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ABSTRACT

Large Language Models (LLMs) are increasingly used as evaluators of model out-
puts, a paradigm commonly referred to as LLM-as-a-judge. A natural assumption
underlying this paradigm is that verification should be easier than solving: given a
candidate solution, a model should reliably determine its correctness. In this work,
we empirically test this assumption. Across multiple benchmarks and model fam-
ilies, we find that LLMs are often less accurate at verification than at solving
the same tasks. This gap persists across domains, including multiple-choice rea-
soning, program synthesis, and multi-step problem solving. To understand this
failure, we study verification along three axes. First, we identify epistemic bias,
where models are more reliable at accepting correct solutions than rejecting incor-
rect ones. Second, we show perturbation insensitivity, where models fail to detect
localized errors in near-correct solutions. Third, we demonstrate that verifica-
tion accuracy improves with rubric conditioning, highlighting the role of explicit
evaluation criteria. Our results show that LLM-based evaluation is not a straight-
forward proxy for correctness. Instead, it exhibits systematic failure modes that
must be accounted for when using LLMs as evaluators in post-training and bench-
marking pipelines.

1 INTRODUCTION

Large Language Models (LLMs) have rapidly evolved from generative systems to general-purpose
reasoning agents, capable of performing complex tasks across domains (Brown et al., 2020; Chowd-
hery et al., 2023). A key driver of this progress has been post-training, where models are aligned
and improved using techniques such as supervised fine-tuning and preference optimization (Ouyang
et al., 2022; Rafailov et al., 2023; Guo et al., 2025). These methods increasingly rely on implicit or
learned reward signals, rather than explicit ground-truth supervision, shifting the burden of evalua-
tion from humans to models themselves (Bai et al., 2022; Lee et al., 2024).

This shift has led to the emergence of the LLM-as-a-judge paradigm (Li et al., 2024a), where models
are used as autonomous evaluators of outputs produced by other models – or even themselves. Such
evaluators are now central to modern pipelines, including reinforcement learning from AI feedback,
self-improvement loops, and hallucination detection (Li et al., 2025; Huang et al., 2025). In these
settings, LLMs are tasked not only with generating solutions but also with assessing their correct-
ness, effectively acting as verifiers in the absence of external supervision.

A common intuition underlying this paradigm is that verification should be easier than solving.
This view is loosely motivated by complexity-theoretic reasoning: given access to a solver, one
can construct a verifier by independently recomputing the solution and checking consistency. By
analogy, when the same model family is used for both generation and evaluation, one might expect
verification to be at least as reliable as solving.

Solvers vs. Verifiers. We compare model performance when used as a solver against its perfor-
mance when verifying candidate solutions. Figure 1 plots this comparison across MMLU-Pro (Wang
et al., 2024) subjects, where the diagonal (y = x) denotes parity between solving and verification
accuracy. A substantial fraction of subjects lies below the diagonal, indicating that verification ac-
curacy is lower than solving accuracy. This pattern holds across subjects, suggesting that the drop
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Figure 1: Verifier vs. solver accuracy across MMLU-Pro subjects. Each point represents average
zero-shot accuracy of solver and verifier on a particular subject of MMLU-Pro for a particular model.
The diagonal (y = x) separates regimes where verification matches solving. A substantial fraction
of points lie below the diagonal (red region), indicating that the verifier under performs the solver,
contradicting the intuition that verification is easier.

in verification accuracy is not tied to any particular model or task but is inherent to the LLM-based
verification setup.

Failure Modes of Verification. Aggregate accuracy alone does not explain this gap. Instead,
verification errors arise from systematic properties of model-based evaluation. We identify three
distinct failure modes: (i) epistemic bias, where models preferentially accept plausible but incorrect
solutions; (ii) perturbation insensitivity, where models fail to detect localized errors in near-correct
outputs; and (iii) rubric conditioning, where performance depends critically on the structure of the
evaluation criteria.

Prior work has examined the reliability of LLM-based evaluators, identifying issues such as posi-
tion bias, prompt sensitivity, and disagreement with human judgments (Shi et al., 2025; Wei et al.,
2025; Huang et al., 2025; Fu & Liu, 2025). However, this line of work primarily focuses on com-
parative evaluation, such as ranking or preference modeling. Concurrent work like Lu et al. (2025)
attempts to study the challenges of using LLM-as-a-judge by observing solver-verifier variance,
with changing solver and verifier model-sizes and model-architectures. We study verification as
a binary decision problem with ground-truth correctness, and provide a systematic analysis of its
failure modes.

Contributions. We introduce a three-axis evaluation framework that isolates distinct failure
modes of LLM-as-a-Judge. Along Axis I (Epistemic Bias), we measure the gap between true
positive and true negative rates across 12 model–dataset configurations and find a pervasive ac-
cept bias: normalized bias ∆norm reaches +0.96 for Qwen3-4B (Thinking) on HumanEval
(TPR = 0.99, TNR = 0.35) and +0.78 for Gemma3-4B on MMLU-Pro (TPR = 0.73, TNR = 0.32),
with only two configurations exhibiting a mild reject bias (Llama3.2-3B on CHAMP at −0.12
and Qwen3-14B on MMLU-Pro at −0.08). Along Axis II (Perturbation Sensitivity), we show that
rejection accuracy drops sharply for near-correct solutions: at 1 edit, Gemma3-4B detects only
59.2% of functionally broken code compared to 87.8% at 20 edits, and even the best-performing
model (Qwen3-4B (Thinking)) falls from 100% to 90.2%. Along Axis III (Rubric Con-
ditioning), we demonstrate that structured evaluation criteria recover verification accuracy, with
Llama3.2-3B improving from 20.4% (k=0) to 92.8% (k=6) and Gemma3-4B from 45.7% to
74.6%, while Qwen3-4B (Thinking)—already at 85.5%—plateaus near 84–86%, suggesting
rubrics primarily compensate for weaker internal reasoning.

2 RELATED WORK

LLM-as-a-Judge. Recent work has demonstrated that LLMs can act as scalable evaluators for
model outputs, enabling new forms of training and evaluation pipelines. In particular, LLM-based
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judging has been used to automate large-scale benchmarking and reduce reliance on human annota-
tion (Li et al., 2024a).

LLM-based judges have been used to perform rubric-based scoring and preference comparisons for
open-ended generation tasks, enabling scalable evaluation without human annotators (Liu et al.,
2023a; Kim et al., 2023; Li et al., 2024b). Beyond evaluation, several methods rely on LLM-
generated judgments as supervision signals during training. For example, Constitutional AI and
related approaches replace human feedback with AI-generated critiques or preferences (Bai et al.,
2022). Large-scale feedback datasets such as UltraFeedback leverage strong models to produce
synthetic preference annotations (Cui et al., 2024). Similarly, critique-based frameworks train or
deploy LLM critics to assess and refine model outputs, as in Shepherd (Wang et al., 2023a), Self-
Refine (Madaan et al., 2023), and Reflexion (Shinn et al., 2023). More recently, Direct Judgement
Preference Optimization use model-generated judgments directly to guide policy learning (Wang
et al., 2025). Together, these approaches highlight the growing reliance on LLM-based judges as
scalable sources of evaluation and supervision.

Limitations & Biases in LLM-based Judges. Recent work has begun to examine the reliabil-
ity and limitations of LLM-based evaluators. Li et al. (2025) provide a comprehensive study of
LLM-as-a-judge systems, identifying systematic issues such as positional bias, prompt sensitivity,
and inconsistencies in evaluation across tasks. Similarly, Sun et al. (2024) analyze the reliability
of critique-based evaluation and show that LLM-generated critiques can be incomplete or mislead-
ing, limiting their usefulness as reliable feedback signals. Complementing these analyses, Lin et al.
(2024) introduce CriticBench, a benchmark designed to measure LLM capabilities in critique and
correction reasoning across multiple domains, highlighting gaps between generation and critique
abilities. In a related direction, Feng et al. (2025) study the reliability of LLM-based evaluators
through consistency-based metrics that measure stability and transitivity of model judgments, show-
ing that LLM judges frequently exhibit inconsistent preferences.

Beyond evaluation-specific studies, recent work in reasoning benchmarks and verification settings
further highlights limitations in LLMs’ ability to reliably assess correctness. The CHAMP bench-
mark shows that models can arrive at correct answers through flawed reasoning and often fail to
verify such solutions (Mao et al., 2024). Similarly, studies on NP-hard problem solving demonstrate
that LLM performance is highly sensitive to problem presentation, suggesting brittle reasoning that
may undermine reliable evaluation (Duchnowski et al., 2025). Work on fine-tuned judge models fur-
ther shows limited generalization, with such models behaving as task-specific classifiers that fail to
match stronger models across domains (Huang et al., 2025). Closest to our setting, Lu et al. (2025)
study LLMs as solution verifiers and analyze solver-verifier interactions, showing that verification
performance varies significantly across tasks and model families.

While these works primarily document empirical inconsistencies, brittleness, and benchmarking
gaps, our work investigates a more fundamental question: whether verification itself is easier than
generation for LLMs, and how biases in verification, such as optimism toward plausible but incorrect
answers, affect the reliability of LLM-based judging.

3 METHODOLOGY

Modern language models are parameterized conditional distributions pθ(y | x) trained on large-
scale corpora and evaluated across a broad range of downstream tasks. A task is defined by an input
space X , an output space Y , and a ground-truth mapping f : X → Y . Given x ∼ D, a model
generates ŷ ∼ pθ(· | x), which is evaluated against f(x) using task-dependent metrics.

While exact-match or executable metrics are available in restricted settings (e.g., multiple-choice
or program synthesis with test cases), many tasks (particularly open-ended generation) lack reliable
automatic evaluation. A common approach is to employ a second model to assess the correctness or
quality of ŷ, effectively replacing explicit metrics with learned evaluation functions .

We formalize this as a two-stage pipeline:

ŷ ∼ psolve
θ (· | x), ẑ ∼ pverify

ϕ (· | x, ŷ),
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where psolve
θ generates candidate solutions and pverify

ϕ produces an evaluation signal. In the simplest
case, ẑ ∈ {0, 1} represents a binary correctness judgment.

This abstraction captures a range of evaluation paradigms, including reference-based scoring, prefer-
ence modeling, and learned reward functions used in alignment pipelines . Crucially, the evaluation
model pverify

ϕ is itself a pre-trained distribution not explicitly optimized for verification, and therefore
introduces an additional layer of approximation beyond the task mapping f .

We further consider rubric-based evaluation (Zheng et al., 2023; Bai et al., 2022), where the verifier
is provided with structured criteria to guide its judgment. Formally, a rubric is a collection of criteria

R = {g1, g2, . . . , gk},

where each gi specifies a property that a correct solution should satisfy. For example, in a reasoning
task, g1 may require correctness of intermediate steps, while g2 may enforce consistency with the
final answer. The evaluation model is then conditioned on R:

ẑ ∼ pverify
ϕ (· | x, ŷ,R),

allowing verification to be decomposed into finer-grained checks.

The reliability of this pipeline depends not only on the quality of generated solutions but also on the
inductive biases and failure modes of pverify

ϕ . In this work, we study the verification process induced

by pverify
ϕ along three axes: (i) epistemic bias in distinguishing correct and incorrect solutions, (ii)

sensitivity to localized perturbations of otherwise correct outputs, and (iii) the effect of structured
evaluation criteria (rubrics) on verification accuracy.

3.1 AXIS I: EPISTEMIC BIAS

We examine whether the evaluation model pverify
ϕ exhibits asymmetric behavior when judging correct

and incorrect candidate solutions. Ideally, verification should be symmetric: correct candidates are
accepted and incorrect candidates are rejected with comparable reliability. However, pverify

ϕ is a
pre-trained model not optimized for verification, and its judgments may depend on properties of ŷ
beyond correctness, such as plausibility or alignment with common reasoning patterns (Wang et al.,
2023b; Lightman et al., 2024).

We instantiate verification as a reduction of standard evaluation benchmarks with known ground-
truth answers. For each input x with ground-truth f(x), we form candidate solutions ŷ which may
be either correct (ŷ = f(x)) or incorrect (ŷ ̸= f(x)). The evaluation model predicts a binary label:

ẑ ∈ {0, 1}, ẑ = 1 iff ŷ = f(x),

based on (x, ŷ).

We characterize verification performance using standard confusion statistics. Let TP and TN denote
the rates at which correct and incorrect candidates are correctly classified, and FP and FN denote the
rates at which incorrect candidates are accepted and correct candidates are rejected, respectively.

We define the epistemic bias gap1 as

∆bias = TPR − TNR.

A non-zero ∆bias indicates asymmetric verification behavior. In particular, ∆bias > 0 implies that the
evaluator is more reliable at confirming correct candidates than rejecting incorrect ones, reflecting
an acceptance bias toward plausible but incorrect outputs. However, ∆bias alone does not account
for the model’s overall competence. For instance, a high bias may arise simply due to uniformly
strong or weak performance.

1We refer to this asymmetric acceptance rate (∆bias) as an ’epistemic bias’ because it reflects a default to
acceptance when the model lacks the necessary knowledge boundaries to confidently reject, rather than a mere
calibration error.
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Balanced Accuracy and Normalized Bias. In verification settings, performance must account
for both the ability to accept correct solutions and reject incorrect ones. Let TPR denote the true
positive rate (accepting correct solutions) and TNR denote the true negative rate (rejecting incorrect
solutions). We measure overall verification capability using balanced accuracy:

BalAcc =
TPR + TNR

2
.

Unlike standard accuracy, balanced accuracy assigns equal importance to both classes and is invari-
ant to class imbalance, making it appropriate for evaluating verification behavior.

To normalize for overall capability, we define the normalized bias:

∆norm =
∆bias

TPR + TNR
=

TPR − TNR
TPR + TNR

.

This metric captures the relative asymmetry in verification behavior, independent of absolute per-
formance. Intuitively, ∆norm measures how skewed a verifier is toward accepting solutions versus
rejecting them, normalized by its overall balanced accuracy. High positive values indicate a system-
atic tendency to accept candidate solutions (even at the cost of failing to reject incorrect ones), while
negative values indicate the opposite.

Thus, ∆norm isolates epistemic bias from raw verification ability, enabling meaningful comparisons
across models and datasets with differing accuracy levels.

This axis isolates a key failure mode: whether verification operates as semantic correctness checking
or as plausibility filtering. By evaluating performance conditioned on ground-truth correctness, we
directly quantify the extent to which pverify

ϕ conflates these objectives.

3.2 AXIS II: PERTURBATION SENSITIVITY

We study the sensitivity of the evaluation model pverify
ϕ to localized errors in candidate solutions.

Language models are known to produce outputs that are highly plausible yet incorrect, often differ-
ing from correct solutions in only small, localized ways (Wang et al., 2023b; Lightman et al., 2024).
A reliable verifier should detect such errors even when the overall structure of the solution appears
valid.

We formalize this by constructing perturbed variants of ground-truth solutions. For each input x
with solution y = f(x), we generate candidates ŷ(k) by applying k localized edits. These edits
are introduced via deterministic transformations (e.g., token-level corruptions, datatype changes,
or numerical modifications for coding tasks) that induce incorrectness while preserving the global
structure and surface plausibility of the solution. By construction, ŷ(k) ̸= f(x) for all k ≥ 1.

Given (x, ŷ(k)), the evaluation model produces a binary judgment ẑ(k) ∈ {0, 1}, where ẑ(k) = 1
denotes acceptance. We measure the verifier’s ability to reject incorrect candidates via the hit rate:

H(k) = E
[
I(ẑ(k) = 0)

]
.

The parameter k controls the proximity of ŷ(k) to the ground-truth solution. Small values of k
correspond to near-miss candidates that remain structurally similar to correct solutions but contain
localized errors, while larger values induce progressively larger deviations.

This setup isolates whether pverify
ϕ performs fine-grained validation or relies on coarse structural cues.

In particular, a decrease in H(k) for small k indicates that the verifier fails to detect subtle errors
and instead accepts globally plausible candidates. Variation in H(k) directly reflects sensitivity to
localized perturbations, independent of task difficulty or label ambiguity.

3.3 AXIS III: RUBRIC CONDITIONING

We study whether conditioning the evaluation model pverify
ϕ on structured criteria improves verifica-

tion accuracy.
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Given an input x, candidate solution ŷ, and rubric R = {g1, . . . , gn} as defined in §3.1, we condition
the verifier on subsets of criteria:

ẑk ∼ pverify
ϕ (· | x, ŷ,Rk), Rk = {g1, . . . , gk},

where ẑk ∈ {0, 1} denotes the binary correctness judgment and k controls the level of specification.

We evaluate verification accuracy as a function of k:

A(k) = E [I(ẑk = I(ŷ = f(x)))] .

Increasing k corresponds to progressively refining the evaluation objective via more explicit criteria.
Improvements in A(k) indicate that rubric conditioning helps the verifier perform more accurate and
consistent correctness judgments by decomposing the task into finer-grained checks.

Conversely, limited or diminishing gains as k increases suggest that verification errors are not solely
due to underspecified evaluation objectives, but reflect intrinsic limitations of pverify

ϕ . This axis, there-
fore, isolates the extent to which verification performance can be improved through better specifica-
tion of evaluation criteria.

4 SETUP & EXPERIMENTS

4.1 SETUP

Models. We evaluate a set of open-weight LMs: Qwen3-14B & Qwen3-4B
(Thinking) (Yang et al., 2025), Llama3.2-3B (Meta AI, 2024), and Gemma3-4B (Google,
2025). Each model is used in two roles: (i) as a solver psolve

θ (· | x) to produce candidate solutions,
and (ii) as a verifier pverify

ϕ (· | x, ŷ) to perform verification. Unless otherwise specified, we use
identical prompting and decoding settings across tasks and treat the verification output as a binary
judgment ẑ ∈ {0, 1}.

Datasets. We evaluate on four benchmarks with ground-truth answers:

1. MMLU-Pro Wang et al. (2024): broad, subject-wise multiple-choice reasoning

2. MedMCQA (Wei et al., 2025): medical-domain multiple-choice QA

3. HumanEval (Chen et al., 2021): code generation with unit-test evaluation

4. CHAMP (Mao et al., 2024): multi-step reasoning with annotated hints

These datasets span multiple-choice QA, domain-specific reasoning, program synthesis, and multi-
step problem solving (see §A for details). For each dataset, we cast the task as verification by pairing
inputs x with candidate solutions ŷ and requiring the model to predict whether ŷ is correct. We con-
struct a balanced verification set with a 50%–50% split of correct and incorrect candidates. Incorrect
candidates are generated either by sampling alternative options (e.g., other choices in MMLU-Pro)
or by perturbing correct solutions (e.g., modifying the reference code in HumanEval ).

Axes. We instantiate the three evaluation axes described in §3 on the models and datasets men-
tioned above. For Axis I, we use the native tasks in MMLU-Pro, MedMCQA, HumanEval, and
CHAMP, constructing candidate solutions ŷ that are either correct or incorrect, and measure con-
ditional hit rates over these instances. For Axis II, we focus on program synthesis and structured
reasoning tasks (HumanEval, CHAMP ), where we generate perturbed variants of ground-truth so-
lutions via controlled edits, and evaluate rejection performance as a function of perturbation level.
Details of each edit-type can be found in Table 1. For Axis III, we use CHAMP, which provides
solution decompositions that enable the construction of rubric sets R from problem-specific hints.
We then progressively condition the evaluator on increasing subsets Rk and measure verification
accuracy as a function of k.

4.2 RESULTS
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Edit Type Description Example Failure Mode

Character / Spelling Replace characters or
identifiers with visually
similar variants

count → c0unt Syntactic errors, unin-
tended variable mismatch

Number Change Substitute numeric con-
stants with different val-
ues

n = 10 → n = 12 Logical errors (incorrect
computation)

Data Type Change Modify variable or func-
tion data types

int → float Type errors, runtime fail-
ures

Expression Change Alter operators or ex-
pressions while preserv-
ing structure

a + b → a - b, <
→ >=

Logical errors (semantic
change)

Table 1: Types of perturbations introduced in the Perturbation Sensitivity experiment setting. Each
edit operates at a different abstraction level and induces distinct failure modes. In the experiment,
an edit-type is randomly selected and applied to the code.

Dataset Model TPR TNR ∆bias ∆norm

CHAMP Qwen3-4B (Thinking) 0.86 0.54 +0.33 0.47
HumanEval Qwen3-4B (Thinking) 0.99 0.35 +0.64 0.96
MMLU-Pro Qwen3-4B (Thinking) 0.50 0.48 +0.02 0.04

CHAMP Llama3.2-3B 0.55 0.61 -0.07 -0.12
HumanEval Llama3.2-3B 0.63 0.54 +0.09 0.15
MMLU-Pro Llama3.2-3B 0.67 0.41 +0.26 0.48

CHAMP Gemma3-4B 0.81 0.60 +0.21 0.30
HumanEval Gemma3-4B 0.91 0.48 +0.43 0.62
MMLU-Pro Gemma3-4B 0.73 0.32 +0.41 0.78

CHAMP Qwen3-14B 0.81 0.56 +0.25 0.37
HumanEval Qwen3-14B 0.99 0.43 +0.56 0.79
MMLU-Pro Qwen3-14B 0.50 0.54 -0.04 -0.08

Table 2: Epistemic bias in verification (Axis I). We report true positive rate (TPR) and true negative
rate (TNR), the bias gap ∆bias = TPR−TNR, and the normalized bias ∆norm = TPR−TNR

TPR+TNR . Negative
values (in red) indicate bias toward incorrect predictions. Balanced accuracy is given by TPR+TNR

2 .

Axis 1: Epistemic Bias. We quantify epistemic bias as ∆bias = TPR − TNR, which captures
whether a model is more reliable at accepting correct solutions than rejecting incorrect ones. Table 2
shows that most models exhibit a consistent positive bias, indicating systematic over-acceptance. In
particular, Qwen3-4B (Thinking) displays large gaps on CHAMP (+0.33) and HumanEval
(+0.64), while remaining nearly unbiased on MMLU-Pro (+0.02). Gemma3-4B shows moderate
but consistent over-acceptance across all datasets (CHAMP +0.21, HumanEval +0.43, MMLU-Pro
+0.41), and Qwen3-14B follows a similar pattern. In contrast, Llama3.2-3B is comparatively
balanced, with a slight under-acceptance on CHAMP (−0.07) and smaller positive gaps on Hu-
manEval (+0.09) and MMLU-Pro (+0.26).

The magnitude of bias also varies systematically across datasets. Bias is largest on CHAMP and
HumanEval, where solutions are structured and often resemble correct reasoning traces, making in-
correct candidates harder to reject. In contrast, MMLU-Pro exhibits smaller and less consistent gaps,
suggesting that over-acceptance is less pronounced in open-ended reasoning settings. Overall, these
results show that epistemic bias is both model- and dataset-dependent, but manifests consistently as
a tendency to over-accept candidate solutions.

Axis 2: Perturbation Sensitivity. We evaluate perturbation sensitivity on the HumanEval bench-
mark by introducing controlled perturbations to correct reference implementations, spanning the
edit classes described in Table 1. Figure 2 depicts the results. Across all models (Qwen3-14B,
Qwen3-4B (Thinking), Gemma3-4B, Llama3.2-3B), verifier accuracy is significantly
lower for minimal perturbations: at a single edit, accuracy ranges from 59.15% (Gemma3-4B) and
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Figure 2: Perturbation sensitivity (Axis II). Rejection accuracy as a function of the number of edits
applied to ground-truth solutions. Lower edit counts correspond to near-correct candidates. All
models exhibit reduced accuracy for small perturbations, indicating difficulty in detecting localized
errors.
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Figure 3: Rubric conditioning (Axis III). Verification accuracy as a function of the number of
rubric criteria k. Increasing k improves accuracy across models, indicating that structured evaluation
criteria help mitigate verification errors.

73.78% (Llama3.2-3B) to 85.28% (Qwen3-14B). Despite being semantically incorrect, these
programs remain structurally close to the original solutions, making localized errors difficult to de-
tect and revealing a reliance on coarse structural similarity rather than precise verification.

As perturbations increase, accuracy improves markedly: at 20 edits, performance rises to 87.8%
(Gemma3-4B), 93.9% (Llama3.2-3B), and 99.39% (Qwen3-14B), as errors become more glob-
ally salient due to greater structural divergence. This contrast highlights a systematic failure mode:
LLM judges struggle with sparse, localized errors but succeed when deviations are sufficiently pro-
nounced.

Overall, this behavior indicates that sensitivity is governed more by surface-level divergence than
semantic correctness, suggesting that LLM-based judges operate as approximate semantic matchers
rather than faithful program verifiers.

Axis 3: Rubric Conditioning. We study how providing structured evaluation criteria (rubrics)
influences verifier performance. For each problem in CHAMP, we construct a set of rubric state-
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Problem: 11 children sit in a row of seats. Each child may move to an adjacent seat or stay put. How
many possible rearrangements are there? Answer: 144

0 Rubrics — Verdict: CORRECT (False Positive)

“. . . the counting approach is reasonable and consistent with known combinato-
rial results. The solution is correct.”

1 Rubric — Verdict: CORRECT (False Positive)

R1: “Let a(n) be the number of rearrangements for n seats and consider the first child’s movement.”

“. . . the solution does define a counting function, which aligns with the rubric.
The answer appears correct.”

2 Rubrics — Verdict: INCORRECT (True Negative)

R1: “Let a(n) be the number of rearrangements for n seats . . . ”
R2: “If the first child does not move, how many rearrangements are there?”

“If child 1 stays, the subproblem is a(10); if child 1 swaps with child 2, it reduces
to a(9). This gives a(n) = a(n−1)+a(n−2). The candidate does not establish
this recurrence . . . ”

Figure 4: Rubric-guided error detection. Without rubrics, the verifier accepts plausible-sounding
reasoning at face value. R1 alone (“define a(n)”) is too vague to trigger a deeper check. R2 forces
a concrete case split: what if child 1 stays? The verifier derives the Fibonacci recurrence a(n) =
a(n−1)+a(n−2), discovers the candidate violates it, and flips its verdict from false positive to true
negative.

ments derived from associated hints, and condition the verifier on the top-k rubrics. Figure 3 shows
verification accuracy as a function of k across models.

We observe a consistent improvement in verification accuracy with increasing k for most models.
This trend suggests that rubric conditioning reduces ambiguity in the verification process by decom-
posing the evaluation into finer-grained, grounded criteria. Rather than relying on holistic judgment,
the verifier is guided to check specific aspects of correctness, which leads to more reliable decisions.

Importantly, increasing k introduces additional grounded signals that compensate for gaps in the
verifier’s pretrained knowledge. In many cases, verification errors arise not from reasoning failure
but from missing or incomplete domain knowledge. By explicitly providing rubric criteria derived
from problem-specific hints, we effectively supply this missing information, enabling the verifier to
evaluate aspects of the solution it would otherwise overlook. In this sense, rubrics act as a mecha-
nism for filling knowledge holes, improving both coverage and fidelity of the verification process.

The gains are particularly pronounced for smaller models such as Llama3.2-3B and
Gemma3-4B, indicating that rubric-based decomposition and grounding are especially beneficial
when intrinsic reasoning and knowledge are limited. In contrast, larger models such as Qwen3-14B
exhibit strong performance even at low k, but still benefit from additional structure, achieving further
gains at higher values of k.

An exception to this trend is observed for Qwen3-4B (Thinking), where accuracy shows only
marginal improvement with increasing k. We attribute this to a ceiling effect: the model attains high
baseline performance, and the difficulty of the task limits further gains from additional rubric infor-
mation. A more detailed discussion of this performance of Qwen3-4B (Thinking) is provided
in Appendix C.

Overall, these results demonstrate that verification performance is not solely a function of model
capability, but is significantly influenced by the structure and grounding of the evaluation protocol.
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Providing explicit rubric criteria serves as an effective mechanism to improve verifier reliability by
both decomposing the task and augmenting missing knowledge.

Trace Example. We illustrate the effect of rubric augmentation using the example in Figure 4. The
task, from CHAMP, is a combinatorial problem for which the Solver produces an incorrect solution.
In the absence of rubrics, the Verifier incorrectly classifies the solution as correct, relying primarily
on the overall structure and plausibility of the argument rather than the validity of its constituent
steps.

Introducing a single rubric does not alter this behavior. The rubric targets an initial step of the so-
lution, which is correctly executed even in the flawed proof. Consequently, the Verifier continues to
accept the solution, as the error lies beyond the scope of the provided check. The addition of a sec-
ond rubric (explicitly targeting the correctness of the recurrence relation) induces a qualitative shift
in verification behavior. With this rubric, the Verifier is guided to examine a critical intermediate
step where the solution is incorrect. This targeted evaluation exposes the flaw, leading to the correct
rejection of the solution.

This example highlights that rubric augmentation does not merely provide additional signals, but
can redirect the Verifier from coarse, structure-level validation to fine-grained, step-level reasoning.

5 DISCUSSION AND CONCLUSION

Our empirical analysis contradicts the intuition that verification is at least as easy as solving. For
MMLU-Pro, we consistently observe that verification accuracy lags solving (Figure 1. That is, a
substantial fraction of subjects fall below the parity line. We attribute this gap to three concrete
failure modes identified through our analysis. First, under Axis I, all models exhibit a pronounced
acceptance bias, with large gaps between true positive and true negative rates (Table 2). The gaps
indicate that incorrect solutions are frequently judged as correct. Second, under Axis II, verifier
accuracy drops sharply for minimally perturbed solutions (e.g., down to 59.2% with a single edit;
Figure 2), indicating that models fail to detect localized errors when surface structure is preserved.
Third, under Axis III, verification accuracy improves substantially with rubric conditioning (e.g.,
from Figure 3 a 20.4% to 92.8% improvement for Llama3.2-3B). This demonstrates that reliable
verification depends critically on externally provided structure. Taken together, these results show
that LLM-based verification is unreliable as a proxy for correctness, with errors driven in part by
acceptance bias, brittleness to localized perturbations, and dependence on rubric conditioning.

These findings have direct implications for the LLM-as-a-judge paradigm. In post-training settings
such as RLAIF (Bai et al., 2022) and iterative approaches such as self-improvement (Madaan et al.,
2023), models serve as autonomous evaluators. The observed acceptance bias and perturbation in-
sensitivity, therefore, introduce a systematic risk of reinforcing incorrect outputs, particularly when
errors are subtle. Prior work has explored rubric- or criteria-based evaluation to guide LLM judg-
ments (Kim et al., 2023; Liu et al., 2023b), and our results provide complementary evidence that
such structure is not merely helpful but often necessary for reliable verification. In particular, the
strong gains from rubric conditioning suggest that decomposing evaluation into explicit, fine-grained
criteria can substantially mitigate these failure modes. Overall, our results indicate that verification
should not be treated as an implicit capability of generative models, but as a distinct problem requir-
ing structured evaluation protocols and targeted training. Establishing reliable LLM-based verifiers
will therefore require both a benchmark design that stresses fine-grained correctness and methods
that go beyond heuristic, surface-level judgment.
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A DATASETS

MMLU-Pro (Wang et al., 2024). The MMLU-Pro dataset (Wang et al., 2024) contains a total
of 12,032 multiple-choice questions spanning 57 academic subjects, including STEM fields, social
sciences, humanities, business, health, and law. Each question has four options with a single correct
answer, allowing for exact-match evaluation. MMLU-Pro is manually curated to remove ambigu-
ous or trivial items and replace them with more challenging, reasoning-intensive questions, while
improving the quality of distractors and reducing potential answer leakage.

HumanEval (Chen et al., 2021). HumanEval is designed to evaluate the functional correctness
of code generation models on Python programming tasks Chen et al. (2021). It consists of 164
hand-written programming problems, where each example includes a Python function signature,
an English doc-string describing the intended behavior, and a set of associated unit tests that verify
correctness against the expected semantics of the problem. To assess model performance, the dataset
uses the pass@k metric, which estimates the probability that at least one correct solution appears
among k independently generated candidates; formally,

pass@k = 1−
(
n− c

k

)
/

(
n

k

)
where n is the number of samples generated and c is the number of correct ones.

CHAMP (Mao et al., 2024). CHAMP is a benchmark designed for fine-grained evaluation of
mathematical reasoning. CHAMP consists of 270 high-school competition-level math problems,
spanning five categories: number theory, polynomials, sequences, inequalities, and combinatorics.
Each problem is annotated with structured side information, including distinct mathematical con-
cepts and 330 problem-specific hints, with an average of 1.7 hints per problem. CHAMP also
provides an average of 6.0 solution steps per problem, enabling analyses of both answer generation
and intermediate reasoning.

MedMCQA (Pal et al., 2022). MedMCQA is a large-scale multiple-choice question answering
(MCQA) benchmark designed to assess medical domain knowledge and reasoning. It contains over
194,000 high-quality four-option multiple-choice questions collected from real Indian postgraduate
medical entrance exams (AIIMS and NEET-PG), covering 21 medical subjects and approximately
2,400 healthcare topics. Each example comprises a clinical question stem and four candidate an-
swers, together with the index of the correct answer and an expert explanation. The dataset is par-
titioned into predefined training (182,822 questions), validation (6,150 questions), and test (4,183
questions) splits.

B EXPERIMENTS: ADDITIONAL DETAILS

Decoding. We employ greedy decoding (temperature = 0, top-p = 1.0, no top-k filtering) uni-
formly across all models and experiments. Since temperature = 0 reduces sampling to argmax token
selection, this ensures deterministic and identical decoding across all models, eliminating sampling
variance as a confound. The maximum output length is 2048 tokens. To prevent context-window
overflow, we dynamically cap the output budget per request by estimating input length and ensuring
input+output stays within each model’s context limit, with a minimum floor of 256 output tokens.
No beam search, repetition penalty, or other decoding modifications are applied.

B.1 PROMPTS

Baseline Verifier (Open-Ended). Used in Axis 1 for CHAMP and as the base verifier in Axis 3.
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VERIFIER OPENENDED

You are an expert verifier. You are given a problem and a candidate solution. Your job is to decide
whether the candidate solution is CORRECT or INCORRECT.
Problem: {problem}
Candidate Solution: {solution}
Think step by step about whether the solution is correct. On the last line output exactly one of:
VERDICT: CORRECT
VERDICT: INCORRECT

Rubric-Guided Verifier. Used in Axis 3. The verifier receives k rubrics derived from the prob-
lem’s hints and must evaluate the solution against each before rendering a verdict.

VERIFIER RUBRIC

You are an expert verifier. You are given a problem, a candidate solution, and evaluation rubrics. Use
the rubrics to systematically evaluate the solution, then decide if it is correct.
Problem: {problem}
Candidate Solution: {solution}
Evaluation Rubrics: {rubrics}
For each rubric, briefly assess whether the solution satisfies it. Based on your overall assessment,
decide whether the solution is CORRECT or INCORRECT. On the last line output exactly one of:
VERDICT: CORRECT
VERDICT: INCORRECT

MCQ Verifier. Used in Axis 1 for MMLU-Pro.

VERIFIER MCQ

You are an expert verifier. You are given a multiple-choice question and a candidate answer. Your job
is to decide whether the candidate answer is CORRECT or INCORRECT.
Question: {question}
Options: {options}
Candidate Answer: {answer}
Think step by step about whether the answer is correct. On the last line output exactly one of:
VERDICT: CORRECT
VERDICT: INCORRECT

Code Verifier. Used in Axis 2 and Axis 1 (for HumanEval ).

VERIFIER CODE

You are an expert code reviewer. You are given a programming problem and a candidate solution.
Your job is to decide whether the candidate code is CORRECT or INCORRECT.
Problem: {problem}
Candidate Code: {code}
Think step by step about whether the code correctly solves the problem. On the last line output exactly
one of:
VERDICT: CORRECT
VERDICT: INCORRECT

C ON THE STRONG PERFORMANCE OF QWEN3-4B

We observe that Qwen3-4B consistently outperforms other models in the same parameter regime
across reasoning and coding tasks. We attribute this primarily to its training scale and data quality.
Qwen3 models are trained on extremely large and diverse corpora (tens of trillions of tokens), in-
cluding code and reasoning-centric data Yang et al. (2025); Team (2025b). This allows the model to
better saturate its capacity, resulting in higher knowledge density compared to earlier small models
that were typically undertrained.
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In addition, Qwen3-4B benefits from architectural and post-training improvements, including the
use of RoPE, GQA, and SwiGLU, as well as reasoning-oriented alignment (e.g., chain-of-thought
style supervision) Mind (2025); Team (2025b). Notably, its dual-mode inference design enables
stronger performance on reasoning-heavy tasks by allocating more compute at inference time Team
(2025a). Together, these factors suggest that recent advances in training and optimization signifi-
cantly narrow the gap between small and large language models.
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