUDGING

Based on the gate output, SSR-Judge follows one of two judging paths (Figure 1):

Self-reference path (g = 1): When the gate fires, we compute the majority answer Âmaj from the
k samples and provide it as a reference to the judge. The judge evaluates the candidates with the
prompt: “Given question Q, the correct answer is Âmaj. Which response is better: R1 or R2?”

No-reference path (g = 0): When the gate does not fire, we discard the self-solve samples and
prompt the judge without any reference: “Given question Q, which response is better: R1 or R2?”

This selective mechanism achieves the best of both worlds: on high-agreement items where the
self-answer is likely correct, SSR-Judge leverages self-reference to improve judgment accuracy.
On low-agreement items where the self-answer is unreliable, SSR-Judge falls back to no-reference
judging to avoid error propagation. To mitigate position bias in pairwise evaluation (Zheng et al.,
2023), we evaluate each item twice with swapped response order and take the majority vote.

4 EXPERIMENTS

We evaluate SSR-Judge on MMLU-Pro, a challenging multi-domain benchmark, comparing it
against two baselines: no-reference judging and always-self-reference judging.

4.1 EXPERIMENTAL SETUP

Dataset. We use MMLU-Pro (Wang et al., 2024), a more challenging extension of
MMLU (Hendrycks et al., 2020) with 10 answer options per question (vs. 4 in MMLU). We sample
100 items from each of 14 categories, yielding N = 1,400 evaluation instances. For each item,
we construct two candidate responses using a separate generator model: one concluding with the
correct answer and one with a randomly sampled incorrect answer.
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Figure 1: Overview of SSR-Judge. Given a question Q and two candidate answers, the judge first
generates k = 5 self-solve samples. If ≥ 4/5 samples agree on the same answer, the judge uses this
consensus answer as a reference when evaluating the candidates (self-reference path). Otherwise,
the judge evaluates without reference (no-reference path). This selective mechanism preserves the
benefit of self-reference when the judge is confident while avoiding error propagation when uncer-
tain.

Table 1: Main results on MMLU-Pro (N = 1,400). SSR-Judge achieves the highest overall accuracy
while selectively applying self-reference based on self-solve agreement. Gate metrics computed
using ≥ 4/5 agreement threshold. Best results in bold.

Method PreferenceAcc (%) SliceAcc Gate-On (%) SliceAcc Gate-Off (%) Gate-On Rate (%) Gate Precision (%)

No-Reference (A) 52.07 59.87 45.73 44.86 78.66
Always Self-Ref (B) 58.21 72.77 46.37 44.86 78.66
SSR-Judge (C, Ours) 58.93 (+6.86) 68.76 41.62 63.79 72.45

Model. We use Qwen2.5-72B-Instruct (Yang et al., 2024) as the judge model MJ for all conditions.
Self-solve samples are generated with temperature T = 0.7.

Hyperparameters. We use k = 5 self-solve samples and an agreement threshold of τ = 4/5 (at
least 4 out of 5 samples must agree for the gate to fire).

Baselines. We compare three conditions, all using the same k = 5 self-solve samples to ensure
compute-matched comparison. No-Reference (A) discards self-solves and has the judge evaluate
candidates directly. Always Self-Reference (B) always uses the majority self-answer as reference.
SSR-Judge (C, Ours) uses self-reference only when agreement ≥ 4/5.

Metrics. We report PreferenceAcc (overall accuracy), SliceAcc for gate-on and gate-off subsets,
Gate-On Rate (fraction of items where gate fires), and Gate Precision (fraction of gate-on items with
correct majority answer).

4.2 MAIN RESULTS

Table 1 presents the main results. SSR-Judge achieves 58.93% PreferenceAcc, outperforming both
No-Reference (52.07%, +6.86pp) and Always Self-Reference (58.21%, +0.72pp). The improve-
ment over No-Reference demonstrates the value of self-reference when applied selectively, while
the improvement over Always Self-Reference shows the benefit of avoiding error propagation on
low-confidence items.
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Figure 2: Preference accuracy across four slices defined by self-solve agreement (unanimous vs.
non-unanimous) and majority correctness (correct vs. wrong). SSR-Judge (green) matches Always
Self-Reference (orange) on unanimous slices where self-reference is beneficial, while matching
No-Reference (blue) on non-unanimous slices where self-reference would cause error propagation.
Sample sizes shown in parentheses.

Table 2: Error propagation analysis across four slices. SSR-Judge matches Always Self-Ref on
unanimous slices (preserving benefit) and matches No-Reference on non-unanimous slices (avoiding
error propagation). Best per slice in bold.

Slice No-Ref (A) Always Self-Ref (B) SSR-Judge (C) C matches

Unanimous + Correct (n = 647, 46.2%) 62.75 85.32 85.32 B ✓
Unanimous + Wrong (n = 246, 17.6%) 45.53 25.20 25.20 B ✓
Non-unan. + Correct (n = 160, 11.4%) 50.00 72.50 50.00 A ✓
Non-unan. + Wrong (n = 347, 24.8%) 37.75 24.50 37.75 A ✓

The gate characteristics reveal the precision-coverage tradeoff. SSR-Judge’s ≥ 4/5 threshold yields
a higher Gate-On Rate (63.79% vs. 44.86% for strict unanimity) at the cost of slightly lower Gate
Precision (72.45% vs. 78.66%). This tradeoff is favorable: the increased coverage allows more
items to benefit from self-reference while maintaining sufficient precision to avoid excessive error
propagation.

4.3 ERROR PROPAGATION ANALYSIS

To understand why SSR-Judge outperforms both baselines, we partition items into four slices based
on agreement level (unanimous vs. non-unanimous) and majority answer correctness (correct vs.
wrong). Figure 2 and Table 2 present the results.

The results validate SSR-Judge’s selective mechanism. On unanimous slices, SSR-Judge matches
Always Self-Reference, preserving the substantial benefit of self-reference when the majority an-
swer is correct (+22.57pp on Unanimous+Correct). On non-unanimous slices, SSR-Judge matches
No-Reference, avoiding the error propagation that causes Always Self-Reference to drop 13.25pp
below No-Reference on the Non-unanimous+Wrong slice (24.50% vs. 37.75%). The “Unanimous
+ Wrong” slice represents irreducible error: even with correct gate behavior, anchoring to a wrong
reference hurts performance. However, this slice is relatively small (17.6%) and the gate correctly
identifies these items as high-confidence, where self-reference is the intended behavior.
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Figure 3: Calibration of self-solve agreement as a correctness proxy. Higher agreement levels cor-
respond to higher probability that the majority answer is correct: 35.5% at 3/5 agreement, 57.7% at
4/5, and 78.7% at 5/5 (unanimous). The dashed line marks the gate threshold (≥ 4/5 agreement).
Shaded region shows 95% confidence interval.

4.4 CALIBRATION ANALYSIS

The success of SSR-Judge depends on self-consistency being a reliable confidence signal. Figure 3
shows the relationship between agreement level and majority answer correctness. We observe a
strong monotonic relationship: items with 3/5 agreement have only 35.5% majority correctness,
items with 4/5 agreement have 57.7% correctness, and items with 5/5 (unanimous) agreement have
78.7% correctness. This calibration justifies using agreement as a gate for self-reference—higher
agreement reliably indicates higher probability that the self-answer is correct and can safely be used
as a reference.

4.5 PER-CATEGORY ANALYSIS

SSR-Judge improves over No-Reference on 13 of 14 categories, with the largest gains in math
(+22pp), business (+16pp), and chemistry (+15pp)—domains where self-reference provides sub-
stantial benefit. Compared to Always Self-Reference, SSR-Judge outperforms on 10 of 14 cate-
gories. The categories where Always Self-Reference wins (math, chemistry) tend to have high gate
precision, meaning the self-answer is usually correct even when non-unanimous. Gate precision
varies substantially across domains: STEM categories (physics 89%, math 86%) have high preci-
sion, while humanities categories (law 48%, philosophy 58%) have lower precision, suggesting that
domain-specific threshold tuning could further improve performance.

5 CONCLUSION

We presented SSR-Judge, a selective self-reference method for LLM-as-a-Judge that uses self-
consistency to gate the use of self-generated answers as reference. By generating multiple indepen-
dent solutions and applying an agreement threshold, SSR-Judge identifies cases where self-reference
is likely to help versus harm judgment quality. Our experiments on MMLU-Pro demonstrate that
SSR-Judge achieves 58.93% preference accuracy, outperforming both no-reference (52.07%) and
always self-reference (58.21%) baselines. The method successfully avoids error propagation on
uncertain items while preserving the benefits of self-reference when the model is confident.

Our approach has limitations. The requirement for multiple samples increases computational cost,
though this can be mitigated through parallel inference. Additionally, the optimal agreement thresh-
old may vary across domains, suggesting that domain-specific calibration could further improve
performance. Future work could explore adaptive thresholding strategies and extend the approach
to other evaluation settings beyond pairwise preference judgment.
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