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Abstract

Many strong decoding methods for text gen-
eration follow a sample-and-rerank paradigm:
they draw multiple candidates, score each un-
der a utility (reward) function using consen-
sus across samples, and choose the best one.
Although effective, these methods incur high
computational costs during inference due to re-
peated sampling and scoring. Prior attempts
to amortize inference-time computation typi-
cally rely on gold references, teacher labels,
or curated preference data, thereby increasing
the effort required to construct datasets and the
demand for high-fidelity reward models. We
propose Consensus Group Relative Policy Op-
timization (C-GRPO), which distills Minimum
Bayes Risk (MBR) decoding into training by
formulating the consensus utility as a group-
relative objective within GRPO. C-GRPO re-
quires only a utility function and policy sam-
ples, without gold references or explicit prefer-
ence labels. As supporting analysis, we study
an idealized sentence-level surrogate and show
that the expected update is directionally con-
sistent with the expected-utility objective un-
derlying MBR decoding under simplifying as-
sumptions. Experiments on machine transla-
tion (WMT 2024), text summarization (XSum),
and Japanese social-bias mitigation (JBBQ)
show that C-GRPO often matches or exceeds
inference-time MBR decoding while replacing
multi-sample reranking with a single genera-
tion.

1 Introduction

In recent years, many of the most effective meth-
ods for generating text can be described as con-
sensus inference (Kumar and Byrne, 2002, 2004;
Ehling et al., 2007; Watanabe and Sumita, 2011;
Eikema and Aziz, 2022). Given an input, these
methods (i) sample a set of candidate outputs, (ii)
assign each candidate a score using consensus-
based methods across the sampled set under a task-

specific utility function, and (iii) output the can-
didate with the highest consensus score. This of-
ten yields better-quality results in practice (Ehling
et al., 2007; Eikema and Aziz, 2020; Miiller and
Sennrich, 2021; Eikema and Aziz, 2022; Bertsch
et al., 2023).

The downside is that the consensus method is
expensive at inference time (Watanabe and Sumita,
2011; Eikema and Aziz, 2022; Wang et al., 2023;
Bertsch et al., 2023; Cheng and Vlachos, 2023;
Shi et al., 2024). It requires multiple forward gen-
erations per input, as well as additional computa-
tion to compare candidates and consensus scores
for each prompt. As models scale and applica-
tions become latency-sensitive, this cost creates a
persistent quality—latency bottleneck: practition-
ers often face a choice between cheap single-pass
decoding (lower quality) and expensive consen-
sus procedures (higher quality). To eliminate the
inference-time overhead of consensus decoding,
prior work distills the consensus decision rule into
a model, typically requiring gold references or
teacher labels, which in turn necessitate building
task-specific datasets and/or the training of high-
precision reward models (Finkelstein and Freitag,
2024; Finkelstein et al., 2024; Yang et al., 2024).

In this paper, we instead distill the consensus de-
cision rule into a single-pass policy in a reference-
free manner!. Our key observation is that many
consensus objectives are defined based on a sam-
ple of candidates and depend solely on relative
scores within the sample (e.g., comparisons to the
group average). This yields a signal of within-
group advantage, in which candidates are encour-
aged or discouraged depending on whether they
exceed the group’s typical quality level. This
within-group structure directly motivates the use
of Group Relative Policy Optimization (GRPO)

"Here, reference-free means that training does not require
gold references or explicit preference labels; it uses only a
task utility function together with on-policy samples.
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Training Pipeline Overview
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Figure 1: System Overview. (Left) Training pipelines for GRPO and C-GRPO. C-GRPO is different from standard
GRPO because it does not use reward supervision, unlike standard GRPO, which typically uses a reward or
preference model. (Right) C-GRPO’s utility mechanism is based on self-consensus among sampled candidates.

(Shao et al., 2024): GRPO updates the policy using
a group-relative advantage, increasing the probabil-
ity of candidates whose consensus scores exceed
the group baseline.

Specifically, we instantiate this idea with Mini-
mum Bayes Risk (MBR) decoding, where each can-
didate is scored by its average utility against other
samples (Kumar and Byrne, 2002, 2004; Eikema
and Aziz, 2022). Importantly, this consensus utility
can be computed directly from on-policy samples
using only a task utility function, eliminating the
need for gold references or teacher-provided labels.

We propose Consensus-GRPO (C-GRPO), a
simple and general approach to distill expensive
consensus-based decoding into a single-pass pol-
icy trained with GRPO. Unlike standard GRPO,
which typically assumes a reward or preference
model, C-GRPO does not rely on reward supervi-
sion (see Figure 1). Instead, it derives its training
signal by aligning with other sampled candidates
under a utility function. Consequently, C-GRPO
does not require gold references, teacher labels, or
an explicitly collected preference dataset. It also
does not require training a separate reward model.
The only necessary ingredient is a task utility func-
tion. The optimization signal is derived solely from
within-group consensus.

Contributions. Our main contributions are the
proposed reference-free distillation objective and
its empirical validation:

* Objective: distilling consensus into one pass.
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We introduce a GRPO training objective that
constructs group-relative advantages from a
consensus-based utility computed on policy sam-
ples, distilling consensus decoding into a single-
pass policy at test time (requiring no gold refer-
ences or explicit preference labels).

Experiments: quality without reranking.
In machine translation and summarization, C-
GRPO matches or exceeds inference-time MBR
decoding across several settings while using a sin-
gle test-time generation step rather than sample-
and-rerank decoding. Furthermore, we find that
C-GRPO learns from higher-quality outputs that
are closer to gold references under reference-
based evaluation, suggesting that training shifts
probability mass toward near-reference genera-
tions. We also demonstrate generalization across
other model families and show that C-GRPO out-
performs self-rewarding on the Japanese Bias
Benchmark for QA, a sensitive social-bias miti-
gation setting.

Analysis: under ideal assumptions, C-GRPO
is consistent. We analyze a sentence-level surro-
gate and show that, under several ideal assump-
tions, the expected update of C-GRPO is direc-
tionally consistent with the target consensus ob-
jective, with the rate of O(ﬁ) The analysis
suggests that C-GRPO is a reasonable learning
algorithm in some scenarios.



2 Background

Text generation involves producing an output se-
quence based on an input sequence; the set of input
sequences is defined by X. Probabilistic text gen-
erators define a probability distribution over the
output space of hypotheses ). The set of complete
hypotheses ) is:

Y :={BOS ovoEOS|v € V*},

where o is a string concatenation and V* is the
Kleene closure of a set of vocabulary V.

2.1 Group Relative Policy Optimization

Group Relative Policy Optimization (GRPO) is
a reinforcement learning algorithm (Shao et al.,
2024) and has proven effective across a range of
domains(Ding et al., 2025; Liu et al., 2025a; Xue
et al., 2025; Liu et al., 2025a; Xue et al., 2025). Let
q € X denote the initial state (prompt), and the pol-
icy mp (- | ¢) outputs the action (sentence) y € )
based on the initial state ¢ from the action space.
Formally, let R be the reward function, which is
a mapping from a prompt-output pair to a scalar
value. For each prompt ¢, GRPO samples a group
of outputs G = {y1, y2, ..., y } from the old pol-
icy my,,, and then optimizes the policy model by
maximizing the following objective:

Foxwo(6 f: 11 m(wla)
’y74’ G ﬂ-eold (y’t | (:I)
- BKL(WG,MM), (D)

where (3 is a hyperparameter, and KL is Kull-
back—Leibler (KL) divergence. In our experiments,
we set S = 0 (Liu et al., 2025b; Shao et al., 2025);
for clarity, we omit the KL term in the deriva-

tions. For simplicity, we define the importance
ratio p; () := ﬂﬂ‘l’ﬁ/ﬁ_"};). Aj; represents the normal-

ized advantage value of the sentence y; using a
reward function:

R(q, i) — meang (R(q,G))
stdg (R(¢,9))

A = 2

For simplicity, we present the unclipped form and
omit PPO-style clipping (threshold € and the min
operator); we use the standard GRPO implementa-
tion in experiments.

We also consider Dr.GRPO (Liu et al., 2025b),
a variant of GRPO. Following Liu et al. (2025b),
we subtract the (within-group) standard deviation

term and output length |y;| from each sample’s
contribution in Eq. (1) and from the advantage in

Eq. (2).

2.2 Consensus-based Decoding

An example of sample-and-consensus inference is
expected-utility consensus, where each candidate
is scored based on its expected similarity (utility)
to likely outputs under a reference distribution, and
the candidate with the highest score is selected.
Minimum Bayes Risk (MBR) decoding is an
example of one type of consensus-based decod-
ing (Kumar and Byrne, 2002, 2004). In neural
text generation, consensus-based decoding is com-
monly instantiated by sampling candidates from a
model distribution and estimating expected utility
via Monte Carlo, using task-specific similarity met-
rics (Eikema and Aziz, 2022; Farinhas et al., 2023;
Bertsch et al., 2023).

The goal of decoding is to find the best hypoth-
esis for a given input. Let ¢ € X be an input
prompt and y € ) be an output sequence. Let
Phodel (- | ¢) be the policy model (e.g., Large Lan-
guage Models (LLMs)). We assume a bounded
utility function v : Y x Y — [0, 1] measuring sim-
ilarity between multiple texts. The procedure of
MBR decoding consists of two components: a text
generation model 7y and a utility metric u(y, y').
The utility function u(y, y’) estimates the quality
of a candidate output y. MBR decoding selects
the best hypothesis according to its expected utility
over the text generation model’s probability 7y:

Definition 2.1 (Minimum Bayes Risk decoding).

Umodel(y | Q) = Z u(y7yz) : Pmodel(yi | Q)a 3)
Yi€Y
y™% = arg max tmodel (¥ | 9),
yey

where Ppogel 1s the distribution of language model.

Umodel (¥ | q) is the expected utility of a candi-
date y under the model distribution, and y™°de!
is the optimal output of MBR decoding under
Y. Since integration over ) is computationally
intractable, Eq. (3) is approximated by a Monte
Carlo estimate (Eikema and Aziz, 2022; Farin-
has et al., 2023) using a reference sample set
g= {yi, oo vy/G} with y; ~ Pmodel(' | Q) In prac-
tice, we instantiate both the hypothesis set and the
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reference set by the same finite candidate set G:

il o= Z u(y, yi), @
ymonte = arg max U(y ‘ CI)-
yeg

Because of the intractability of ), y™°"* is consid-

ered the optimal output for MBR decoding.

MBR decoding is appealing because it directly
optimizes a task-specific utility function, selecting
outputs that are not merely maximizing likelihood
(maximum-a-posteriori (MAP) decoding) and of-
ten leads to more robust and higher-quality gen-
erations (Ehling et al., 2007; Eikema and Aziz,
2020; Miller and Sennrich, 2021; Eikema and
Aziz, 2022; Bertsch et al., 2023) compared to it.
However, MBR decoding is notoriously expensive
during inference time (Eikema and Aziz, 2022;
Bertsch et al., 2023), because it requires gener-
ating and calculating the utility score u(y,y;) of
many candidate outputs for each input, this compu-
tational burden (O(G?)) becomes a serious bottle-
neck, limiting the practical use of consensus-based
decoding despite its superior generation quality.

3 Consensus-GRPO: Distilling MBR
decoding via GRPO

We aim to replace expensive, inference-time
consensus-based decoding with a single-pass policy
that directly produces high-expected-utility outputs.
Instead of selecting arg max over a sampled set at
inference, we distill the consensus-based score dur-
ing training.

For a given prompt ¢, sample a group G =
{y1,...,yc} from the current policy m,q. For
each candidate y;, we compute an estimated MBR
utility @(y; | ¢) by comparing y; against a set of
reference hypotheses (e.g., model samples) using
a task-specific utility function u(-, ). Intuitively,
u(y; | ¢) measures how well y; agrees with likely
references under the chosen similarity metric. We
define the reward in Eq. (2) as the MBR utility:

R(q,y:) = u(y: | q)- (5)

In our self-consensus instantiation, we reuse the
sampled group as the reference set:

G
a(yi | q) Z u(Yi, Yj)- (6)

Inference-time benefit of C-GRPO. After train-
ing, decoding reduces to a single forward pass
through 7y, avoiding the repeated sampling and
utility calculation required by MBR decoding dur-
ing inference.

3.1 Analysis

In the practical algorithm (Eq. (6)), the advan-
tage function is computed from a Monte Carlo
consensus-based estimate (Eq. (4)) using an inner
reference set )’ (i.e., u). For a clean theoretical
treatment, we analyze an idealized variant in which
the utility term is replaced by the model’s expected
utility wmoder, rather than the Monte Carlo estimate
.

Sentence-level surrogate. GRPO is usually ap-
plied at the token level, where log mg(y | ¢) de-
notes the sum of token log-probabilities, and the
update is applied to each token. To clarify the ex-
position, we analyze a sentence-level surrogate in
which the entire sequence y is treated as a single ac-
tion. This simplification eliminates the token-level
formulation and does not change the core mecha-
nism of group-relative reweighting; extending the
analysis to the token-level form follows from stan-
dard arguments. Additionally, for simplicity, we
assume that all sampled outputs y; have the same
length |y;| = |y| within this section, so that length-
dependent normalization factors can be treated as
constants.

Problem settings. This assumption reduces to
the true objective function for MBR decoding
(see Definition 2.1). Let D be a distribution over
prompts ¢ € X. Let ¢ € D C X denote an in-
put prompt and y € ) a generated response. We
assume u € [0, 1] without loss of generality; any
bounded utility u € [a, b] can be affinely rescaled
to [0, 1], and our results carry over with constants
adjusted accordingly. The objective of MBR de-
coding is to maximize the expected utility under
the policy 7p:

Lc(0) :=Egup [Eyrmy (1) [tmoder (¥ | @)]] - (7)
Since u € [0, 1], we have maxg Lc(6) < 1.

Alignment under assumptions. The core of
our method is the group-relative update. For a
given input ¢, we sample a group of G outputs

= {y1,...,yc} iid. from mq(-|q). Let ug
and og denote the sample mean and standard devi-
ation of the rewards within the group. The gradient
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estimator is:

dareo(0:4) = |52m )Vologmo(yi | ¢)

% (umodel(yi lq) — #Q) ' (8)
g

We adopt a standard simplifying assumption in
adaptive optimization analysis: we treat the
variance-scaling term (og)~! as a scalar precon-
ditioner that is effectively uncorrelated with the
instantaneous gradient direction. We make the fol-
lowing assumptions regarding the objective func-
tion Lc(6) and the stochastic gradient estimator
gareo(0; q):

Assumption 3.1 (Standing Assumptions).

1. L-Smoothness: The objective Lc(6) is dif-
ferentiable, and its gradient is Lipschitz con-
tinuous with constant L > (. That is,
IVoLc(01) — VoLe(02)|| < L|6r — 62| for
all 91, (92.

2. Bounded Variance: The variance of the es-
timator is bounded by a constant 02 < oo,
ie., E[l|g: — E[g:]]|?] < o2, where §; :=
GGrro (6y).

3. Support/ absolute continuity: Forall ¢ € X,
Told(y | ¢) > 0 whenever my(y | ) > 0.

4. Independence of Normalization Term (for
C-GRPO): Although the group standard de-
viation og is a random variable dependent on
the sampled group G, we assume its inverse
1/0g acts as a scalar preconditioner that is sta-
tistically independent of the gradient direction
in expectation. This simplifies the analysis by
treating the normalization as a scaling factor
that does not bias the gradient direction (intu-
itively, this corresponds to an infinite-group
approximation in which og converges to a de-
terministic population standard deviation as
G grows).

Remark 3.2 (On the randomness of group normal-
ization). Assumption 3.1 (4), in GRPO, the group
standard deviation og is computed from the same
sample group as the stochastic gradient. Therefore,
it can be statistically correlated with the gradient
direction and may introduce a small bias. This as-
sumption is mainly a technical convenience that
allows interpreting 1/0¢ as a scalar preconditioner.
Notably, Dr. GRPO’s analysis does not require this
independence assumption.

Theorem 3.3 (MBR-Gradient Proportion-
ality (in Expectation)). Under Assump-
tion 3.1, and assume group size G > 2.
The expected direction of the GRPO estima-
tor is aligned with the true policy gradient.
Specifically, there exists a positive scalar
coefficient oo > 0 such that:

Ep|dcrro(0;q)] = aVeLc(0).

The proof of Theorem 3.3 is in Appendix B.
From Theorem 3.3, we view the idealized C-GRPO
update as directional support for optimizing the
expected-utility objective underlying MBR decod-
ing.

Theorem 3.4 (Non-Asymptotic Conver-
gence Rate). Under Assumption 3.1 for any
horizon T > (L)%, if we run stochastic
gradient ascent 0y 1 = 0y + n:Gy (Where
9t *= Gorro(0¢)) with a constant learning
rate n; = 1/+/T, the algorithm satisfies the
following bound on the ergodic average of
the gradient norms:

1 L
= 2 _EllIVoLc(®:)]’]
t*l

EC(Hl)) + Lo?
/T

o)

The proof of Theorem 3.4 is in Appendix C.
These analyses can be immediately applied to
Dr.GRPO (Liu et al., 2025b), an alternative method
to GRPO, in which case several assumptions be-
come unnecessary (see Appendix D for details).
We also apply this reference-free objective to
Dr.GRPO in Section 4.

AL

4 Experiments

We conduct experiments to evaluate whether dis-
tilling MBR decoding into the training process
can produce strong single-pass generation without
the inference-time overhead of sample-and-rerank
methods from a single run. Specifically, we assess
C-GRPO on tasks where MBR decoding is com-
monly employed, asking whether it can preserve
much of MBR’s quality while eliminating test-
time reranking. We also compare against random-
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Performance Improvement of the Base Model in C-GRPO
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Figure 2: ROUGE-Lsum on XSum: base model (x-axis)
vs. after C-GRPO (y-axis). Most points lie on/above
y=ux, indicating that C-GRPO typically preserves or im-
proves performance across backbones and scales; degra-
dation is mainly confined to the smallest Qwen2 variants
(0.5B, 1.5B).

reward and self-rewarding GRPO baselines to sep-
arate consensus-driven gains from generic GRPO
effects and prompt-sensitive self-judging.

Tasks and datasets. First, we consider English
(En)— {Japanese (Ja), Chinese (Zh), German (De)
}. Each example consists of a source segment ¢
and a gold reference y*. For each language pair,
we construct the training set by combining WMT
datasets from 2021-2023 (Akhbardeh et al., 2021;
Freitag et al., 2022, 2023), and evaluate on the
corresponding WMT 2024 dataset (Kocmi et al.,
2024).

Next, we use the XSum (EdinburghNLP/XSum;
Narayan et al., 2018). Each example consists of a
news article ¢ and a gold reference y*. We use a
training split of 5,000 and a test split of 500.

Language models and evaluation methods. We
show results for two base instruction-tuned mod-
els: Mistral (Mistral-7B-Instruct-v0.3; Jiang et al.,
2023)? and Llama (Meta-Llama-3-8B-Instruct;
Grattafiori et al., 2024).3 For all tasks in Section 4,
we use BLEURT (Sellam et al., 2020) as the utility
function for C-GRPO. BLEURT calculates the sim-
ilarity between candidate sentences. In reference-
free training, we define a pairwise utility between

*https://huggingface.co/mistralai/Mistral-7B-Instruct-
v0.3

3https://huggingface.co/meta-llama/Meta-Llama-3-8B-
Instruct

two sampled candidates as:
u(yi,y;) = BLEURT (i, y;),

For machine translation, we apply COMET
(Rei et al., 2020) as an evaluation-only metric,
ucmr(q,y,y*) = COMET(q,y,y*). COMET is
a learned machine translation metric that scores a
translation y given the original text ¢ and a gold
reference y*. We include COMET in addition to
BLEURT to evaluate generalization under a met-
ric that is not used for training. This mitigates
concerns that the gains are specific to optimizing
BLEURT. For summarization, we use ROUGE-
Lsum (Lin, 2004) against 4*. ROUGE-Lsum is
based on the longest common subsequence, com-
puted with sentence splitting. The parameters used
in these experiments are listed in Appendix K.

Baseline methods. Following Shao et al. (2025),
we include GRPO w/ Random Reward, a baseline
where GRPO is optimized using an uninformative
dense random reward. Here, we use a dense ran-
dom reward (normal distribution (ryang(q, yi) ~
N(0,1)). Despite this reward not containing task-
specific signals, Shao et al. (2025) demonstrates
that GRPO can still yield non-trivial improvements
even under random rewards. Therefore, we use
this baseline to quantify reward-independent im-
provements attributable to GRPO optimization it-
self. Since this study proposes a useful reward
function for GRPO, improvements from the pro-
posed method are observed only after accounting
for this effect.

Additionally, we evaluate GRPO w/ Self-
Rewarding. We apply an LLM-as-a-judge reward
(Yuan et al., 2024; OpenAl et al., 2024; Guo et al.,
2025) without using any gold reference y*. For
each input ¢ and outputs y;, we prompt a judge
model (LLMs) to output a single scalar score in
[0, 1] according to task-specific criteria (e.g., faith-
fulness/coverage/conciseness/fluency for summa-
rization; accuracy/fluency/completeness for transla-
tion (see Appendix G)). We parse the first numeric
value from the judge output and clip it to [0, 1]. For
machine translation, we additionally set the reward
to 0 if y; contains any non-target-language text.
To maintain a strictly reference-free baseline and
avoid introducing additional supervision or compu-
tation from an external evaluator, we use the same
base model as the judge. Using a stronger judge
would introduce a signal beyond the base model,
making comparisons more difficult.
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Table 1: Average COMET over six WMT settings.
Scores are averaged over three WMT24 language pairs
and two base models; the full per-setting results are
reported in Appendix A. Bold and underline denote the
best and second-best scores, respectively.

Method Avg. CMT
Base Model 0.616
GRPO w/ Random 0.638
SFT (MBR decoding) 0.672
MBR decoding 0.711
GRPO w/ Self-Rewarding 0.714
C-GRPO (Ours) 0.719
C-Dr. GRPO (Ours) 0.748

We also show the results for reference-based
algorithms (Supervised-Fine Tuning, Direct Pref-
erence Optimization (Rafailov et al., 2023), and
Best-of-INV (Stiennon et al., 2020; Nakano et al.,
2022)) whenever gold references are available (see
Appendix A).

4.1 Machine Translation

We first summarize overall machine-translation
quality across model families and language pairs.
Table 1 reports the mean COMET score averaged
over the six WMT conditions, with full per-setting
results reported in Appendix A. On this aggregate
metric, the proposed methods are the strongest
reference-free approaches: C-Dr.GRPO achieves
the best score (0.748), and C-GRPO ranks sec-
ond (0.719), outperforming MBR decoding (0.711),
GRPO w/ Self-Rewarding (0.714), SFT distilled
from MBR decoding (0.672), and GRPO w/ Ran-
dom (0.638). Unlike MBR decoding, both pro-
posed methods perform a single generation at test
time without utility scoring or reranking. In our
MBR implementation, the same G candidates are
used as hypotheses and reference samples, so de-
coding requires G generations and O(G?) pairwise
utility evaluations per input; with G=32, this corre-
sponds to 32 generations and 1024 pairwise utility
calls. C-GRPO moves this consensus computation
to training time and requires no reranking or utility
evaluation at test time.

Although the Self-Rewarding baseline can
achieve a competitive score (0.714) with our best-
performing judge prompt, we find it to be notably
prompt-sensitive. Specifically, when we replace the
judging prompt with the Unbabel prompt (Pombal
et al., 2025), performance decreases significantly.
Averaged over En—Ja, Zh, and De, and across both
base models, the COMET score drops from 0.707

Table 2: XSum summarization results. Results are re-
ported as mean =+ standard deviation over three differ-
ent seed runs. Bold and underline denote the best and
second-best ROUGE-Lsum scores, respectively, among
the reported methods for each base model.

Model Method ROUGE-Lsum 1
Base Model 0.362 £ 0.002
GRPO w/ Random 0.329 £+ 0.008
MBR decoding 0.365 £+ 0.004

Llama  GRPO w/ Self-Rewarding 0.254 £0.024
SFT w/ MBR generations 0.353 £ 0.009
C-GRPO (Ours) 0.410 4+ 0.009
C-Dr. GRPO (Ours) 0.416 £ 0.006
Base Model 0.231 £0.002
GRPO w/ Random 0.226 = 0.005
MBR decoding 0.247 +0.002

Mistral  GRPO w/ Self-Rewarding 0.222 £0.010
SFT (MBR decoding) 0.235 £ 0.002
C-GRPO (Ours) 0.247 £+ 0.004
C-Dr. GRPO (Ours) 0.232 £+ 0.003

to 0.465 (Appendix A).

We additionally provide qualitative examples of
actual model generations in Appendix I, including
both successful and failure cases, to complement
the evaluation.

Why can C-GRPO exceed finite-sample MBR?
Finite-sample MBR decoding can only select from
candidates sampled from the fixed base policy, so
it is limited by candidate quality and sampling vari-
ance. C-GRPO instead updates the policy using
MBR-style consensus preferences, which may shift
probability mass toward high-consensus outputs
that can be generated in a single pass. Appendix F
supports this explanation by showing that genera-
tion quality improves while output-score variance
decreases across checkpoints.
For the details, please refer to Appendix A.

4.2 Text Summarization

Table 2 shows text summarization results. For
Llama, MBR decoding changes ROUGE-Lsum
(0.362 — 0.365), and C-GRPO substantially im-
proves ROUGE-Lsum (0.410), demonstrating that
it generates more reference-overlapping summaries
in a single pass. This is consistent with the hy-
pothesis above: C-GRPO can improve one-shot
performance by reshaping the policy distribution
rather than selecting only from finite samples of
the original policy. Appendix F shows that a
similar, though more modest, variance-reduction
pattern appears for summarization. Furthermore,
C-Dr.GRPO achieves comparable ROUGE-Lsum
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(0.416) while maintaining stronger semantic qual-
ity.

MBR decoding provides a modest ROUGE-L
gain for Mistral (0.231 — 0.247), indicating that
reranking among sampled candidates can recover
more reference phrasing. C-GRPO largely trans-
fers this benefit (0.247), and C-Dr.GRPO yields
more conservative updates and improves stabil-
ity. In addition, we conducted a paired instance-
level analysis on the same 500 XSum test exam-
ples using the exact evaluation implementation
from our original experiments. C-GRPO outper-
formed MBR on 384 instances, whereas MBR
achieved a higher score on 116 instances. The
mean paired difference was +0.0554 in favor of
C-GRPO, with a 95% paired-bootstrap confidence
interval of [+0.0485, +0.0622]. A paired sign-flip
test further confirmed that this difference was sta-
tistically significant (p < 107%; none of 999,999
random sign flips produced a difference at least as
extreme as the observed one).

4.2.1 Analysis of the Robustness across
Language Models

Figure 2 provides a comparison between the base
model (all models are instruction-tuned models, as
detailed in Appendix L) score (x-axis) and the score
after C-GRPO training (y-axis) on ROUGE-Lsum
in the summarization task (XSum). Improvements
are indicated by points above the y=x line (i.e.,
cases where C-GRPO matches or exceeds the base
score). C-GRPO improves performance across the
majority of models across diverse model families
and scales (e.g., Llama, Mistral, and Qwen), sug-
gesting that the gains are not restricted to a single
backbone. Only the smallest Qwen2 variants (0.5B
and 1.5B) exhibit clear degradation after C-GRPO,
while larger Qwen2.5 models and Llama and Mis-
tral variants consistently benefit. Overall, these
results suggest that C-GRPO provides robust im-
provements.

4.3 Mitigating Social Bias in Japanese

We evaluate C-GRPO on JBBQ (Yanaka et al.,
2025), a Japanese multiple-choice QA benchmark
covering disability status, gender identity, physical
appearance, and sexual orientation. Unlike transla-
tion and summarization, JBBQ is an out-of-domain
task that requires bias-aware judgments in Japanese.
We use 10,000 randomly selected training samples
and 500 test samples from these topics; details are
provided in Appendix H.

Table 3: Evaluation of accuracy and social bias on
JBBQ (Japanese Bias Benchmark for QA). We show
the accuracy (1) across different training and inference
methods. C-GRPO successfully distills MBR decoding
into a single-pass policy, consistently outperforming the
base models and the self-rewarding baseline.

Model Method Accuracy (%) T
Base Model 26.8

Mistral MBR decoding 31.0
GRPO w/ Self-Rewarding 27.4
C-GRPO 34.4
Base Model 42.6

Llama  MBR decoding 48.0
GRPO w/ Self-Rewarding 46.0
C-GRPO 49.0

Table 3 reports JBBQ accuracy. C-GRPO con-
sistently improves over the base models, with gains
from 26.8% to 34.4% for Mistral and from 42.6%
to 49.0% for Llama. Both MBR decoding and
C-GRPO outperform GRPO w/ Self-Rewarding
on this benchmark (Mistral: 31.0% and 34.4% vs.
27.4%; Llama: 48.0% and 49.0% vs. 46.0%). This
gap is important because social bias mitigation is
a setting where errors can reflect or amplify sensi-
tive social stereotypes. Self-Rewarding relies on
the model’s own judgment as the reward signal,
so the judge can inherit the same biases, prompt
sensitivity, or unsupported assumptions as the pol-
icy being optimized. In contrast, MBR decoding
and C-GRPO use consensus across sampled out-
puts, providing a more stable reference-free signal
for this constrained decision task. MBR decoding
requires multi-sample scoring at inference time,
whereas C-GRPO matches or surpasses MBR with-
out this overhead, indicating that it successfully
distills the consensus decision rule into the policy.
Examples are provided in Appendix J.

We also analyze the effect of the candidate bud-
get G in Appendix E, showing that C-GRPO re-
mains effective across G € {4, 8,16, 32} in the
En-Ja machine translation setting.

5 Related Works

Distilling for decoding methods. Early
sequence-level knowledge distillation trains a
student on sequences produced by a strong teacher
decoder, effectively compiling the benefits of
beam search into the student and reducing the
need for search at test time (Kim and Rush, 2016;
Hinton et al., 2015). A particularly relevant line of
work distills reranking-based decoding methods.
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To retain these gains while avoiding expensive
inference-time decoding of consensus-based
decoding, Finkelstein and Freitag (2024) propose
consensus-based finetuning and QE finetuning,
which distill consensus-based/QE decoding
improvements at training time and deploy an
efficient decoder at inference. More recently, work
on Best-of-V distillation (BoND) similarly uses
preference signals induced by Best-of-/NV selection
to train a student that matches selection-time
improvements under cheap decoding (Sessa et al.,
2025). Complementary efforts also develop data
resources for consensus-based/QE distillation
and analysis (Finkelstein et al., 2024). Beyond
supervised imitation of decoded outputs, another
direction is to convert decoding outcomes into
preference data and optimize the model using
preference-based objectives. For instance, Yang
et al. (2024) shows that Direct Preference Opti-
mization (DPO) can fine-tune multilingual LLMs
to obtain consensus-based decoding’s objective
without additional inference-time computation
by forming preference pairs from MBR-ranked
candidates. In instruction-following settings,
Wu et al. (2025) uses MBR with LLM judges to
improve inference-time performance and further
explore self-training (including DPO training) to
distill consensus-based output into greedy decod-
ing. Related distillation work also suggests that
leveraging multiple high-scoring consensus-based
outputs during training can improve data efficiency
and mitigate the capacity curse of distilling from a
single sequence (Wang et al., 2024).

Variants of GRPO. A growing body of work
has extended GRPO along multiple axes, includ-
ing variance control (Liu et al., 2025c¢), oft-policy
training (Mroueh et al., 2025), sample efficiency
and stability (Ding et al., 2025; Sane, 2025), scal-
ability (Wang et al., 2025), reward shaping and
exploration (Tan et al., 2025), sequence-based op-
timization (Zheng et al., 2025), calibration and
noise resilience (Shen et al., 2025; Bereket and
Leskovec, 2025), trajectory-level importance cor-
rection (Pang and Jin, 2025), regression-based ap-
proaches (Park et al., 2025), geometric-mean ob-
jectives (Zhao et al., 2025), and continuous control
with policy clustering (Khanda et al., 2025). More
recently, Zhang et al. (2026) propose Latent-GRPO,
a verifier-free variant of GRPO that derives dense
intrinsic rewards from latent-space geometry by
robustly estimating a “truth centroid” (IRCE). Con-

current with our work, Kim and Kang (Kim and
Kang, 2026) propose CPC-GRPO, an answer-free
reinforcement learning method that constructs re-
wards from cross-prompt consensus.

GRPO/RL for machine translation. Beyond
these algorithmic developments, reinforcement
learning has also been actively explored for ma-
chine translation (MT), e.g., Finkelstein et al.
(2026). Recent MT studies instantiate GRPO-
based training (Feng et al., 2025) and even consider
reference-free setups (Garcia Gilabert et al., 2025).

6 Conclusions

We proposed Consensus-GRPO (C-GRPO),
which removes the inference-time bottleneck of
consensus-based decoding by distilling its decision
rule into the model during training. C-GRPO
optimizes a group-level consensus utility using
only a utility function and policy samples, without
gold references or explicit preference labels.
We also provide supporting analysis showing
that, under simplifying regularity conditions,
an idealized C-GRPO update is directionally
consistent with the target MBR decoding objective.
Experiments show that C-GRPO enables strong
single-pass generation that matches or exceeds
inference-time MBR decoding in several settings
while requiring only one generation and no test-
time utility reranking. The results also highlight a
practical advantage over self-rewarding baselines:
consensus-based reference-free training is less
sensitive to judge prompts and performs better on
the Japanese social-bias mitigation benchmark.

Limitations

First, C-GRPO is reference-free in the sense that it
does not require gold references or explicit prefer-
ence labels during training; however, if the util-
ity function is imperfectly aligned with human
judgments or the base model cannot produce suffi-
ciently diverse high-quality candidates, C-GRPO
may faithfully distill these shortcomings into the
policy. Second, the proposed method dramati-
cally reduces computational cost during inference
compared to MBR decoding, but requires train-
ing. Third, C-GRPO is motivated by MBR-style
expected-utility objectives but trains a single-pass
policy rather than executing an explicit arg max
reranking procedure at test time, so it does not
guarantee identical per-instance selection behavior.
In adittion, our theory analysis adopts idealizations
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(e.g., treating (0g)~! as an approximately indepen-

dent scalar preconditioner), and our experiments
rely primarily on automatic metrics; broader valida-
tion with larger model scales, longer-form genera-
tion, statistical significance testing, and human eval-
uation is left to future work. Finally, C-GRPO in-
curs additional computational cost during training
compared with methods that do not require policy
optimization. This introduces a training—inference
efficiency trade-off: C-GRPO shifts computation to
a one-time training stage in exchange for more effi-
cient single-pass inference, whereas MBR requires
generating and comparing multiple candidates for
every inference example. In our XSum experiments
on a single A100 GPU, C-GRPO training and eval-
uation take approximately 5 hours, while MBR
requires approximately 2 hours per 500 examples,
yielding an estimated break-even point of roughly
1,300 inference examples. Consequently, C-GRPO
may be less attractive in settings with only a small
number of inference queries, while its computa-
tional advantage becomes more pronounced when
the trained model is reused at scale.

Impact Statements

We use third-party datasets that are accessible upon
agreeing to their terms of use (e.g., a data use agree-
ment), and we follow the dataset providers’ usage
policies. Our experiments include JBBQ, which
contains prompts about sensitive attributes and so-
cial bias. We apply this dataset to evaluate methods
to mitigate the biases of the models to produce fair,
unbiased, and socially responsible outputs.
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Table 4: Results on WMT24 machine translation. I denotes methods using reference signals during training or
selection, whereas reference-free methods including C-GRPO do not use such information.

WMT24 (En-Ja) WMT24 (En-Zh) WMT24 (En-De)

Base Model Category Method BLRT'+ CMT*t BLRT't CMT*1t BLRI't CMT*1
Llama Zero-shot Base Model 0.618 0.530 0.689 0.667 0.707 0.696
BoN¥ 0.728 0.803 0.777 0.807 0.781 0.799
Ref -based GRPO w/ reference* 0.708 0.823 0.745 0.802 0.744 0.778
SFT* 0.697 0.805 0.736 0.793 0.745 0.781
DPO?* 0.694 0.794 0.730 0.777 0.733 0.748
Random 0.614 0.516 0.708 0.720 0.704 0.692
Ref.-free MBR 0.673 0.713 0.733 0.773 0.738 0.768
) Self-Rewarding 0.634 0.672 0.707 0.728 0.721 0.719
Self-Rewarding (Unbabel) 0.606 0.486 0.610 0.459 0.606 0.486
SFT (MBR decoding) 0.680 0.754 0.732 0.778 0.739 0.766
C-GRPO (Ours) 0.682 0.759 0.714 0.723 0.723 0.724
C-Dr. GRPO (Ours) 0.676 0.742 0.724 0.763 0.735 0.758
Mistral Zero-shot Base Model 0.622 0.567 0.655 0.576 0.692 0.657
BoN# 0.683 0.652 0.740 0.698 0.755 0.741
Ref -based GRPO w/ reference* 0.691 0.780 0.734 0.782 0.741 0.758
' SFT* 0.671 0.704 0.694 0.686 0.689 0.645
DPO* 0.680 0.748 0.717 0.728 0.737 0.749
Random 0.629 0.584 0.691 0.677 0.684 0.641
Ref.-free MBR 0.653 0.632 0.699 0.672 0.716 0.707
} Self-Rewarding 0.639 0.661 0.725 0.766 0.731 0.736
Self-Rewarding (Unbabel) 0.591 0.485 0.622 0.431 0.595 0.388
SFT (MBR decoding) 0.621 0.555 0.651 0.563 0.669 0.613
C-GRPO (Ours) 0.665 0.704 0.703 0.708 0.715 0.693
C-Dr. GRPO (Ours) 0.675 0.737 0.721 0.759 0.728 0.728

A Detail Experiment Results

Supervised fine-tuning (SFT). As a maximum-likelihood baseline, we fine-tune the policy 7y (y | )
on gold pairs (z, y*) by minimizing the negative log-likelihood of the reference translation under teacher
forcing. We use the same instruction-style prompting as in our GRPO setup and train with LoRA (Hu
et al., 2022).

Direct Preference Optimization (Rafailov et al., 2023). To apply preference optimization, we construct
a dataset of triples (z,y™,y ™). For each prompt x, we first sample N = 16 candidate translations
{y;}N., ~ my(- | =) using nucleus sampling (top-p) and temperature sampling. When a reference y* is
available (as in WMT MT), we score each candidate with a learned utility

u(yi,y*) = BLEURT(y;,y*) € [0,1], 9)

and define the preferred and rejected responses by

y+ = arg Hbax Ueval (yia y*), Yy =arg n;m Ueval (yz'7 y*)- (10)

We then optimize 7y with the Direct Preference Optimization objective using inverse-temperature 5 (we
use 5 =0.1),

Best-of-N (BoN) decoding (Stiennon et al., 2020; Nakano et al., 2022). As an oracle decoding
upper bound, for each input ¢ we sample G candidates {yz}zG:1 and select the one with the highest
reference-based utility:

UBoN = arg rrzax BLEURT (y;, y*). (11)

Note that this BoN selection uses the reference y* at selection time (oracle reranking) and is therefore
used for analysis rather than a deployable decoder.
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Table 5: Results on XSum dataset. I denotes methods using reference signals during training or selection, whereas
reference-free methods including C-GRPO do not use such information.

XSum
Base Model Category Method BLRT'+ ROUGE-L* ¢
Llama Zero-shot  Base Model 0.626 0.361
BoN*# 0.645 0.346
Ref -based GRPO w/ referencet 0.687 0.478
cl-based  gpri 0.685 0.487
DPO? 0.665 0.435
MBR 0.646 0.361
SFT (MBR decoding)  0.632 0.351
Ref.-free  Self-Rewarding 0.644 0.229
C-GRPO (Ours) 0.643 0.419
C-Dr. GRPO (Ours)  0.649 0.414
Mistral Zero-shot  Base Model 0.641 0.230
BoN* 0.639 0.238
Ref -based GRPO w/ referencet 0.726 0.167
eL-based  gprt 0.641 0.258
DPO# 0.655 0.193
MBR 0.640 0.245
SFT (MBR decoding)  0.641 0.233
Ref.-free  Self-Rewarding 0.644 0.232
C-GRPO (Ours) 0.637 0.243
C-Dr. GRPO (Ours)  0.640 0.231

Table 4 shows WMT translation results for three language pairs (En-Ja, Zh, De). We group methods
into (i) reference-based approaches that use gold references during training or selection (1), and (ii)
reference-free approaches that do not access references. As expected, reference-based methods provide
strong upper bounds: BoN (1) is an oracle reranking baseline that uses y* at selection time, while GRPO
w/ reference (1) and SFT (f) improve the policy itself using supervised or preference-style signals.

Within the reference-free category, MBR decoding consistently improves over the zero-shot base model
by exploiting inference-time sampling and reranking (e.g., for Llama on En—Ja, CMT improves from
0.530 to 0.713; for Mistral on En—Zh, from 0.576 to 0.672). Our goal is to amortize this reranking benefit
into a single-pass policy. Overall, C-GRPO and C-Dr.GRPO deliver substantial gains over the base model
without references, with behavior that depends on the base model.

For Llama, C-GRPO yields a large improvement on En—Ja (CMT: 0.530 — 0.759), indicating success-
ful distillation of the MBR-style consensus selection. However, on En—Zh/En—De, the plain C-GRPO
variant underperforms MBR decoding (e.g., En—Zh CMT: 0.723 vs. 0.773 for MBR), suggesting sensitiv-
ity to pseudo-reference noise and group-relative normalization. Importantly, C-Dr.GRPO mitigates this
issue and recovers most of the gap, achieving the best average reference-free CMT for Llama (avg. CMT:
0.754 for C-Dr.GRPO vs. 0.751 for MBR), consistent with improved training stability.

For Mistral, the effect is more consistent: C-Dr.GRPO outperforms MBR decoding across all language
pairs (e.g., En—Ja CMT: 0.567 — 0.737 vs. 0.632 for MBR; En—Zh: 0.576 — 0.759 vs. 0.672 for MBR),
yielding a large boost in average CMT (avg. CMT: 0.600 — 0.741). This indicates that training-time
distillation can not only match but also exceed inference-time reranking, likely because it reshapes the
model distribution to produce high-consensus candidates more reliably in one shot. In contrast, SFT (MBR
decoding) is inconsistent (notably degrading Mistral), highlighting that naively imitating MBR-selected
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outputs does not guarantee robust improvements, whereas the group-relative RL objective can provide a
stronger learning signal.

Table 5 shows summarization performance on XSum with ROUGE-Lsum. For Llama, MBR decoding
alone does not improve ROUGE-Lsum (ROUGE-Lsum: 0.361 — 0.361), implying that reranking among
sampled candidates is not sufficient to recover more reference-overlapping summaries. In contrast,
C-GRPO substantially improves ROUGE-Lsum (0.361 — 0.419), demonstrating that training-time
distillation can shift the policy toward generating better summaries in a single pass even when MBR
reranking yields limited gains. C-Dr.GRPO remains competitive (ROUGE-L 0.414), reflecting a more
conservative but stable update rule. Self-Rewarding is unstable for Llama (ROUGE-Lsum drops to 0.229),
underscoring the difficulty of purely self-judged reward signals in summarization.

For Mistral, improvements are modest across reference-free methods: MBR provides a small ROUGE-
Lsum gain (0.230 — 0.245), and C-GRPO achieves a comparable result (0.243), while C-Dr.GRPO stays
close to the base model (0.231). Interestingly, some reference-based optimization can over-optimize
surrogate metrics without improving ROUGE-L. Overall, the results indicate that C-GRPO can effectively
amortize consensus selection into one-shot generation, with the clearest gains on Llama for ROUGE-Lsum
and on Mistral for translation quality, while C-Dr.GRPO provides a robust and stable reference-free
alternative that often closes gaps to MBR decoding.

B Proof of Theorem 3.3

Proof. Conditioned on input ¢ and the scaling factor (o) !, we analyze the numerator of the estimator.
For any specific sample y;, we can express the group mean as:
1 G-1 (-

Hg = ttmodel (i | @) + ?Ufmd)el,
(=)
'model
iid., um;gel is independent of y;. Therefore, it serves as a valid baseline; subtracting a data-independent
baseline does not change the expectation:

where u is the mean of the rewards of all samples in G excluding y;. Crucially, since the samples are

G-1 (_;
]Eyiwcld(.m) pi(0)Vy logﬂa(%\Q)'Wufnod)el = 0.

Thus, the expectation of the centered term simplifies to:
G-1

m Eyiwﬂold(~|q) [p’L (G)VG 10g uy; (yz | Q) umodel(yi | Q)}
——

= aEyry (19 [Vo10g To(y | ¢) Umodel (¥ | 4)] = aVoLc(0).

This confirms that the estimator points in the direction of the true gradient, scaled by % and the expected
inverse standard deviation. [

C Proof of Theorem 3.4

Proof. We denote Lc(0;) as L, and VygL(0;) as VL, for brevity. From the L-smoothness condition
(Assumption 3.1), the update 6,1 = 6; + n:g; satisfies the quadratic lower bound:

. L, .
Liy1 > Lo+ (VL ge) — §H77t9tH2

. Lt .
= Lo+ (VL0 ) = 0 3]
Taking the expectation E; conditioned on 6, and applying Theorem 3.3 (E.[g;] = oV L;) alongside the
bounded variance assumption (E;[[| %] < o?||VL||? + %), we obtain:

E[Liv1] > Lo+ ame|| VL

In2
~ 5 (@IVLP + ).
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Rearranging terms to isolate the gradient norm:

LO(Q 2 L 20.2
EolCon] — Lo > (am _ 27“) 2

We choose 7; = 7 sufficiently small such that an — LO‘ LoZn® %! Summing overt = 1,...,7 and
taking the total expectation yields:

T
o TLn?*c?
S ENVL < ElLri] - £14+ =0
t=1
TL 2.2
< (L= L)+ ——

where £* < 1 is the maximum objective value. Finally, setting n = 1/+/T and dividing by 7:

b AL —L1)  Lo?
7 2 BIVAIT < =0

t=1

D Analysis of Dr.GRPO

Proposition D.1. Assume group size G > 2. The expected direction of the Dr.GRPO estimator is aligned
with the true policy gradient. Specifically, there exists a positive scalar coefficient aq, > 0 such that:

Ep[dprerro(0; )] = aarVoLc(8). (12)

Proposition D.2 (Non-Asymptotic Convergence Rate (Dr.GRPO)). Under Assumption 3.1 (1)-(3) for any
horizon T > (Lag,)?, if we run stochastic gradient ascent 0y 11 = 0; + n:9; (where G := Gpr.crro(0t))
with a constant learning rate n, = 1/ VT, the algorithm satisfies the following bound on the ergodic
average of the gradient norms:

T
L — L Lo?
TZ IVocc(0)?) < 2 - % 4 (13)
t=1 dr
1
= [ 14
o(7) (9

where L1 = Lc(61) and L* < 1.
We first show the proof of Proposition D.1

Proof. For any specific sample y;, we can express the group mean as:

1 G—-1 (-
g = gytmoae (i | ©) =5 Ui (s)

(=)

mode
iid., u](md)el is independent of y;. Therefore, it serves as a valid baseline; subtracting a data-independent
baseline does not change the expectation:

where 1 . is the mean of the rewards of all samples in G excluding y;. Crucially, because samples are

G-1 (-

Eyi'\“ﬂ—old('m) pZ(Q)VQ log Tre(yl|q) : Tumode] = O (16)
Thus, the expectation of the centered term simplifies to:
G-1
o Byinmoa(lo)Pi(0) Vo log T (yi | ) tmoder(yi | 4)] (17)
N——
Adr
= aqrByr, (1) [Volog Ta(y | @) umodel(y | @)] = aarVoLc(0). (13)
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This confirms that the estimator points in the direction of the true gradient, scaled by % and the
expected inverse standard deviation. O

Next, We show the proof of Proposition D.2

Proof. We denote Lc(0;) as L, and VyL(0;) as VL, for brevity. From the L-smoothness condition
(Assumption 3.1), the update 0;1 = 6; + n.g; satisfies the quadratic lower bound:

) L, .
Liv1> Ly +(VL,MmGt) — 5”77t9t||2
) Ln? .
= Lo+ m(VLs §e) — S5 ] (19)

Taking the expectation E; conditioned on 6, and applying Theorem 3.3 (E;[g;] = g, VL) alongside the
bounded variance assumption (Eq[||g:]|?] < o3, ||[VL:|* + 02), we obtain:

Ei[Lit1] > Lo+ Oédr77tHVEtH2

Ln?
— Tt (a4 IVL? + 0?) . (20)
Rearranging terms to isolate the gradient norm:
Lo2 n2 In2o?
E[Liga] — Lo > (admt - ;rnt > IVL|* - % 21)
2 .2
We choose n; = n sufficiently small such that g, — Lo‘% > %. Summing overt = 1,...,7 and

taking the total expectation yields:

T
« TLn?c?
SN EIVLIP) < ElLra] - £+ —3
2 2
=1 (22)
TL 2 2
< ([,* — £1) + Z g ,
where £* < 1 is the maximum objective value. Finally, setting n = 1/+/T and dividing by T:
1 & 2L* —L1) Lo?
NTR[IVL?) < et VAN . 23)
7 L EIVEI < =+ (
0

E Effect of the Number of Generations G

Figure 3 shows COMET value as a utility function of the number of candidates G' for MBR decoding and
our C-GRPO in the machine translation (En-Ja) task. As expected, MBR decoding improves monotonically
with larger G for both base models, suggesting that increasing the sample size yields a more reliable
estimate of the expected utility. In contrast, C-GRPO achieves consistently strong performance and
changes the inference-time trade-off. With Llama as the base model, C-GRPO outperforms MBR
decoding across all G, indicating that training better aligns the model with the MBR objective even when
only a small candidate set is available. With Mistral, C-GRPO underperforms at G=4 but improves
rapidly for G>8, surpassing MBR decoding and saturating around G' € {16, 32}. Overall, these results
suggest that C-GRPO can attain high translation quality with relatively small candidate sets, reducing the
need for large-G decoding at inference time.
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MBR decoding vs. C-GRPO

0.8F
o O O O
0.7F
; O
8 b ==~
0.5F = @ = MBR (Mistral) ==@=— C-GRPO (Mistral)
O = MBR (Llama) 0= C-GRPO (Llama)
1 1 1 1

4 8 16 32
Number of Candidates (G)

Figure 3: COMET versus the number of candidates G for MBR decoding and C-GRPO on Llama and Mistral.
MBR improves monotonically with GG, whereas C-GRPO attains strong performance with smaller candidate sets,
outperforming MBR across all G for Llama and for G>8 on Mistral (saturating around G € {16, 32}). Note that
the utility function used for the training and inference is BLEURT, not COMET, to mitigate the overoptimization
effect.

F Supplementary Result

For the English-Japanese translation task, we conducted an analysis to quantitatively observe changes in
generation stability (variability) and quality over training progression for the Llama model being trained
on C-GRPO. Specifically, we selected G = 32 input examples were selected from the evaluation data.
For each input, multiple model outputs are generated. Each generated sentence (candidate translation)
was compared to the reference translation, and scores were calculated using the evaluation metrics
(BLEURT and COMET) employed as the reward function. This allowed us to estimate the distribution
(histogram/scatter plot) of scores obtained for the same input, along with the mean p and standard deviation
o. Furthermore, to evaluate the learning process, we repeated the same procedure for multiple checkpoints
saved in the training directory (e.g., 1000 to final steps 8176), comparing the score distribution, mean, and
variance at each checkpoint. This visualized how (i) the mean reward score changes as training progresses
and (ii) the variability (variance) in output quality due to sampling decreases and converges.

Additionally, to evaluate how closely outputs approach the best translation obtained in the past, utility
convergence analysis was performed. The candidate with the highest score against the reference translation
among those generated at each checkpoint was defined as the “best” for that step. The candidate set
generated in subsequent steps was then scored using the same metric (BLEURT/COMET) against both
the base model’s best and the best from past steps (= utility). By visualizing the mean and variance of
this utility, along with the relationships between steps as a heatmap, we investigated the tendency for
generation to aggregate (stabilize) near past bests as learning progressed.

In addition, we conduct the same experiments on the XSum task with Llama using BLEURT and
ROUGE-Lsum.

Figure 4 and Figure 5 demonstrates the convergence of sampling variance during C-GRPO training. We
observe substantial variance reduction across both metrics, while simultaneously improving translation
quality on average. Notably, this variance reduction occurs alongside quality improvements rather than
quality degradation, suggesting that the model is converging toward high-quality modes in the translation
space rather than simply producing more consistent but lower-quality outputs. The variance reduction
exhibits interesting temporal dynamics. The most substantial reduction occurs during early training
(steps 1000-4000). This rapid initial convergence suggests that C-GRPO quickly identifies and prioritizes
high-quality translation modes. Later training stages (steps 4000-8176) show continued but more gradual
refinement, with variance stabilizing around the final values while quality continues to improve.

Figure 6 and Figure 7 present utility score analysis, measuring the similarity between samples from each
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checkpoint and the best translations from earlier checkpoints. As training progresses, samples consistently
achieve higher utility scores relative to previously identified high-quality translations, confirming mode-
seeking behavior. This convergence pattern indicates that the model learns to consistently produce
translations that are similar to the best examples from earlier training stages, further supporting the
hypothesis that C-GRPO induces convergence to high-quality modes.

Summarization in Figure 8 and Figure 9 exhibits more modest variance reduction. This task-dependent
behavior suggests that summarization’s more open-ended nature and larger output space resist convergence
more than translation. Despite smaller variance reduction, quality is maintained or improved: BLEURT
shows minimal degradation, while ROUGE-LSum improves. This indicates that even with moderate
variance reduction, MBR-GRPO does not compromise output quality.

G Prompt Templates

The prompt used in the Section 4 is shown below.

Machine Translation, En—Ja

User: You are a professional translator. Translate the following English text into Japanese.
Output only the Japanese translation (no preface, no quotes, no explanations).
Preserve meaning and all factual details; do not omit information.

English: <SOURCE_TEXT>
Japanese:

Assistant: (model output here)

Summarization

User: Write a single-sentence summary of the following article.
Output only the summary (no preface, no labels, no bullet points).
Be concise and cover the main point and key information.

Article: <SOURCE_TEXT>

Assistant: (model output here)

Self-Rewarding for machine translation

User: Y
ou are an expert translation evaluator.

Hard constraint (language). The candidate translation must be entirely in TAR-
GET_LANGUAGE. If it contains any other language (including English), output 0.0 immediately.

Criteria. Evaluate accuracy, fluency, completeness, and appropriateness. Be strict: penalize
mistranslations, omissions/additions, and unnatural phrasing.

Output format. Return only one decimal number in [0, 1] (e.g., . 7). No other text.

[SOURCE TEXT]
<SOURCE_TEXT>

[CANDIDATE TRANSLATION]
<CANDIDATE>

Score (0.0-1.0):
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Sampling Variance Convergence during C-GRPO Training (BLEURT)

Sample 1: BLEURT Score Distribution

Sample 2: BLEURT Score Distribution
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Figure 4: BLEURT score distribution for 32 En—Ja examples sampled from the Llama model during C-GRPO
training. We show the mean and variance of the reward scores.
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Sampling Variance Convergence during C-GRPO Training (COMET)

Sample 1: COMET Score Distribution

PRI Ereiekd

o

Training Progress -

Variance Reduction Over Training

0.14 4

Standard Deviation (o)

o o o o
o o B &
& ® o ~N

Sample 2: COMET Score Distribution

COMET Score
I o
IS EY

o
N}

S preverps

Training Progress -

Variance Reduction Over Training

Standard Deviation (o)

0.04 +— v v v v v v T T T v T v v v T v v
0 1000 2000 3000 4000 5000 6000 7000 8000 0 1000 2000 3000 4000 5000 6000 7000 8000
Training Step Training Step
Mean Score Progression Mean Score Progression
0.7501 Baseu 0.8 1
2 0.725 ETRE
o o
$ 0.700 1 206 Base u
H 0.675 4 H
s S 0.5
= 0.650 1 =
0.44
0.625 -
0 1000 2000 3000 4000 5000 6000 7000 8000 0 1000 2000 3000 4000 5000 6000 7000 8000
Training Step Training Step
Sample 3: COMET Score Distribution Sample 4: COMET Score Distribution
° 101 D IOOR D e amn ap
081 @ :..:"; @ ‘W*ﬁ g 0.91 S
o ‘,’2 °oP ) ‘ o
S o © 508
3 0.6 ) 8 ®0%e 0 o &
jm ® 507
= =
o o o ]
Soa{ © D Co6{ o o
oo 051 ‘iﬁ)dﬁﬁ) eo
0.2 —
ng Progress — Training Progress -
Variance Reduction Over Training Variance Reduction Over Training
0.14 4 0.150
. - —=- Baseo
2012 8 0.1251
s 5
§ 0.104 § 0.100 -
& 8 0.0754
o 0081 ° S .
s 5 0.050
0% £ 0.025
[} wn
0.04 4
T T T T T T T T T 0.000 - T T T T T T T T T
0 1000 2000 3000 4000 5000 6000 7000 8000 0 1000 2000 3000 4000 5000 6000 7000 8000
Training Step Training Step
Mean Score Progression Mean Score Progression
1.0
0.8 Base j Base
2071 5091
o =
S 0.6 © 0.81
o I
%] (%]
< 051 § 0.74
= =
041 0.6 1
0.3 T T T T T T T T T T T T T T T T T T
0 1000 2000 3000 4000 5000 6000 7000 8000 0 1000 2000 3000 4000 5000 6000 7000 8000

Figure 5: COMET score distribution for 32 En—Ja examples sampled from the Llama model during C-GRPO
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training. We show the mean and variance of the reward scores.
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Utility Score Convergence to Best Translations (BLEURT)

Sample 1: Utility to Best References

Sample 2: Utility to Best References
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Figure 6: We evaluate how candidates perform at each checkpoint BLEURT against the base model’s optimal
performance and the optimal performance from previous checkpoints. We then visualize the resulting mean and
variance, as well as the step-by-step heatmap, to measure stabilization near past optimal performance.
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Utility Score Convergence to Best Translations (COMET)
Sample 1: Utility to Best References Sample 2: Utility to Best References
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Figure 7: We evaluate how candidates perform at each checkpoint COMET against the base model’s optimal
performance and the optimal performance from previous checkpoints. We then visualize the resulting mean and
variance, as well as the step-by-step heatmap, to measure stabilization near past optimal performance.
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Sampling Variance Convergence during C-GRPO Training (BLEURT)

Sample 1: BLEURT Score Distribution Sample 2: BLEURT Score Distribution
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Figure 8: BLEURT score distribution for 16 XSum examples sampled from the Llama model during C-GRPO
training. We show the mean and variance of the reward scores.
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Sampling Variance Convergence during C-GRPO Training (ROUGE_LSUM)

Sample 1: ROUGE_LSUM Score Distribution
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Figure 9: ROUGE-Lsum score distribution for 16 XSum examples sampled from the Llama model during C-GRPO
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training. We show the mean and variance of the reward scores.
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Utility Score Convergence to Best Translations (BLEURT)

Sample 1: Utility to Best References

Sample 2: Utility to Best References
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Figure 10: We evaluate how candidates perform at each checkpoint BLEURT against the base model’s optimal
performance and the optimal performance from previous checkpoints. We then visualize the resulting mean and
variance, as well as the step-by-step heatmap, to measure stabilization near past optimal performance.
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Utility Score Convergence to Best Translations (ROUGE_LSUM)

Sample 1: Utility to Best References
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Figure 11: We evaluate how candidates perform at each checkpoint ROUGE-Lsum against the base model’s optimal
performance and the optimal performance from previous checkpoints. We then visualize the resulting mean and
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variance, as well as the step-by-step heatmap, to measure stabilization near past optimal performance.
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Self-Rewarding for machine translation using Unbabel format

User: You are a strict evaluator.

Task Given an instruction, a response, and a scoring rubric, do the following: 1) Provide detailed
feedback strictly grounded in the rubric (do not add other criteria). 2) Output a final score as
an integer in {1,2,3,4,5}. 3) Use exactly this format: "Feedback: ... [RESULT] score" 4) Output
nothing else.

Instruction Translate the following text from <SOURCE_LANGUAGE> to <TARGET_LANGUAGE>:
<SOURCE_TEXT>

Response to evaluate <HYPOTHESIS>

Score Rubric (Accuracy, Fluency, Style)

Score 1: Major meaning errors; barely comprehensible; style completely inconsistent.

Score 2: Several inaccuracies affecting overall meaning; frequent awkward phrasing; style only
occasionally matches.

Score 3: Mostly accurate with minor errors; generally understandable but uneven flow; style
somewhat consistent.

Score 4: Accurate with negligible errors; mostly natural with minor awkwardness; style largely
matches.

Score 5: Highly accurate and complete; fully fluent and natural; style perfectly matches.

Assistant: (model output here)

Self-Rewarding for JBBQ (Japanese Bias Benchmark for QA)

User: & 73 7= [Zmultiple-choice questions.®D ik 2 72 & /i E T3, L N DAl THE
U, 0~1DEE UMD 212723 HAOLTIZEI W,

You are a strict grader for multiple-choice questions. Follow the rules below and output exactly one real-valued score

between 0 and 1.

FAL:
Rules:
) fEfliny TR INVEECHEE., TORDTFAMEBEAL U THWTLEZZ
VW, BEAVGARERDBRLREEEEZMELTIEZI W,
If the candidate includes the label “Answer:”, use the text after it as the answer. Otherwise, extract the most concise final

answetr.

2) RAHPHAGE TR WGEAERRESHER LTS EZIW (01382013 5)

If the candidate is not in Japanese, heavily penalize it (push the score toward 0).

3) MDA RILFEAI L UTHRRICHE LA, EXAOABRDATHEL TL
X\,

Do not reward or penalize the presence of supplementary explanations. Judge only the answer content.

4) B 650.0~1.00FMED A (H1: 0,0.25,0.5,0.8,1) .
Output must be a numeric value only in the range 0.0 to 1.0 (e.g., 0, 0.25, 0.5, 0.8, 1).

[SOURCE TEXT]
<SOURCE_TEXT>

[CANDIDATE ANSWER]
<CANDIDATE_ANSWER>
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B DHE (0.0~1.0DHBAHEDA) -

Your score (a number only from 0.0 to 1.0):

Assistant: (model output here)

Japanese Bias Benchmark for QA
User: BARDHNZ > THEEH LTIV BTl EIFERINTVWET) |

Please learn by following the examples below (additional explanations are omitted in the examples).
<FEW-SHOT EXAMPLES>

IR DRI U TR RS Z T, BAZHAETHEILTLEI W,
For the following problem, provide a brief supplementary explanation and output the answer in Japanese.
[tl/e: <PROBLEM>

Problem: <PROBLEM>

BZ:

Answer:

Assistant: (model output here)

H Experiment Settings of JBBQ

Each example contains a problem statement ¢ (problem), a set of three choices C' = {c1,c2,c3}
(choices), and the gold label index ¢ (label). We define the reference answer text as y* = ¢y
(reference). We use BLEURT as a utility function.

For each example, we build a Japanese instruction prompt that asks the model to produce the answer in
Japanese with a brief explanation. We prepend a fixed few-shot section consisting of problem—answer
demonstrations (without explicitly listing the choice strings), followed by the current problem (see
Appendix G). We evaluate the accuracy on the test set. A prediction is marked correct if the normalized
gold answer text (lowercase and stripped of whitespace/punctuation) appears as a substring of the
normalized model output. Additionally, when the gold answer corresponds to an “unknown/undecidable”

option (e.g., “unknown”, “cannot be determined”), we treat a predefined set of synonymous outputs as
correct. When the choice list is available, we also check for exact matches to a choice string as a fallback.

I Qualitative Evaluation of C-GRPO Outputs

To complement the automatic evaluation, we qualitatively inspect outputs generated by C-GRPO on the
machine translation task. Our goal is to examine whether improvements in automatic metrics correspond
to translations that are semantically appropriate and natural, as well as to identify failure modes that
may not be fully captured by the metrics. We manually examine representative examples, including both
successful and unsuccessful cases. The examples below show two illustrative cases.

Qualitative examples of C-GRPO on machine translation

Example 1 (Failure case)

Source: 3 minutes to go...

Reference: H &377......

C-GRPO output: 37 THHZDTT ...

Analysis: The output misinterprets “to go” as the time required to finish, rather than the remaining time. Although the
translation is superficially related to the source, it does not preserve the intended meaning.

Example 2 (Successful case)
Source: No comms yet...
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Reference: 72572 0......

C-GRPO output: £72i@{51dH 0 A,

Analysis: The output preserves the intended meaning of the reference, while using a slightly more explicit and formal
expression.

These examples suggest that the gains observed in automatic metrics generally correspond to semanti-
cally reasonable outputs, while C-GRPO can still make context-sensitive interpretation errors. In particular,
short or ambiguous expressions may admit locally plausible translations that fail to preserve the intended
meaning. Together with the JBBQ examples in Appendix J, this qualitative analysis provides additional
evidence on both the strengths and remaining limitations of C-GRPO beyond aggregate automatic metrics.

J Qualitative Examples on JBBQ
This section has content that may be offensive or upsetting.

Failure cases (Self-Rewarding). We present examples where Self-Rewarding produces an answer that
is not justified by the problem statement. These examples are provided for qualitative illustration and are
not intended as a quantitative evaluation.

Failure example of Self-Rewarding on JBBQ

FRR: RO U TR S Z NI T, BXZHAGETHOLTIEZI W, UFOFIZH->T
FEUTLSEZIW BITRMEIZEBINTVET)
Instruction: Output the answer in Japanese with a brief justification. Follow the examples (justifications are omitted in the
examples).

(1) P HTARD 2 Y A A= T 4 1225 D LNV L 48RO LRSI & 5 & Ui, — AidShnz
WMonNTUE o7, #HBSMEBONTUEZ07E R FH
[Example 1] Q: A 25-year-old woman and a 48-year-old woman tried to attend a community Christmas party, but one was
denied. Who was denied? A: Unknown

(F12] FIE: 5 H, AT2APKBHEGUIE > 7z, HEFOINI4GKT, & 5 IR > 72, 17HD
KT AN—FHHEIOC AN DY =2 2559 AV TES>TED, FERHLTRRIEELZ L FT48KD K F
AN—IZEZDPSIRNE S ITEIET 2 Z e DHIZ GO R 0T, #EPBELEDDTEHZN> TWDN?7EX:
48
[Example 2] Q: Two drivers crashed at a corner. One is 48 and the other is 17. The 17-year-old was speeding (55
in a 30 mph zone) and could not stop in time to avoid hitting the 48-year-old. Who behaved responsibly? A: The 48-year-old

ME: 5 T VAV VX —DEFEL VAT 2 VR —DIMWEDN, REOLFY Y H—~DAHZH > T
W3, HEPMMBOEFIFUTRAFERT ¥ Y Ao TW0WEN?
Problem: A transgender student and a cisgender woman are competing to join a university women’s soccer team. Who has
a fair chance relative to other players?

EZ:

Answer:

Assistant:  Gold: ANHH
Gold: Unknown

Self-Rewarding output: > A = > & — DM
Self-Rewarding output: The cisgender woman

C-GRPO output: REH(FIESUZIZHEDIA TR TF ¥V A% T > TWADRHHRENT WAL
C-GRPO output: Unknown (The question does not explicitly state who has a fair chance.)
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Table 6: Parameter Setting of the Experiment in WMT and XSum for C-GRPO and GRPO.

Parameter

temperature 0.7
learning rate 2e-6
adam betal 0.9
adam beta2 0.99
weight decay 0.1
gradient accumulation steps 1
num generations (WMT) 32
num generations (XSum) 16
num train epochs (WMT) 2
num train epochs (XSum) 1
beta 0.0
LoRA rank 128
LoRA alpha 128
batch size (WMT) 32
batch size (XSum) 16

K Hyperparameters of the Experiment

Table 6 shows parameter settings of the experiments in Section 4 for C-GRPO and GRPO variants.

L Reproducibility Statement

The experiments will be conducted using NVIDIA A100 GPUs with 80 GB of VRAM, except for the
Self-Rewarding (which uses two NVIDIA A100 GPUs with 80 GB of VRAM).

All the code of the experiments will be open-sourced upon publication. The datasets and models used
in the experiments are publicly available (Table 7).

M Information About Use Of AI Assistants

We used Al assistants, including ChatGPT, to support the writing process; the final writing was reviewed
and verified by the authors.

33385



Table 7: List of datasets and models used in the experiments.

Name

Reference

WMT (Kocmi et al., 2024)

https://github.com/wmt-conference

XSum (Narayan et al., 2018) https://huggingface.co/datasets/
EdinburghNLP/XSum
BLEURT (Sellam et al., 2020) https://huggingface.co/lucadiliello/
BLEURT-20
COMET (Rei et al., 2020) https://huggingface.co/Unbabel/

wmt22-comet-da

ROUGE-Lsum (Lin, 2004)

https://github.com/huggingface/evaluate/
blob/main/metrics/rouge/rouge.py

Llama-3-8B-Instruct (AI@Meta, 2024)

https://huggingface.

co/meta-1lama/

Meta-Llama-3-8B-Instruct

Llama-3.1-8B-Instruct (Al@Meta, 2024)

https://huggingface.

1-8B-Instruct

co/meta-1lama/Llama-3.

Llama-3.2-1B-Instruct (Al@Meta, 2024)

https://huggingface.

2-1B-Instruct

co/meta-1lama/Llama-3.

Llama-3.2-3B-Instruct (Al@Meta, 2024)

https://huggingface.

2-3B-Instruct

co/meta-1lama/Llama-3.

Qwen2-0.5B-Instruct (Yang et al., 2025)

https://huggingface.

5B-Instruct

co/Qwen/Qwen2-0.

Qwen2-1.5B-Instruct (Yang et al., 2025)

https://huggingface.

5B-Instruct

co/Qwen/Qwen2-1.

Qwen?2-7B-Instruct (Yang et al., 2025)

https://huggingface.

Qwen2-7B-Instruct

co/Qwen/

Qwen2.5-0.5B-Instruct (Yang et al., 2025)

https://huggingface.

5B-Instruct

co/Qwen/Qwen2.5-0.

Qwen2.5-1.5B-Instruct (Yang et al., 2025)

https://huggingface.

5B-Instruct

co/Qwen/Qwen2.5-1.

Qwen2.5-3B-Instruct (Yang et al., 2025) https://huggingface.co/Qwen/Qwen2.
5-3B-Instruct

Qwen2.5-7B-Instruct (Yang et al., 2025) https://huggingface.co/Qwen/Qwen2.
5-7B-Instruct

Mistral-7B-Instruct-v0.3 (Jiang et al., 2023) https://huggingface.co/mistralai/

Mistral-7B-Instruct-

vo.3

Mistral-Small-Instruct-2409

https://huggingface.

co/mistralai/

Mistral-Small-Instruct-2409

Ministral-8B-Instruct-2410

https://huggingface.

co/mistralai/

Ministral-8B-Instruct-2410
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