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Abstract

Current evaluation methods for large language
models are coarse-grained and decoupled from
generation, producing generic explanations
that fail to provide actionable feedback for
model improvement. We propose CriticGen,
a fine-grained, generation-aware evaluation
framework that turns evaluation into action-
able control for answer improvement. Crit-
icGen first generates sample-specific evalua-
tion dimensions and scoring criteria, then uses
the induced rubric to jointly produce a score,
a reason, an executable refinement sugges-
tion, and a refined answer. Experiments show
that fine-grained evaluation should be both
instance-specific and actionable. CriticGen im-
proves human-rated rubric relevance/coverage
from 3.33/4.03 to 3.97/4.24. On the score-
consensus-filtered REFINEDATA test set, the
best CriticGen variant reaches 0.9556/0.9560
Pearson/Spearman agreement with the refer-
ence scores and improves reason/suggestion
F1 to 0.7554/0.7900. Independent validation
provides additional support: on 180 human-
scored instances, CriticGen-Qwen2.5-7B ob-
tains higher observed score correlations than
GPT-5, with 0.8868/0.8969 Pearson/Spearman
versus 0.8542/0.8615. Crucially, its feed-
back translates into substantial answer improve-
ment, raising accuracy from 45.36% to 91.26%
on 5,000 examples with reliable gold an-
swers, with 47.30% of answers corrected from
Wrong—Right and only 1.40% degraded from
Right—Wrong. The code is available at https:
//github.com/mug2mag/chain_critic.

1 Introduction

Large language models (LLMs) are increasingly

expected to produce not only correct final answers,

but also faithful, consistent, and constraint-aware

reasoning processes (Wei et al., 2022; Cobbe et al.,
“Equal contribution.

fCorresponding author: yangyehuisw@ 126.com. Also
contactable via duhuifang123 @gmail.com.

2021). For chain-of-thought (CoT) outputs (Wei
et al., 2022), evaluation is therefore no longer only
a leaderboard metric. It also serves as a diag-
nostic tool for identifying reasoning failures, cu-
rating training data, and guiding model improve-
ment (Ouyang et al., 2022). However, current eval-
uation methods still leave a gap between judging
an answer and improving it.

The first limitation is that many evaluation pro-
tocols are insufficiently adaptive to individual an-
swers. Outcome-level metrics such as exact match
or shallow text overlap only indicate whether the
final answer matches a reference, but do not reveal
which reasoning aspect is weak (Papineni et al.,
2002). Recent LL.M-as-a-judge and fine-grained
evaluation methods improve this by comparing re-
sponses, assigning ratings, or scoring outputs along
multiple skills or criteria (Zheng et al., 2023; Liu
etal., 2023; Ye et al., 2024; Kim et al., 2024). Gen-
erative judges further enhance interpretability by
producing natural-language critiques together with
judgments (Li et al., 2024b). Nevertheless, their
rubrics are often fixed at the task or scenario level.
Such criteria may cover general quality dimensions,
but they may fail to capture the specific omissions,
contradictions, or constraint violations that appear
in a particular question—answer pair.

The second limitation is that evaluation signals
are often not directly executable for generation.
Evaluator models such as Prometheus and LLaVA-
Critic can provide fine-grained scores or feedback,
and these signals can be used for reward-guided
selection or later policy optimization (Kim et al.,
2024; Xiong et al., 2025; Schulman et al., 2017).
This paradigm is effective, but it typically separates
evaluation from generation: the evaluator is trained
first, and its signal affects generation only through
an additional optimization or selection stage. Re-
cent critic-based generation methods show that cri-
tique can improve model outputs, for example by
refining erroneous reasoning steps or by training
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E Lack actionable feedback
Evaluation tells what is wrong but not where,
why, or how to fix it.

¥ Decoupled from generation
Evaluation is separate from generation; feedback
cannot directly improve the same answer.
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Figure 1: Illustration of CriticGen’s core idea. Existing methods often provide fixed or generic feedback that is
weakly connected to generation. CriticGen induces a sample-specific rubric and uses it to score, diagnose, plan, and
refine the answer, turning evaluation into actionable control for answer improvement.

stronger policy behavior from critic data (Zheng
et al., 2025; Wang et al., 2025). Yet the critique
is still not necessarily grounded in the same fine-
grained criteria used for scoring, nor is it explicitly
converted into a concrete edit plan for revising the
same answer.

We ask whether evaluation can be made both
sample-specific and actionable. To this end, we
propose CriticGen, a generation-aware evalua-
tion framework that converts fine-grained evalu-
ation into controllable answer refinement. Crit-
icGen contains two separately trained SFT com-
ponents coupled by a rubric interface. First, a
rubric generator induces a sample-specific rubric
R(q,a) = {(d;, C;) } ™, where each dimension d;
is paired with a graded scoring criterion C;. The
rubric is organized under high-level constraint fam-
ilies, including subjective quality, objective cor-
rectness, and self-derived reasoning constraints,
while remaining specific to the current question and
answer. Second, a rubric-conditioned evaluation-
refinement model takes each (g, a, d;, C;) as input
and generates a structured trajectory (s;, 74, u;, a;):
a score, a criterion-grounded reason, an executable
refinement suggestion, and a refined answer. In
this trajectory, the reason explains why the answer
receives the score, while the suggestion specifies
what should be changed before rewriting. Thus,

CriticGen uses the same rubric to connect what to
evaluate, why the answer is flawed, how it should
be revised, and how the revised answer should be
generated.

We construct two supervision datasets to sup-
port this framework. RUBRICDATA trains the
rubric generator to produce answer-specific dimen-
sions and graded criteria. REFINEDATA trains the
evaluation-refinement model to produce the com-
plete score-reason—suggestion—rewrite trajectory
under each rubric item. Unlike reward-modeling or
preference-optimization pipelines, CriticGen does
not rely on a separate reinforcement-learning stage.
Instead, it studies whether structured supervised
trajectories can directly teach models to transform
evaluation into an executable refinement signal.

Experiments validate the central hypothesis
of CriticGen: fine-grained evaluation should be
both instance-specific and actionable. Human
evaluation shows that CriticGen induces higher-
quality rubrics than a strong nine-dimension
static checklist, improving relevance/coverage
from 3.33/4.03 to 3.97/4.24 despite using a com-
parable number of dimensions (8.4 on aver-
age). On the score-consensus-filtered REFINE-
DATA test set, CriticGen-Qwen3.5-9B reaches
0.9556/0.9560 Pearson/Spearman agreement with
the reference scores and raises reason/suggestion
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F1 from the best baseline values of 0.6369/0.5994
to 0.7554/0.7900. Beyond these teacher-derived
references, CriticGen-Qwen2.5-7B obtains higher
observed Pearson/Spearman correlations against in-
dependent human scores, reaching 0.8868/0.8969
compared with 0.8542/0.8615 for GPT-5. On
5,000 examples with reliable gold answers, Critic-
Gen refinement increases accuracy from 45.36%
to 91.26%, with corrections (47.30%) far exceed-
ing regressions (1.40%). Out-of-domain results on
Feedback Bench further show transfer of rubric-
conditioned evaluation ability.
We summarize our contributions as follows:

* We propose sample-specific  rubric-
conditioned evaluation and refinement,
which induces fine-grained rubrics for each
question—answer pair and uses them to
guide a score-reason—suggestion—rewrite
trajectory, turning evaluation from descriptive
judgment into actionable control for answer
improvement.

* We construct RubricData and RefineData
to train the two SFT components of Critic-
Gen, enabling rubric induction and rubric-
conditioned refinement without a separate
reward-optimization stage.

* We validate CriticGen with rubric-quality
judgments, reference-based evaluation, inde-
pendent human scoring, gold-answer correct-
ness, out-of-domain transfer, and supervision
ablations, providing complementary evidence
for both evaluation consistency and actual an-
swer improvement.

2 Data Construction

CriticGen requires supervision for two related but
distinct capabilities: generating instance-specific
rubrics and refining answers under a given rubric.
We therefore construct the training data in two lay-
ers, both starting from a diverse pool of candidate
answers.

Diverse answer pool. We collect questions from
five reasoning-oriented datasets: GSM8K (Cobbe
et al., 2021), LIMO (Ye et al., 2025), NaturalRea-
soning (Yuan et al., 2025), NuminaMath-CoT (Li
et al., 2024a), and QwQ-LongCoT-130K (Am-
phora, 2024). Together, these datasets cover arith-
metic reasoning, symbolic/logical reasoning, open-
domain natural-language reasoning, competition-
level math, and long-form CoT generation, which

helps the rubric and refinement models avoid over-
fitting to a single reasoning style. For each question,
we prompt generator models of different scales
and capabilities, ranging from weaker open-weight
models to stronger teacher models, to produce mul-
tiple candidate answers. This multi-model genera-
tion is deliberate: using models with different error
profiles leads to a more balanced distribution of
data across the full 0-5 quality range.

Rubric supervision generation. For each
question—answer pair (q,a), GPT-5 (OpenAl,
2025b) generates a sample-specific rubric
R* = {(d},C?)}™,, where each item contains an
evaluation dimension and its 0-5 scoring criterion.
The dimensions are organized under the three
high-level families used in our method: subjective
quality, objective correctness, and self-derived
constraints. We store each annotated instance as
(q,a, R*), which provides supervision for rubric
induction.

Evaluation-refinement supervision generation.
Given each rubric item (d},C}), GPT-5 fur-
ther acts as a judge and refiner. It annotates
a score s;, a criterion-grounded reason 7}, an
executable refinement suggestion u;, and a re-
fined answer a;". Each resulting instance is
stored as (g, a, d}, Cf, st r¥, uf, al™), forming the
supervision for rubric-conditioned evaluation-to-
refinement learning. The score and reason capture
how the answer satisfies the criterion, while the
suggestion and refined answer instantiate how the
evaluation is converted into a concrete improve-
ment.

Score coverage completion. To reduce score im-
balance, we check whether the answers for each
question cover the full 0-5 quality range. If some
score regions are missing, we prompt GPT-5 to syn-
thesize additional answers targeted at the missing
quality levels. For these synthesized answers, we
repeat rubric supervision generation and evaluation-
to-refinement supervision generation. This step
improves score coverage and increases answer di-
versity beyond what is obtained from the initial
set of generator models. Appendix B provides the
task-level prompt templates for rubric induction,
score-coverage completion, evaluation-refinement
annotation, and refinement verification.

Quality filtering. We first apply a consensus fil-
ter to acquire reliable supervision in the evaluation-
to-refinement stage. Given the same question,
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Table 1: Statistics of the constructed datasets after qual-
ity filtering.

Dataset Train Test Total
RUBRICDATA 43,145 8,629 51,774
REFINEDATA 1,180,929 23,619 1,204,548

answer, evaluation dimension, and scoring crite-
rion, we compare the scores produced by GPT-5,
Claude Sonnet 4.5 (Anthropic, 2025), and Gem-
ini 3.1 Pro Preview (Google, 2026; Google Al
for Developers, 2026). We keep a sample only
when the three models agree on the score, and
discard samples with score disagreement. We
further apply lexical-diversity analysis and near-
duplicate filtering to avoid highly templated or
repetitively phrased supervision. Specifically, we
compute field-level n-gram statistics and sample-
level 4-gram Jaccard overlap over the generated
fields, and remove near-duplicate samples. Ap-
pendix C provides the filtering details. The result-
ing data consist of two datasets: RUBRICDATA
for dynamic rubric induction and REFINEDATA for
rubric-conditioned evaluation-to-refinement learn-
ing. We split RUBRICDATA and REFINEDATA into
training and test sets with ratios of 5:1 and 50:1,
respectively. Table 1 summarizes the final data
statistics.

3 Method

CriticGen is designed around the two limitations
identified in the introduction: evaluation should be
fine-grained for each instance, and its output should
directly guide generation. Accordingly, we sepa-
rate the framework into two functions: rubric in-
duction, which specifies what should be evaluated,
and rubric-conditioned refinement, which uses the
evaluation result to improve the same answer.

3.1 Problem Formulation

Let ¢ denote a question and a a candidate reason-
ing answer. Instead of learning only a scalar eval-
uator f(q,a) — s, CriticGen aims to produce a
structured set of rubric-conditioned evaluation and
refinement outputs:

F(q,a) = {(d;, Ci, siyriyuiyap) Yty (1)

Here, d; is an evaluation dimension, Cj is its graded
scoring criterion, s; is the predicted score, r; is
the score explanation, u; is an executable refine-
ment suggestion, and a; is the refined answer. This

formulation makes evaluation not only descrip-
tive, through (s;, 7;), but also operational, through
(wi, al).

3.2 Sample-Specific Rubric Induction

The first component induces a dynamic rubric for
each question—answer pair. Given (g, a), a rubric
generator G produces a set of dimensions and crite-
ria:

To ensure broad coverage while avoiding a fixed
rubric, we organize dimensions under three high-
level families:

* Subjective quality: clarity, coherence, flu-
ency, and readability;

* Objective correctness: factual accuracy, nu-
merical correctness, and task-constraint satis-
faction;

* Self-derived constraints: consistency among
reasoning steps, absence of contradictions,
and whether the conclusion follows from pre-
vious steps.

For each generated dimension d;, the model also
produces a 0-5 criterion C; that describes what
different score levels mean for the current ques-
tion and answer. This differs from task-level or
scenario-level rubrics: the generated criteria are
tied to the concrete failure modes that may appear
in the current answer.

3.3 Rubric-Conditioned Evaluation and
Refinement

The second component takes a single rubric item
(d;, C;) and evaluates the candidate answer un-
der that criterion. For each (g, a, d;, C;), a rubric-
conditioned model S generates four outputs:

S(q,a,d;, C;) = (siy i, u4, ay). 3)

The score s; € {0, ...,5} measures how well the
answer satisfies the criterion. The reason r; ex-
plains the score by identifying the relevant strength
or weakness. The refinement suggestion u; turns
this explanation into an executable instruction, such
as adding a missing reasoning step, correcting a cal-
culation, enforcing a neglected constraint, or clari-
fying a justification. Finally, the refined answer a,
is generated under the same criterion.

The key design choice is that u; is not merely an-
other explanation: r; diagnoses the problem, while
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Figure 2: Overview of the CriticGen framework. CriticGen first induces a sample-specific dynamic rubric for each
question—answer pair, and then uses each rubric item to condition a unified model that jointly produces a score, a
reason, an executable refinement suggestion, and a refined answer.

u; specifies how the refiner should act. We call u;
executable because it gives a concrete edit opera-
tion and target content, e.g., “insert a step before
the final conclusion to apply the non-negativity con-
straint.” Thus, the model learns to move from “why
this score” to “what should be changed” and then
to an improved answer.

3.4 Training Objectives

We train the two components with supervised fine-
tuning on their corresponding constructed supervi-
sion. This design makes the source of the gains
explicit: CriticGen is not optimized by a sepa-
rate reward or preference stage, but learns from
two forms of structured supervision—instance-
specific rubrics and rubric-conditioned evaluation-
to-refinement trajectories.

SFT for rubric induction. Let Dp =
{(¢"™,a™ R*™MNNE  denote RUBRICDATA,
where R* = {(d,C})}™, is the constructed
ground-truth rubric for a question—answer pair.
The rubric generator Gy parameterizes a condi-
tional distribution over variable-length rubric
items and is optimized with the empirical negative

log-likelihood:

Lrubric(e) = _EDR Ingge (R* | q, a)' (4)

In practice, this objective is implemented as a
token-level cross-entropy over the serialized dimen-
sions and their 05 scoring criteria.

SFT for rubric-conditioned evaluation and re-
finement. Given REFINEDATA, each training
example contains an input x; = (q,a,d;, C;)
and a consensus-filtered teacher output y; =
(s§,rf, uf, al*), where the score s is retained only
when multiple teacher models agree. We train the
rubric-conditioned model Sy with a sequence like-
lihood objective over the serialized teacher output:

Lreﬁne(¢) = —ERgrneDaTA lOg ps, (yz* | :C,) &)

This single objective teaches the model to produce
the complete score—reason-revision-suggestion—
rewrite trajectory under the same rubric item. The
fixed field order also provides lightweight struc-
tural supervision, so the model learns not only the
content of each field but also the interface through
which evaluation is converted into an executable
refinement signal.
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Although the two modules are trained indepen-
dently, they are coupled at inference time through
the induced rubric, which serves as the interface be-
tween evaluation target generation and actionable
refinement.

4 Experiments

We structure our experiments around the two com-
ponents of CriticGen: sample-specific rubric induc-
tion and rubric-conditioned evaluation and refine-
ment. For rubric induction, we examine whether
the induced rubric R(q,a) = {(d;, C;)}[*, serves
as a useful assessment plan for a specific question—
answer pair, using human judgments of rubric qual-
ity. For rubric-conditioned evaluation and refine-
ment, we test whether conditioning on a rubric
item (d;, C;) supports reliable scoring, criterion-
grounded reasoning, actionable revision sugges-
tions, and improved answer refinement.

4.1 Setup

Held-out data. For rubric induction quality, we
sample 240 (q, a) pairs, 48 from each of GSM8K,
LIMO, NaturalReasoning, NuminaMath-CoT, and
QwQ-LongCoT. These pairs are from the rubric-
induction test set of RUBRICDATA. For Ours,
we generate answer-specific rubrics R(q,a) =
{(d;, C;)} (mean 8.4 dimensions per pair; Table 2).
Static uses the same 240 (¢, a) pairs with nine
fixed, instance-agnostic dimensions (three per fam-
ily: subjective quality, objective correctness, self-
derived constraints), keeping checklist length com-
parable to Ours. This setup tests whether answer-
specific rubrics improve relevance and coverage
over static ones with matched dimension counts.

Human evaluation protocol. For each of the 240
held-out (g, a) pairs, raters compare two rubrics un-
der the same question and answer. Rubric identities
are blinded as Rubric A/B. Two independent raters
with prior experience in LLM-as-a-judge evalu-
ation and rubric design assign five-point Likert
scores (Likert, 1932) for two attributes: relevance,
measuring how well the rubric dimensions and cri-
teria fit the current (¢, a), and coverage, measuring
whether salient failure modes for judging the an-
swer are represented. If the two raters differ by at
least one point on either rubric for either dimen-
sion, a senior adjudicator re-scores both rubrics;
otherwise we average the two ratings. Raters are
not authors of this work.

Independent validation. To validate second-
stage scoring independently of synthetic references,
we sample 180 rubric-conditioned instances bal-
anced across the six 0-5 score levels. Two indepen-
dent annotators assign scores blindly, with substan-
tial disagreements re-evaluated by a senior annota-
tor. We compare model predictions against the re-
sulting human scores using Pearson and Spearman
correlations; Appendix E provides the complete
model comparison.

For objective refinement validation, we sample
5,000 unique question—answer pairs from the RE-
FINEDATA test split, restricted to GSM8K, Numina-
Math, and the applicable subset of NaturalReason-
ing with reliable gold answers. The sample covers
all six reference-score levels. We extract the last ex-
plicit final-answer span, normalize its surface form,
and manually resolve parser failures or ambiguous
extractions before computing exact-answer accu-
racy; Appendix F provides further details.

Baseline models. We select baselines to cover
backbone, scale, family, and proprietary-model
comparisons. Qwen2.5-7B-Instruct, Qwen3.5-4B,
and Qwen3.5-9B are the backbones of our Crit-
icGen variants, enabling direct task-specific fine-
tuning. Qwen2.5-14B-Instruct and Qwen2.5-32B-
Instruct test whether gains come from scale alone,
while Mistral-7B-Instruct-v0.3 and Ministral-3-
14B-Instruct-2512 provide non-Qwen open-weight
comparisons. GPT-5 serves as a high-capacity pro-
prietary reference evaluator. Details and citations
are provided in Appendix G.

Evaluation and Refinement Metric Protocol.
For rubric-conditioned evaluation and refinement,
we assess the outputs (s;, 75, u;, a;) under each
rubric item (d;, C;) along four strands:

Scores s;: we report Pearson and Spearman cor-
relations with the reference scores in REFINEDATA.

Reasons r; and executable suggestions u;:
since both reasons and suggestions are free-
form texts, we evaluate them by reference-based
semantic-unit alignment rather than exact match-
ing (Zhang et al., 2020; Sellam et al., 2020; Li et al.,
2025). For a generated text x; and its ground-truth
reference z;, we split them into semantic units
Xi = {z;;}72; and G; = {gi };_,, and compute
the pairwise similarity matrix

Ag)] = Sim(gi k, i,j)- (6)

We then define recall-style coverage, precision-
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style consistency, and their harmonic mean as:

1 & :
Ri= -3 max A,
g k=1 J
1 & @ ™
P = A
Yomy jz;mkax kg2

with F; = 2P,R;/(P; + R;). Here, R; measures
how well the generated text covers the ground-truth
semantic units, while P; measures whether the gen-
erated units are supported by the ground-truth refer-
ence. We report macro-averaged Precision, Recall,
and F1 over all examples. This protocol is applied
to reasons by setting (z;, z}) = (r;, ), and to exe-
cutable suggestions by setting (x;, x}) = (u;, u)).

Refined answers a;: a GPT-5 verifier scores
both the original answer a and the refined answer
a}; under the same rubric item (d;, C;). We report
the improvement rate, unchanged rate, degrada-
tion rate, and the non-degradation rate, where non-
degradation means that the refined answer is rated
no worse than the original answer.

4.2 Rubric Induction Quality

Rubric quality. Table 2 reports human judg-
ments of rubric quality on 240 held-out (g¢,a)
pairs. The adjudication rate is 17.1%, and the pre-
adjudication Cohen’s « (Cohen, 1968) is 0.61 for
relevance and 0.57 for coverage. Under the same
(g, a), raters assign higher scores to Ours than to
Static on both relevance and coverage. The im-
provement is larger on relevance, increasing from
3.33 to 3.97, while coverage increases from 4.03
to 4.24. This result suggests that induced rubrics
mainly improve instance-level targeting rather than
simply covering more generic evaluation aspects.
Qualitatively, Static dimensions behave as tem-
plates aligned with broad failure families, so raters
still see many salient checks covered and assign
mid-to-high coverage. Answer-conditioned induc-
tion adds criteria that explicitly mark omissions the
fixed nine dimensions never single out, which is
why raters score coverage higher for Ours.

Appendix D further supports that the induced
rubrics are answer-sensitive, not only higher-
quality under human judgment.

4.3 Rubric-Conditioned Evaluation
Capability

Tables 3, 4, and 5 evaluate rubric-conditioned eval-
uation in terms of score prediction, reason genera-

Table 2: Rubric induction: human judgments of rubric
quality on 240 held-out (g, a) pairs. Both rubrics are
evaluated under the same question and answer; only the
rubric text differs. Scores are post-adjudication means
on a five-point Likert scale.

Rubric source Rel. Cov. #Dim.
Static 333 4.03 9.0
Ours 397 4.24 8.4

Table 3: Rubric-conditioned score evaluation quality. P.
and S. denote Pearson and Spearman correlations with
reference scores in REFINEDATA.

Model P. S.

Qwen2.5-7B-Instruct 0.6355 0.6300
Qwen2.5-14B-Instruct 0.8144 0.8133
Qwen2.5-32B-Instruct 0.8099 0.8210
Qwen3.5-4B 0.7568 0.7504
Qwen3.5-9B 0.8342 0.8328
Mistral-7B-Instruct-v0.3 0.6293 0.6236
Ministral-3-14B-Instruct-2512 0.8052 0.8108
GPT-5 0.9212 0.9143
CriticGen-Qwen2.5-7B 0.9518 0.9521
CriticGen-Qwen3.5-4B 0.9407 0.9413
CriticGen-Qwen3.5-9B 0.9556 0.9560

tion, and executable suggestion generation. Over-
all, CriticGen variants obtain higher reference-
based metrics than their corresponding backbones
and the prompt-only instruction-following base-
lines. Because these baselines receive the same
rubric-conditioned inputs but are not trained on
CriticGen’s structured supervision, this compari-
son measures the effect of learning the evaluation-
to-refinement trajectory rather than isolating rubric
induction alone.

For score prediction, Table 3 shows that Crit-
icGen achieves much stronger agreement with
the constructed reference scores. Within this
reference-based setting, CriticGen-Qwen3.5-9B
obtains the highest Pearson/Spearman correlations
of 0.9556/0.9560, exceeding the strongest open-
weight baseline Qwen3.5-9B (0.8342/0.8328) by
0.1214/0.1232 and the prompted GPT-5 baseline
(0.9212/0.9143) by 0.0344/0.0417. This compari-
son measures consistency with the score-consensus-
filtered references under our evaluation protocol
and should not be interpreted as universal evaluator
superiority over GPT-5. The gains are also evident
for smaller models: CriticGen-Qwen2.5-7B im-
proves Qwen2.5-7B-Instruct from 0.6355/0.6300
t0 0.9518/0.9521, suggesting that the benefit comes
from rubric-conditioned evaluation rather than
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Table 4: Rubric-conditioned reason generation quality.
P, R., and F1 denote semantic-unit precision, recall, and
F1 against reference reasons.

Model P. R. F1

Qwen?2.5-7B-Instruct 0.6674 0.5190 0.5796
Qwen2.5-14B-Instruct 0.6894 0.5098 0.5820
Qwen?2.5-32B-Instruct 0.6919 0.5106 0.5836
Qwen3.5-4B 0.6636 0.5932 0.6218
Qwen3.5-9B 0.6768 0.6092 0.6369
Mistral-7B-Instruct-v0.3 0.6638 0.5053 0.5701
Ministral-3-14B-Instruct-2512  0.6472  0.5865 0.6075
CriticGen-Qwen2.5-7B 0.7150 0.7188 0.7150
CriticGen-Qwen3.5-4B 0.7478 0.7560 0.7500
CriticGen-Qwen3.5-9B 0.7549 0.7594 0.7554

Table 5: Rubric-conditioned executable suggestion gen-
eration quality. P., R., and F1 denote semantic-unit
precision, recall, and F1 against reference suggestions.

Model P. R. F1
Qwen?2.5-7B-Instruct 0.5988 0.4119 0.4844
Qwen2.5-14B-Instruct 0.6540 0.4459 0.5260
Qwen?2.5-32B-Instruct 0.6921 0.4669 0.5533
Qwen3.5-4B 0.6451 0.4740 0.5414
Qwen3.5-9B 0.6976 0.5342 0.5994
Mistral-7B-Instruct-v0.3 0.6696 0.4553 0.5373
Ministral-3-14B-Instruct-2512  0.6372  0.5122  0.5612
CriticGen-Qwen2.5-7B 0.7393  0.7357 0.7340
CriticGen-Qwen3.5-4B 0.7783 0.7780 0.7754
CriticGen-Qwen3.5-9B 0.7930 0.7921 0.7900
model scale alone.

Independent human validation. To comple-

ment the consensus-filtered reference evaluation,
we compare model predictions against indepen-
dent human scores on 180 rubric-conditioned in-
stances. CriticGen-Qwen2.5-7B achieves Pear-
son/Spearman correlations of 0.8868/0.8969,
compared with 0.8542/0.8615 for GPT-5 and
0.8205/0.8244 for Qwen3.5-9B. The complete com-
parison is reported in Appendix E. These results
provide an independent human anchor showing
that CriticGen’s strong scoring performance is not
limited to agreement with the teacher-derived ref-
erences.

Tables 4 and 5 further show that CriticGen im-
proves the generative side of evaluation. For rea-
sons, CriticGen-Qwen3.5-9B increases the best
baseline F1 from 0.6369 to 0.7554, with recall ris-
ing from 0.6092 to 0.7594. For executable sugges-
tions, the gain is larger, improving F1 from 0.5994
to 0.7900 and recall from 0.5342 to 0.7921. Similar
improvements appear on smaller backbones. These
results support our claim that evaluation should go

Q2.5-7B 69.49% 19.75% --10.76%
Q2.5-14B 69.73% 24.55% - 5.72%
Q2.5-32B 1 71.97% 23.71% - 4.32%

Q3.5-4B 4 70.86% 21.26% --7.88%

Q3.5-9B 1 69.45% 22.89% - 7.66%

Mistral-7B 1 56.71% 15.87%  27.42%
Ministral-14B § 73.79% 19.25% - 6.96%
CriticGen-7B 1 73.17% 20.11% - 6.72%

0% 20%  40%  60%  80%  100%
Proportion
Improved Unchanged Degraded

Figure 3: Rubric-conditioned refinement outcomes.
Each bar shows the proportions of improved, unchanged,
and degraded cases after refinement under the same
rubric item.

beyond scalar scoring: by jointly modeling scores,
reasons, and executable suggestions under dynamic
rubrics, CriticGen turns evaluation into actionable
control for answer refinement.

4.4 Refinement Capability

Figure 3 compares each rubric-conditioned refined
answer a; with the original answer a under the
same rubric item, and categorizes the outcome
as improved, unchanged, or degraded. The non-
degradation rate is the sum of improved and un-
changed cases.

Overall, most models improve many answers,
but their reliability varies. Mistral-7B-Instruct-
v0.3 performs worst, with 56.71% improved cases
and 27.42% degraded cases. Stronger baselines
are more stable: Qwen2.5-32B-Instruct achieves
the highest non-degradation rate of 95.68%, while
Ministral-3-14B-Instruct-2512 obtains the highest
baseline improvement rate of 73.79%. CriticGen
achieves a strong balance, improving 73.17% of
cases, leaving 20.11% unchanged, and degrading
only 6.72%, for a non-degradation rate of 93.28%.
Compared with its Qwen2.5-7B backbone, Crit-
icGen improves both the improvement rate, from
69.49% to 73.17%, and the non-degradation rate,
from 89.24% to 93.28%.

These results show that CriticGen converts fine-
grained evaluation into actionable refinement sig-
nals, producing revisions that improve answers
while keeping degradation risk low.

Gold-answer validation. We further evaluate re-
finement with an objective final-answer metric on
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Table 6: Ablation study on the second-stage evaluation-
to-refinement model. All variants use the same rubric
condition (d;, C;). Score P. denotes Pearson correlation
for score prediction; reason and suggestion quality are
measured by semantic-unit F1. Improved denotes the
proportion of refined answers rated better than the origi-
nal answers.

Variant Sc. P. R.F1  Sugg. F1 Improved
Full CriticGen 09407 0.7500  0.7754 73.54
w/o reason 0.9323 - 0.7663 60.48
w/o suggestion  0.9304 0.7484 - 61.57
rewrite only - - - 62.35

5,000 unique question—answer pairs from the RE-
FINEDATA test split with reliable gold answers.
The original answers achieve 45.36% accuracy,
while CriticGen-Qwen2.5-7B reaches 91.26%. The
Wrong—Right rate is 47.30%, compared with only
1.40% Right—Wrong. GPT-5 achieves the high-
est overall accuracy at 96.84%, while CriticGen
obtains the best result among the evaluated open-
weight models and improves its identical Qwen2.5-
7B backbone from 85.48% to 91.26%. The com-
plete comparison is reported in Appendix F. This
objective evaluation provides direct evidence that
the refinement gains include improved final-answer
correctness, rather than only higher scores from the
GPT-5 verifier.

4.5 Ablation Study on
Evaluation-to-Refinement

We ablate the structured score—reason—suggestion—
rewrite trajectory to study its role in rubric-
conditioned refinement. Since rubric induction is
evaluated separately in Section 4.2, all variants
use the same rubric condition (d;, C;) and differ
only in the second-stage supervision fields. All
experiments are based on CriticGen-Qwen3.5-4B-
SFT and evaluated on the held-out split of REFINE-
DATA.

Table 6 shows that Full CriticGen performs best,
achieving an improved rate of 73.54. Removing
reason or suggestion supervision only mildly af-
fects the remaining evaluation metrics, but reduces
refinement success to 60.48 and 61.57, respectively.
The rewrite-only variant also underperforms Full
CriticGen (62.35) and loses interpretable score, rea-
son, and suggestion outputs. These results indicate
that criterion-grounded diagnosis and executable
edit planning are crucial for converting evaluation
into effective and controllable refinement.

5 Conclusion

We presented CriticGen, a generation-aware eval-
uation framework that turns fine-grained evalua-
tion into actionable control for answer refinement.
CriticGen first induces sample-specific rubrics for
each question-answer pair and then uses the in-
duced criteria to jointly produce a score, a criterion-
grounded reason, an executable refinement sugges-
tion, and a refined answer. Experiments show that
CriticGen improves rubric quality, score correla-
tion, reason and suggestion generation, and answer
refinement reliability. These results suggest that
evaluation can serve not only as a diagnostic sig-
nal but also as a direct mechanism for controllable
generation improvement.

Limitations

This work has several limitations. First, Critic-
Gen is trained with supervised fine-tuning, which
depends on the quality and coverage of the con-
structed supervision data. Although our results
show strong performance, the framework may
still inherit biases or blind spots from the gen-
erated rubrics and refinement trajectories. Sec-
ond, our current experiments focus on text rea-
soning tasks, and further validation is needed on
broader domains such as multimodal reasoning,
long-form generation, and interactive decision-
making. Third, while CriticGen directly converts
evaluation into refinement through a structured SFT
trajectory, it does not yet optimize the model with
reinforcement learning. Future work can further
use reinforcement learning or preference optimiza-
tion to strengthen the alignment between rubric-
conditioned feedback and actual answer improve-
ment.
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A Related Work

Reasoning Evaluation Beyond Final Answers.
Chain-of-thought prompting improves mathemati-
cal and multi-step reasoning by eliciting interme-
diate steps (Wei et al., 2022; Cobbe et al., 2021),
but also complicates evaluation: correct answers
may still contain incomplete, unclear, or constraint-
inconsistent reasoning. Our work evaluates and
revises reasoning under explicit criteria, rather than
merely encouraging longer chains.

LLM Judges and Fine-Grained Criteria. LLM-
as-a-judge methods scale automatic evaluation by
prompting or training models to compare responses
and assign ratings (Zheng et al., 2023; Liu et al.,
2023; Wang et al., 2024). Fine-grained evaluators
decompose quality into skills or criteria (Ye et al.,
2024; Kim et al., 2024), and generative judges fur-
ther produce critiques or feedback (Li et al., 2024b;
Wang et al., 2023). However, their criteria are
often task- or scenario-level, and their outputs usu-
ally remain scores, critiques, or rewards. CriticGen
instead induces a sample-specific rubric for each
question—answer pair and conditions both evalua-
tion and refinement on it.

Recent work by Chen et al. (Chen et al., 2026)
also constructs instance-specific rubrics, using
a retrieval-augmented multi-agent framework to
ground medical-response criteria in authoritative
evidence and user-interaction constraints. Their
framework emphasizes knowledge-grounded rubric
construction for reliable clinical evaluation and
uses the resulting criteria to guide response refine-
ment. CriticGen is complementary but differs in
both conditioning and learning setup: it induces
rubrics directly from each question—answer pair
and trains reusable rubric-induction and rubric-
conditioned evaluator—refiner capabilities, with the
score, reason, executable suggestion, and rewrite
produced under the same rubric item rather than
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assembled by an inference-time retrieval and agent
pipeline.

Evaluation as Reward for Model Improvement.
Evaluators are also used as reward models or selec-
tion functions for improving separate policy mod-
els. Preference modeling and RLHF-style methods
learn reward signals from human or model feed-
back (Ziegler et al., 2019; Ouyang et al., 2022;
Schulman et al., 2017), while Prometheus and
LLaVA-Critic provide fine-grained feedback for
reward-guided selection or reinforcement learn-
ing (Kim et al., 2024; Xiong et al., 2025). In these
methods, evaluation and generation are typically
separated. CriticGen studies a more direct path:
the model scores the current answer, diagnoses
weaknesses, generates an executable refinement
suggestion, and rewrites the answer under the same
rubric.

Self-Critique and Critic-Based Generation.
Self-refinement and Reflexion show that model-
generated feedback can improve later outputs
through critique and revision (Madaan et al., 2023;
Shinn et al., 2023). Critic-CoT trains step-wise
critiques for reasoning errors (Zheng et al., 2025),
and LLaVA-Critic-R1 shows that critic training
can yield strong policy behavior after reinforce-
ment learning on critic data (Wang et al., 2025).
These works validate critic signals, while CriticGen
focuses on converting dynamically induced, fine-
grained rubrics into directly executable refinement
signals by grounding the score, reason, suggestion,
and rewrite in the same instance-specific criteria.

B Prompt Templates and Output Formats

For reproducibility, we provide the task-level
prompt templates used to instantiate the data-
construction and evaluation pipeline. Square-
bracketed fields are replaced with the correspond-
ing instance content. Provider-specific message
wrappers are omitted because they do not alter the
task instructions or required output schema.

Rubric induction.

You are an expert evaluator of
reasoning answers. Given a question and
a candidate answer, construct a
sample-specific evaluation rubric. The
rubric must contain only dimensions
that are useful for evaluating this
particular answer. Cover relevant
aspects from three families: subjective
quality, objective correctness, and
self-derived reasoning constraints.
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Avoid generic, redundant, or
overlapping dimensions. For every
dimension, provide a 0-5 criterion
whose six score anchors are specific,
mutually distinguishable, and grounded
in the supplied question and answer. A
score of @ denotes complete failure on
that dimension and 5 denotes full
satisfaction. Do not score or rewrite
the answer.

Question: [QUESTION]

Candidate answer: [ANSWER]

Return only a JSON array. Each item
must contain “family”, “dimension”, and
“criterion”, where “criterion” maps the
keys “@” through “5” to their score
descriptions.

Evaluation-refinement annotation.

You are an expert judge and editor.
Evaluate the candidate answer only
under the supplied dimension and
scoring criterion. First assign an
integer score from @ to 5. Then explain
the score using concrete evidence from
the answer. Next provide one executable
refinement suggestion that states both
what should change and where or how to
change it. Finally, rewrite the answer
so that it better satisfies the
criterion while preserving correct and
relevant content. The refined answer
must be self-contained and must not
mention the evaluation process.

Question: [QUESTION]

Candidate answer: [ANSWER]

Dimension: [DIMENSION]

Scoring criterion: [CRITERION]

Return only one JSON object with the
keys “score”, “reason”, “suggestion”,
and “refined_answer”, in that order.

Score-coverage completion.

Generate one plausible candidate answer
to the question at the requested
overall quality level on a 0-5 scale.
Match the target level through the
correctness and completeness of the
reasoning, not by stating or referring
to the target score. Use realistic
mistakes for low or intermediate levels
and avoid artificial corruption.
Preserve a natural answer style and
vary the error pattern relative to the
existing answers. Level @ is irrelevant
or wholly incorrect; level 1 has severe
errors; level 2 shows limited progress
with major errors; level 3 is partially
correct but has an important gap; level
4 is mostly correct with a minor issue;
and level 5 is fully correct, complete,
and well justified.

Question: [QUESTION]

Target quality level: [TARGET SCORE]
Existing answers to avoid duplicating:
[EXISTING ANSWERS]

Return only the candidate answer.



Rubric-grounded refinement verification.

Compare the original and refined
answers under exactly the same
evaluation dimension and scoring
criterion. Consider both the reasoning
process and the final answer. Label the
refined answer “improved” only if it
better satisfies the criterion without
introducing a new material error; label
it “degraded” if it satisfies the
criterion less well or introduces a new
material error; otherwise label it
“unchanged”. Judge content rather than
wording or length.

Question: [QUESTION]

Dimension: [DIMENSION]

Scoring criterion: [CRITERION]
Original answer: [ORIGINAL ANSWER]
Refined answer: [REFINED ANSWER]

Return only one JSON object with the
keys “label” and “rationale”.

C Data Filtering

To ensure that the constructed data are not dom-
inated by templated or repetitive generations,
we conduct lexical-diversity analysis and near-
duplicate filtering during data construction. This
process is applied after score-consensus filtering
and before the final train/test split.

Text normalization. We normalize all textual
fields before computing lexical statistics. Specifi-
cally, we lowercase English text, remove redundant
whitespace, and tokenize each field into word-level
tokens. For each instance, we consider both the
input-side fields and the generated fields in the
constructed data. The input-side fields include the
question and the original answer. The generated
fields include the induced rubric, the evaluation rea-
son, the executable refinement suggestion, and the
refined answer. We analyze these fields separately
because they play different roles in the constructed
evaluation-to-refinement trajectory.

Field-level lexical diversity. We first measure
field-level lexical diversity using Distinct-n, de-
fined as the ratio of unique n-grams to the total
number of n-grams in a field collection:

|UniqueNgrams,,(7)]
|AllNgrams,, (7)| ’

where T denotes all texts from a specific field.
Higher Distinct-n values indicate greater lexical
diversity and lower template reuse. We compute
Distinct-2, Distinct-3, and Distinct-4 for questions,
answers, rubrics, reasons, executable suggestions,
and refined answers. Table 7 reports the field-level
diversity statistics.

®)

Distinct-n =

Field Distinct-2  Distinct-3  Distinct-4
Questions 0.132 0.232 0.410
Answers 0.182 0.431 0.547
Rubrics 0.258 0.362 0.569
Reasons 0.243 0.432 0.651
Suggestions 0.213 0.396 0.678
Refined answers 0.199 0.480 0.693

Table 7: Field-level lexical diversity of the constructed
data. The generated evaluation-to-refinement fields, es-
pecially reasons, executable suggestions, and refined
answers, show substantial high-order n-gram diversity.
Questions exhibit lower diversity because they are more
task-driven and often follow similar query forms. Over-
all, the results suggest that the constructed data are not
dominated by repeated lexical templates.

Sample-level near-duplicate filtering. Field-
level diversity measures the overall lexical variation
of the dataset, but does not directly identify near-
duplicate instances. We therefore apply a sample-
level overlap filter. For each candidate instance,
we concatenate its generated fields, including the
rubric, reason, executable suggestion, and refined
answer, into a single text sequence. We then com-
pute the 4-gram Jaccard overlap between the candi-
date and previously retained instances:

_ 1Ga(xi) 0 Ga(zj)|
|Ga(2i) U Ga(z))]

®

Ja(wi, z5)

where G4 (x) denotes the set of 4-grams in instance
x. A candidate instance is removed if its max-
imum 4-gram Jaccard overlap with any retained
instance exceeds 7 = 0.75. In implementation, we
use MinHash-based locality-sensitive hashing to re-
trieve high-overlap candidates efficiently, followed
by exact Jaccard computation for final filtering.

Overall, Table 7 shows that the constructed data
retain meaningful lexical variation across both
input-side and generated fields. Although the ques-
tions are relatively more standardized due to the
task-oriented data construction process, the gener-
ated reasons, executable suggestions, and refined
answers exhibit high-order diversity, indicating that
the evaluation-to-refinement trajectories are not
merely repeated templates.

D Answer Sensitivity of Induced Rubrics

Data. We use 180 held-out questions with 3-5
candidate answers each. The questions are held
out from training and are used only for the answer-
sensitivity analysis.
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Protocol. To measure whether rubrics are answer-
sensitive, we compare rubrics generated for dif-
ferent answers to the same question. For Qurs,
we compare answer-specific rubrics R(q,a) and
R(gq,a’). For Q-only, we use a shared question-
only rubric R(q) for both answers, which can-
not vary with the answer by construction. For Q-
only x2, we compare two independently generated
question-only rubrics for the same question, provid-
ing a lexical-noise control for repeated rubric gen-
eration. Rubric change is measured by the lexical
Jaccard shift over pooled dimension_name tokens.

Results. We evaluate whether induced rubrics
change when the answer changes. As a lightweight,
reproducible proxy, we measure lexical turnover
in dimension_name strings only and exclude the
0-5 criterion text, which reduces sensitivity to
long paraphrases in scoring anchors. For a rubric
R(q,a), we take every dimension_name, lower-
case it, tokenize it into alphanumeric word types,
and pool those types into a single set W, (duplicate
tokens across dimensions count once). Fixing the
same question ¢, we induce R(q,a) and R(q,a’)
from distinct answers a and @', construct W, and
W, and compute the Jaccard distance

|WaﬂWa/|

Wa 0 War| =
TIASA (10)

DJaccard =1-

The distance is O if both token sets are empty.
Larger Dj,ccara means less overlap in the word
types appearing anywhere in dimension titles when
the conditioning answer changes. Table 8 summa-
rizes means on 180 held-out questions. Q-only
uses the same question-only rubric for both an-
swers, so its shift is zero by design. Q-onlyx2
compares two independently generated question-
only rubrics and shows a small shift (0.09), re-
flecting lexical variation from repeated generation.
Ours compares R(q, a) and R(q, a’) and achieves
a much larger shift of 0.37. This observed sep-
aration supports a necessary property of sample-
specific evaluation: the rubric changes with the
answer, not just the question. Together with the
human evaluation in Section 4.2, these results in-
dicate that our rubrics are both more relevant to
each (g, a) and more sensitive to answer-specific
evaluation needs.

Table 8: Answer sensitivity of induced rubrics on 180
held-out questions. Q-only uses a shared question-level
rubric, Q-onlyx2 compares two independently gener-
ated question-level rubrics, and Ours compares answer-
conditioned rubrics for different answers to the same
question.

Comparison n Jaccard shift

Q-only 180 0.00
Q-onlyx2 180 0.09
Ours 180 0.37

Table 9: Correlation with independent human scores on
180 rubric-conditioned instances.

Model Pearson Spearman
Qwen2.5-14B-Instruct 0.7250 0.7300
Ministral-3-14B-Instruct-2512 0.7396 0.7567
Qwen3.5-9B 0.8205 0.8244
GPT-5 0.8542 0.8615
CriticGen-Qwen2.5-7B 0.8868 0.8969

E Independent Human Validation of
Scoring

We conduct a blinded human evaluation on 180
rubric-conditioned instances, balanced across the
six 0-5 score levels. Following the human-
evaluation protocol in Section 4, two independent
annotators assign scores, and cases with substantial
disagreement are re-evaluated by a senior annota-
tor. Table 9 reports correlations between model
predictions and the resulting human scores.

CriticGen-Qwen2.5-7B achieves the highest cor-
relation with independent human scores in this
comparison. This result provides evidence that
its scoring predictions align strongly with human
judgments rather than only with GPT-5-derived ref-
erences.

F Gold-Answer Refinement Evaluation

We evaluate refinement correctness on 5,000
unique question—answer pairs from the REFINE-
DATA test split, restricted to GSM8K, Numina-
Math, and the applicable subset of NaturalReason-
ing with reliable gold answers. The sample covers
all six 0-5 reference-score levels. For each model
output, we extract the last explicit answer span (e.g.,
content following “Final Answer:” or a dataset-
specific answer delimiter), normalize whitespace,
punctuation, thousands separators, and equivalent
numeric surface forms, and manually resolve cases
in which the deterministic parser fails or returns
multiple candidates before accuracy computation.
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Table 10: Gold-answer refinement results on 5,000 ex-
amples. W—R and R—W denote Wrong—Right and
Right—Wrong flips. Accuracy and flip rates are per-
centages; A is the accuracy change in percentage points.
Bold denotes the best overall result, and underlining
denotes the best open-weight result in each column.

Model Acc. W—R R—W A
Original 45.36 - - -
Ministral-3-14B-Instruct-2512 90.72 46.66 1.30 +45.36
Mistral-7B-Instruct-v0.3 61.36 23.26 7.26 +16.00
Qwen2.5-32B-Instruct 89.50 44.88 0.74 +44.14
Qwen2.5-14B-Instruct 87.08 42.62 0.90 +41.72
Qwen3.5-4B 86.90 43.62 2.08 +41.54
Qwen3.5-9B 85.74 42.56 2.18 +40.38
Qwen2.5-7B-Instruct 85.48 41.84 1.72 +40.12
GPT-5 96.84 51.92 0.44 +51.48
CriticGen-Qwen2.5-7B 91.26 47.30 1.40 +45.90

The original answers achieve 45.36% accu-
racy. CriticGen-Qwen2.5-7B increases accuracy to
91.26%, with a 47.30% Wrong—Right rate and a
1.40% Right— Wrong rate. GPT-5 reaches the high-
est overall accuracy at 96.84%. Among the evalu-
ated open-weight models, CriticGen achieves the
best accuracy and improves its identical Qwen2.5-
7B backbone from 85.48% to 91.26%. This pro-
vides an objective ground-truth anchor showing
that refinement improves final-answer correctness
rather than merely receiving higher scores from the
GPT-5 verifier.

G Baseline Models and CriticGen
Variants

We compare CriticGen with a diverse set of
instruction-following LLM baselines. Unless oth-
erwise specified, all baseline models are evaluated
under the same rubric-conditioned prompts and
output format, and are not fine-tuned on our con-
structed data.

¢ Qwen2.5-7B-Instruct. Qwen2.5-7B-Instruct
serves as the primary open-weight backbone
in our experiments (Yang et al., 2024). It pro-
vides a strong 7B-scale instruction-following
baseline and is used to assess the zero-shot or
prompt-only capability of a model with the
same architecture scale as our main CriticGen
variant.

¢ Qwen2.5-14B-Instruct. We include
Qwen2.5-14B-Instruct as a medium-scale
Qwen2.5 baseline (Yang et al, 2024).
Comparing it with Qwen2.5-7B-Instruct
and Qwen2.5-32B-Instruct allows us to
examine whether a larger model capacity

alone improves rubric-conditioned evaluation
and refinement.

Qwen2.5-32B-Instruct. Qwen2.5-32B-
Instruct is used as a larger Qwen2.5-family
baseline (Yang et al., 2024). It provides a
scale-controlled comparison for evaluating
whether CriticGen’s gains can be attributed
to task-specific supervision rather than simply
to increasing the number of model parameters.

Qwen3.5-4B. We include Qwen3.5-4B as
a newer small-scale Qwen-series baseline
(Qwen Team, 2026a). It allows us to test
whether the recent base-model improvements
can already support rubric-conditioned evalu-
ation without task-specific fine-tuning.

Qwen3.5-9B. Qwen3.5-9B is used as a newer
medium-scale Qwen-series baseline (Qwen
Team, 2026b). Together with Qwen3.5-4B, it
helps evaluate the robustness of CriticGen’s
training strategy across different Qwen gener-
ations and parameter scales.

Mistral-7B-Instruct-v0.3. We use this model
as a non-Qwen open-weight instruction-
following baseline (Jiang et al., 2023; Mis-
tral Al, 2024). Its inclusion helps assess
whether CriticGen’s advantages are specific to
the Qwen model family or remain competitive
against independently developed open-weight
instruction models.

Ministral-3-14B-Instruct-2512. We in-
clude Ministral-3-14B-Instruct-2512 as a re-
cent non-Qwen instruction-following base-
line (Mistral Al 2025). It provides an ad-
ditional comparison point for evaluating Crit-
icGen against contemporary open-weight in-
struction models.

* GPT-5. GPT-5 is included as a strong propri-
etary model baseline (OpenAl, 2025b,a). In
addition to serving as a high-capability com-
parison model, it is also used as a reference
judge in parts of our data construction and
verification pipeline.

Our CriticGen variants are obtained by ap-
plying the same supervised fine-tuning proce-
dure to select Qwen backbones using our con-
structed training data. Specifically, CriticGen-
Qwen2.5-7B-SFT, CriticGen-Qwen3.5-4B-SFT,
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and CriticGen-Qwen3.5-9B-SFT are initialized
from Qwen2.5-7B-Instruct (Yang et al., 2024),
Qwen3.5-4B (Qwen Team, 2026a), and Qwen3.5-
9B (Qwen Team, 2026b), respectively, and trained
on RUBRICDATA and REFINEDATA. This design
isolates the effect of CriticGen’s data and learning
objective from the choice of backbone: the base in-
struction models measure zero-shot or prompt-only
rubric-conditioned evaluation ability, while the
CriticGen variants measure the effect of learning to
generate sample-specific rubrics and to produce the
coupled score-reason—revision-suggestion—rewrite
trajectory from our supervision.

H Training Details

We train CriticGen variants with supervised fine-
tuning (SFT). All training runs are initialized from
the corresponding instruction-tuned backbone and
use the same serialized output format as described
in Section 3. For rubric induction, the model is
trained to generate the complete set of induced
rubric items, including dimension names and 0-5
scoring criteria. For rubric-conditioned evaluation
and refinement, the model is trained to generate
the complete target sequence, including the score,
reason, executable revision suggestion, and refined
answer. We optimize the standard next-token pre-
diction loss with AdamW, using a learning rate
of 2 x 1075, a cosine learning-rate schedule, a
warmup ratio of 0.03, and weight decay of 0.01.
Unless otherwise specified, we train for 3 epochs
with bf16 precision, gradient checkpointing, and
a maximum sequence length of 4096 tokens. The
effective batch size is set to 128 through gradient
accumulation.

We choose the SFT checkpoint as the main Crit-
icGen model in all reported experiments. This
choice keeps the empirical comparison focused on
the proposed data construction and evaluation-to-
refinement formulation. It also avoids introducing
an additional preference-optimization stage whose
gains may depend on preference-pair construction,
verifier calibration, and reward-model noise rather
than on the core CriticGen framework.

I Out-of-Domain Evaluation on Feedback
Bench

To further examine the out-of-domain generaliza-
tion ability of CriticGen, we evaluate it on Feed-
back Bench from Prometheus (Kim et al., 2024).
Feedback Bench is designed for absolute grading

Table 11: Out-of-domain evaluation on Feedback Bench.
We report Pearson, Spearman, and Kendall’s 7 corre-
lations between model-predicted scores and reference
scores.

Model Pearson Spearman Kendall 7
Qwen2.5-7B-Instruct 0.7520 0.7522 0.6606
Qwen3.5-4B 0.7373 0.7451 0.6532
Mistral-7B-Instruct-v0.3 0.6783 0.6801 0.5943
CriticGen-Qwen2.5-7B-SFT  0.7556 0.7612 0.6755

with customized score rubrics. Each instance pro-
vides an instruction, a response to be evaluated, a
reference answer, and a fine-grained scoring rubric,
and the evaluator LM is required to assign a scalar
score and feedback according to the given rubric.

Different from our in-domain REFINEDATA,
Feedback Bench is not used during training and
follows an independently constructed evaluation
format. We therefore use it as an out-of-domain
benchmark to test whether the evaluation capa-
bility learned by CriticGen transfers to external
rubric-conditioned scoring scenarios. To ensure a
fair comparison, we compare CriticGen-Qwen2.5-
7B-SFT with evaluator LMs of a similar scale, in-
cluding Qwen2.5-7B-Instruct, Qwen3.5-4B, and
Mistral-7B-Instruct-v0.3.

Following the evaluation protocol of Prometheus,
we measure the correlation between model-
predicted scores and reference scores using Pearson
correlation, Spearman correlation, and Kendall’s 7.
The results are shown in Table 11.

CriticGen-Qwen2.5-7B-SFT achieves the high-
est observed values across all three correlation met-
rics among the compared models. Compared with
its base model Qwen2.5-7B-Instruct, CriticGen im-
proves Pearson correlation from 0.7520 to 0.7556,
Spearman correlation from 0.7522 to 0.7612, and
Kendall’s 7 from 0.6606 to 0.6755. Although the
improvement is modest, the consistent observed
gains across all metrics suggest potential transfer of
CriticGen’s rubric-conditioned evaluation capabil-
ity to out-of-domain customized scoring settings.
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