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Abstract

Group Relative Policy Optimization
(GRPO) has been shown to be an effective
algorithm when an accurate reward model
is available. However, such a highly
reliable reward model is not available
in many real-world tasks. In this paper,
we particularly focus on multi-objective
settings, in which we identify that GRPO is
vulnerable to reward hacking, optimizing
only one of the objectives at the cost of the
others. To address this issue, we propose
MO-GRPO, an extension of GRPO with a
simple normalization method to reweight
the reward functions automatically accord-
ing to the variances of their values. We first
show analytically that MO-GRPO ensures
that all reward functions contribute evenly
to the loss function while preserving the
order of preferences, eliminating the need
for manual tuning of the reward functions’
scales. Then, we evaluate MO-GRPO
experimentally in three domains: (i) the
multi-armed bandits problem, (ii) machine
translation tasks on the WMT benchmark
(En-Ja, En-Zh), and (iii) the instruction
following task. MO-GRPO achieves stable
learning by evenly distributing correlations
among the components of rewards, outper-
forming GRPO, showing MO-GRPO to be
a promising algorithm for multi-objective
reinforcement learning problems.

1 Introduction

Reward hacking is a phenomenon in which an
agent overfits to a misspecified reward model, fail-
ing to optimize for the true intended objective
(Skalse et al., 2022; Gao et al., 2023; Rafailov
et al., 2024). Recent work proposes Group Rela-
tive Policy Optimization (GRPO; Shao et al. 2024;
Liu et al. 2025) to enhance the reasoning capabil-
ity of Large Language Models (LLMs; Liu et al.
2024; Yang et al. 2025a) with high-accuracy re-

ward models; however, it is difficult to obtain them
in many real-world tasks.

In this work, we evaluate GRPO’s performance
in a specific scenario where we only have access
to under-specified reward models that do not accu-
rately represent the task’s objective on their own.
In particular, we study a practical scenario where
we specify the intended behavior of the agent us-
ing multiple reward models.

Our analysis shows that the loss function of the
GRPO leads to optimizing the reward functions
with higher variances while ignoring the lower
ones, which may result in an undesirable policy.
We empirically evaluate GRPO on multi-objective
reinforcement learning problems, where we also
observe reward hacking behavior of GRPO that it
tends to ignore rewards with lower variances and
only optimizes the ones with higher variances, re-
sulting in an unintended behavior (e.g., hacking
the readability objective while ignoring the trans-
lation consistency; Table 1).

To resolve this problem, we propose GRPO
with a simple automated normalization method to
the objectives, which we call MO-GRPO (Multi-
Objective Group Relative Policy Optimization).
MO-GRPO normalizes the advantage functions
for each objective so that their variances are scaled
evenly. This ensures that all reward functions con-
tribute equally to updating the policy, regardless
of their variance scales (Theorem 2). In this way,
it prevents any objectives from being ignored in
the training process, mitigating the reward hack-
ing behavior of GRPO on multiple objectives.
Our normalization technique maintains the origi-
nal preference ordering under positive affine trans-
formations of reward scales, even in cases where
GRPO fails to preserve this ordering.

We evaluate MO-GRPO experimentally on
multi-armed bandit, machine translation (Kocmi
et al., 2024) problems, and instruction follow-
ing task with multiple objectives. The result
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Instruction
Translate the following English into easily readable
Japanese.\nOver the past decade, our lives have changed
through technology, with many working from home, ...

jReadability ↑ BLEURT ↑

GRPO
Over the past ten years, our lives have changed a lot be-
cause of technology. ...

0.99 0.57

MO-GRPO 過去の10年で、技術の進化により、多くの人が
ホームワークから仕事をしているようになり...
(Translation: In the past decade, technological advances
have enabled many people to work from home work...)

0.40 0.69

Table 1: (Machine translation) Generation examples of GRPO and MO-GRPO by Llama (Llama-3.2-
3B-Instruct). GRPO optimizes only the Japanese readability score (jReadability) by avoiding using
difficult Japanese words, eventually stops using any Japanese characters, ignoring the translation
accuracy score (BLEURT), resulting in generating non-Japanese text, which defeats the purpose of the
translation. On the other hand, MO-GRPO evenly optimizes both objectives, achieving improvement on
both objectives as intended.

shows that MO-GRPO successfully mitigates re-
ward hacking in the problem settings where GRPO
incurs reward hacking (Table 1), resulting in a pol-
icy that is desirable for the given task.

2 Group Relative Policy Optimization
(GRPO)

GRPO is a reinforcement learning algorithm
(Shao et al., 2024) which is usually used for online
and on-policy learning. For a given state, a policy
generates multiple outputs and learns to generate
outputs with higher relative reward scores com-
pared to the rest of the outputs. pQ is the distribu-
tion over the initial state (prompt) (q ∼ pQ). The
policy πθ (· | q) outputs the action (sentence) og
based on the initial state q from the action space.
Formally, let Ri be the i-th reward function, which
is a mapping from a prompt-output pair to a scalar
value, and assume that there are K reward func-
tions. For each prompt q, GRPO samples a group
of outputs o = {o1, o2, ..., oG} from the old pol-
icy πθold and then optimizes the policy model by
maximizing the following objective:

J (πθ) = E

[
G∑

g=1

1

G

1

|og|
πθ
(
og | q

)
πθold

(
og | q

)Ag

− βKL(πθ, πθref)

]
, (1)

where β is a hyperparameter, and KL is Kull-
back–Leibler (KL) divergence.
Ag represents the normalized advantage value

of the sentence og using K reward models:

Ag =

∑K
i=1Ri(q, og)−meano

(∑K
i=1Ri(q,o)

)
stdo

(∑K
i=1Ri(q,o)

) .

(2)
The advantage value Ag is computed with-

out normalizing the scale of the reward functions
(Eq. 2). Consequently, when rewards differ in
scale or variance, the advantage value can be dom-
inated by the value from a high variance reward
function.

Theorem 1 (Correlation between reward function
and advantage function with GRPO). Assume the
G → ∞. The correlation coefficient between an
individual reward function Ri and the advantage
Ag is the ratio of Ri’s standard deviation σi to the
standard deviation of the total reward σ.

Corr(Ri(q, og), Ag) =
σ2
i +Xi

σσi
(3)

where Xi =
∑

j ̸=iCov(Ri, Rj), Cov(·, ·) is co-
variance.

The proof is in Appendix D.1.

Remark (Finite-G implementation). Theo-
rem 1 is stated for population quantities, i.e., the
advantage is defined using the population mean
and standard deviation of the total reward. In
practice, GRPO computes the advantage using
group-wise (empirical) normalization over a finite
number of samples G: Accordingly, the popu-
lation variances/covariances in Theorem 1 are
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Figure 1: (Simulated experiment) Comparison of the advantage values of GRPO and MO-GRPO on a
toy example with two reward functions with different sizes of variances (1 and 5). The advantage values
of GRPO (left figure) are dominated by the high variation reward (R2), indicating that the algorithm
is sensitive to the relative scales of the rewards. In contrast, the advantage values of MO-GRPO (right
figure) are invariant with the scale of the reward models, which shows that MO-GRPO is an easy-to-use
algorithm for multi-objective learning tasks that does not require manual tuning of the reward models to
avoid reward hacking.

replaced by their empirical counterparts computed
from the same group:

σ̂2
i = V̂ar(Ri), σ̂2 = V̂ar(Rtot), (4)

X̂i =
∑
j ̸=i

Ĉov(Ri, Rj). (5)

where Rtot(q, o) =
∑K

i=1Ri(q, o). Therefore,
for finite G, the correlation becomes a random
(group-dependent) plug-in estimate Ĉorr(Ri, Â)
rather than a constant. As G → ∞, (σ̂2

i , σ̂
2, X̂i)

converge to (σ2
i , σ

2, Xi), and the empirical corre-
lation concentrates around the population expres-
sion in Theorem 1.

Theorem 1 shows that the advantage function
in GRPO is more strongly correlated with reward
components that exhibit higher variance. This
shows that GRPO learns to optimize reward func-
tions with higher variances than the lower ones
and may lead to unintended behavior, which we
show empirically in Section 4.

3 Multi-Objective GRPO (MO-GRPO)

To solve the problem that GRPO is affected by the
scale of the variance of the reward functions, we
propose Multi-Objective GRPO (MO-GRPO). By
computing a separate advantage function for each
reward, our framework adjusts for differences in

reward variance and enables more stable learning.

J (πθ) = E

[
G∑

g=1

1

G

1

|og|
πθ
(
og | q

)
πθold

(
og | q

)AMO
g

− βKL(πθ, πθref)

]
, (6)

where AMO
g is defined as follows:

AMO
g =

K∑
i=1

Ri(q, og)−meano
(
Ri(q,o)

)
stdo

(
Ri(q,o)

) . (7)

Note that MO-GRPO rescales the reward in-
dividually, then aggregating over the reward
functions, whereas vanilla GRPO rescales it af-
ter all the reward values are aggregated into a
single value (Equation 2). Thus, MO-GRPO en-
sures a consistent correlation between each advan-
tage function and its corresponding reward func-
tion.

Theorem 2 (Correlation between a reward func-
tion and advantage function with MO-GRPO). As-
sume that the number of samples G → ∞. The
correlation of the advantage functions AMO

g with
each reward function Ri for any og remains con-
stant.

Corr(Ri(q, og), A
MO
g ) =

1 + Zi√
K + Y

(8)
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where Y =
∑K

j=1

∑
l ̸=j

Cov(Rl,Rj)
σlσj

and Zi =∑
j ̸=i

Cov(Ri,Rj)
σiσj

, Cov(·, ·) is covariance.

The proof is in Appendix D.2. Theorem 2 as-
sumes G → ∞, however, MO-GRPO still im-
proves and avoids reward hacking with a small
sample size in experiments (Table 6).

Remark (Finite-G implementation). Theo-
rem 2 is stated for the true-normalized advantage,
where each reward is centered and scaled by the
true mean and standard deviation (µi, σi). In
practice, MO-GRPO computes the advantage
using group-wise (empirical) normalization over
a finite number of samples G: Accordingly, the
quantities Y and Z in Theorem 2 are also replaced
by their empirical counterparts computed from
the same group:

Ŷ =

K∑
j=1

∑
l ̸=j

Ĉov(Rl, Rj)

σ̂lσ̂j
, (9)

Ẑi =
∑
j ̸=i

Ĉov(Ri, Rj)

σ̂iσ̂j
, (10)

where Ĉov(·, ·) denotes the sample covariance
over the G candidates. Therefore, for finite G, the
correlation becomes a random (group-dependent)
plug-in estimate Ĉorr(Ri, Â

MO) rather than a
constant. As G → ∞, (σ̂i, Ĉov) converge to
(σi,Cov), and the empirical correlation concen-
trates around the population expression in Theo-
rem 2.

Theorem 2 shows that the advantage function in
MO-GRPO is roughly equal to 1√

K
for every re-

ward function Ri, with some effect of correlation
between the reward functions. Specifically, if all
the reward functions are uncorrelated with each
other, then the correlation of the reward and the
advantage is exactly 1√

K
for all the reward func-

tions:

Corollary 1 (Correlation between a reward func-
tion and advantage function with MO-GRPO un-
der certain assumptions). Assume that the K re-
ward functions Ri are mutually uncorrelated and
the number of samples G → ∞. The correlation
of the advantage functions AMO

g with each reward
function Ri for any og remains constant.

Corr(Ri(q, og), A
MO
g ) =

1√
K

(11)

The proof follows immediately from Theorem
2. The result shows that the reward functions of
the MO-GRPO have roughly the same amount of
influence on the policy update regardless of their
variances. Thus, MO-GRPO does not ignore re-
ward functions with lower variances, which could
lead to unintended behavior. We show this prop-
erty empirically in Section 4.

Simulated experiment. Figure 1 shows the
comparison of the advantage functions of GRPO
(Eq. 2) and MO-GRPO (Eq. 7) with two reward
functions with low and high variances. The reward
functions return a value sampled from a normal
distribution R1 ∼ N

(
1, 12

)
and R2 ∼ N

(
1, 52

)
.

The advantage value by GRPO is significantly in-
fluenced by R2 while the effect of R1 is negligible.
This motivates the agent to maximize the value
of R2 even at the cost of losing R1. Conversely,
the advantage value calculated by MO-GRPO suc-
cessfully considers both reward functions, even
when their variances differ significantly.

Invariance to positive affine transformation.
An additional advantage of MO-GRPO is its in-
variance under positive affine transformations of
reward functions.

Proposition 1 (Affine Invariance of MO-GRPO
Advantage). Let oa and ob be two possible out-
puts, and let R = {Ri}Ki=1 be a set of reward func-
tions. Consider a transformed set R′ = {R′

i =
aiRi + bi}Ki=1 with ai > 0. Then, the preference
ordering induced by MO-GRPO is invariant under
such positive affine transformations:

AMO
a ≥ AMO

b ⇐⇒ AMO′
a ≥ AMO′

b

where AMO′
a =

∑K
i=1

R′
i(q,oa) − meano

(
R′

i(q,o)
)

stdo
(
R′

i(q,o)
) .

The proof of Proposition 1 is in Appendix D.3.
Meanwhile, Theorem 2 shows that MO-GRPO
does not require engineering efforts to normalize
the scale of the reward functions relative to other
reward functions, Proposition 1 shows that it does
not need to normalize the absolute scale of the re-
ward functions. This makes MO-GRPO a prac-
tically useful algorithm for real-world problems
where the scale of the reward models is unclear
(e.g., neural models) or instance-dependent. Con-
versely, this property does not hold with GRPO.

Proposition 2. The preference ordering induced
by GRPO (and Dr .GRPO) is not invariant under
positive affine transformations.
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Figure 2: (Multi-armed bandit) This figure illus-
trates the average rewards obtained by the sum of
the three reward functions: GRPO, MO-GRPO,
and Dr. GRPO. As the figure shows, MO-GRPO
finds a better policy faster than GRPO and Dr.
GRPO.

The proof is in Appendix D.4.

Summary. Unlike GRPO (Theorem 1), the ad-
vantage function of MO-GRPO is built keeping
the correlation with each reward function constant
(Theorem 2). In addition, it is invariant with the
rescaling of the reward functions with positive
affine transformation (Proposition 1).

These properties make MO-GRPO an easy-to-
use algorithm. It can use off-the-shelf reward
functions without requiring manual tuning of the
reward values to fit them to target tasks.

4 Experiment

We conduct experiments on three tasks: (1) multi-
armed bandit, (2) machine translation, and (3) in-
struction following task. We compare three meth-
ods: GRPO, Dr. GRPO, and MO-GRPO1.

4.1 Multi-Armed Bandit

We first conduct experiments on a simple multi-
armed bandit environment to observe the behavior
of GRPO and MO-GRPO in a controlled environ-
ment. We set the number of arms (actions) k to
50, and there are three stochastic reward functions
R1, R2, and R3. The episode length is fixed to
5000 steps. The expected return of the arm µk

is chosen at random from a normal distribution
of N (0, 1) at the beginning of the episode and is
fixed throughout the episode. The three reward

1The simplest implementation example of MO-GRPO is
shown in Appendix H.
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Figure 3: (Multi-arm bandit) Comparison of the
three reward functions with varying variances (10,
1, and 0.1) obtained by GRPO, Dr. GRPO, and
MO-GRPO. While GRPO and Dr. GRPO fail or
are slow to learn the reward functions with lower
variances (R2 and R3), MO-GRPO successfully
optimizes all three reward functions regardless of
the scale of the variances.

functions output the reward value of µk plus ad-
ditional stochastic noise to it as follows: R1(k) ∼
N (µk, 10

2), R2(k) ∼ N (µk, 1
2)− 0.1R1(k), and

R3(k) ∼ N (µk, 0.1
2). R1(k) outputs a value

sampled from a normal distribution of mean µk

and standard deviation of 10. R2(k) is a sum
of a value sampled from a normal distribution of
mean µk and standard deviation of 1, minus the
value of 0.1 × R1. Thus, R2 is negatively cor-
related with R1, making it harder to learn. R3

is a value sampled from a normal distribution of
mean µ and standard deviation of 0.1. These re-
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Figure 4: (Machine translation) Training curves on WMT En–Ja with BLEURT and jReadability rewards
(Sarashina; sarashina2.2-3b-instruct-v0.1). Top: GRPO overfits jReadability at the expense of BLEURT;
the standard deviation of jReadability is consistently larger than that of BLEURT. Bottom: MO-GRPO
mitigates this issue, avoiding overfitting to jReadability and preventing BLEURT deterioration

ward functions are designed to create a challeng-
ing optimization landscape where a high-variance
reward function (R1) could dominate the learn-
ing signal, potentially overshadowing the gradi-
ents from lower-variance and/or negatively corre-
lated reward functions (R2 and R3).

We set the number of actions GRPO, Dr.
GRPO, and MO-GRPO samples G to 8, and we
use a neural network with 3 hidden layers for pol-
icy. We conduct experiments with five different
random seeds.

Figure 2 shows the comparison of the three al-
gorithms on the sum of the three reward functions.
The result shows that MO-GRPO achieves a better
policy faster than the others. Figure 3 shows the
breakdown of the three reward functions, show-
ing that GRPO and Dr. GRPO fail to learn low
variance reward functions (R2 and R3), resulting
in suboptimal policies. The experimental result
on a multi-armed bandit problem shows that MO-
GRPO is a promising approach for tasks where the
reward functions have different scales of variance.

4.2 Machine Translation

We evaluate the performance of MO-GRPO on
machine translation with two objective functions,
translation accuracy and readability. Readability is
one of the important objectives in real-world text
generation tasks (Hasebe and Lee, 2015; Trokhy-
movych et al., 2024). It measures the accessibility
of the text for a diverse audience, including chil-
dren and non-native speakers, and is critical for
communicating vital information during emergen-
cies such as natural disasters.

We conduct experiments on English to Japanese
(En-Ja) and English to Chinese (En-Zh). We use
the WMT-21, WMT-22, and WMT-23 datasets for
training (Akhbardeh et al., 2021; Freitag et al.,
2022, 2023), and evaluate on the WMT-24 test set
(Kocmi et al., 2024).

First, we perform the En-Ja translation
task in WMT datasets using Sarashina
(sarashina2.2-3b-instruct-v0.1),
Qwen (Qwen2.5-3B-Instruct)
(Yang et al., 2025a), and Llama
(Llama-3.2-3B-Instruct) (Grattafiori
et al., 2024) as the base models. For the reward
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WMT24 (En–Ja)

Base Model Method BLEURT† ↑ jReadability† ↑ GPT-Eval⋆ ↑

Sarashina

Base Model 0.66 0.70 50.0%
GRPO 0.62 0.86 66.0%
Dr. GRPO 0.67 0.73 68.4%
MO-GRPO (ours) 0.69 0.76 76.8%

Qwen

Base Model 0.67 0.66 50.0%
GRPO 0.65 0.74 53.0%
Dr. GRPO 0.67 0.66 69.6%
MO-GRPO (ours) 0.67 0.67 88.8%

Llama

Base Model 0.65 0.67 50.0%
GRPO 0.60 0.90 35.6%
Dr. GRPO 0.63 0.77 42.6%
MO-GRPO (ours) 0.66 0.69 68.8%

WMT24 (En–Zh)

Base Model Method BLEURT† ↑ TRank† ↓ GPT-Eval⋆ ↑

Qwen

Base Model 0.73 -2.73 50.0%
GRPO 0.71 -3.20 53.9%
Dr. GRPO 0.73 -2.98 62.4%
MO-GRPO (ours) 0.73 -2.85 68.1%

Llama

Base Model 0.69 -2.44 50.0%
GRPO 0.62 -2.98 33.2%
Dr. GRPO 0.60 -3.15 28.3%
MO-GRPO (ours) 0.71 -2.55 71.7%

Table 2: (Machine translation) Translation quality on WMT24 (higher is better). †BLEURT, jRead-
ability, and TRank are training objectives and thus susceptible to over-fitting. ⋆GPT-Eval (against
Base Model) is not optimized during training; we therefore regard it as the primary metric. Across all
three base models, our MO-GRPO improves GPT-Eval while avoiding excessive optimization of the
training-objective metrics.

(objective) functions, we adopt (i) BLEURT (Sel-
lam et al., 2020) and (ii) jReadability (Hasebe and
Lee, 2015) to measure readability in Japanese.
To evaluate the overall generation quality, we use
LLM-as-a-Judge (Zheng et al., 2023) with GPT-
4o-mini (GPT-Eval) so that both the translation
accuracy and readability are considered.

Table 2 shows that, compared to the base model
score, GRPO achieved a high jReadability score
but at the cost of degrading the BLEURT score.
This result leads to the worst win rate score against
the base model in three methods. In contrast, MO-
GRPO almost successfully improved both metrics
compared to the base model’s score, achieving
in BLEURT and jReadability scores, preventing
overfitting to jReadability, and MO-GRPO also
achieves the highest win rate score. For supple-
mentary, Dr. GRPO also shows higher values for
both metrics compared to the base model, but not

as high as MO-GRPO with respect to GPT-Eval.2

In detail, MO-GRPO with Sarashina achieves
BLEURT score of 0.69. For comparison,
when Sarashina is trained with GRPO solely on
BLEURT, the score reached 0.70. This close score
suggests that MO-GRPO effectively learns to op-
timize BLEURT without sacrificing other objec-
tives. Furthermore, the training process of MO-
GRPO with Sarashina is shown in Figure 4 (Bot-
tom), which suggests MO-GRPO avoids overfit-
ting of jReadability and prevents degradation of
BLEURT, unlike GRPO (Figure 4 (Top)).

Next, we examine the details of the results from
other language models such as Qwen and Llama.
The relatively limited improvement of MO-GRPO

2Dr. GRPO in this experiment is implemented using
trl=0.16.1. This version of Dr. GRPO has no exclusions re-
garding sentence length normalization, only in the form of
removing the standard deviation of the advantage function.
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in Qwen’s experiments is likely attributable to
Qwen not being a language model specialized for
Japanese. However, Qwen outputs are also con-
firmed reward hacking behavior from GRPO (such
behavior is also not observed with MO-GRPO).
Llama outputs (Table 1) show that GRPO engaged
in reward hacking by outputting English text in-
stead of a Japanese translation, thereby improving
the jReadability. This phenomenon again did not
occur with MO-GRPO.

Second, we conduct En-Zh translation task in
WMT datasets using Qwen and Llama as base
models. For the reward functions, we adopt (i)
BLEURT and (ii) TRank (Trokhymovych et al.,
2024), which can evaluate the readability of text
across multiple languages, including Chinese.
Since TRank scores are higher for more difficult
texts, multiply the score by −1 in this experiment
setting during the training (Table 2 shows the true
TRank score, i.e., the score obtained without ap-
plying the −1 multiplication during evaluation.).

As shown in Table 2, MO-GRPO also appropri-
ately treats the two reward functions across Qwen
and Llama, similar to the En-Ja task. There-
fore, it consistently achieves higher GPT-Eval win
rates than GRPO and Dr. GRPO. GPT-Eval in-
dicates that GRPO and Dr. GRPO are improving
with Qwen but exhibit clear reward hacking with
Llama. Both methods overfit to TRank at the ex-
pense of BLEURT. Interestingly, the trained mod-
els output non-Chinese text even though the task is
Chinese translation (similarly to what we observed
in En-Ja translation task in Table 1).

Table 3 further quantifies this phenomenon us-
ing langdetect, a tool to predict the language of the
given text.3 We find that GRPO and Dr. GRPO
frequently produce non-Chinese generations, ex-
ploiting TRank, resulting in significantly lower
GPT-Eval scores than the base model.

Ablation study. Instead of using MO-GRPO,
one may solve the reward hacking by patching the
reward function so that it cannot be hacked. We
improve the TRank reward function by giving a
huge penalty (score=10) if the generated output is
identified as non-Chinese by langdetect. In this
way, we can prevent the model to learn to gener-
ate non-Chinese texts. Table 3 shows that adding
a penalty to TRank reduces the probability of non-
Chinese outputs (Non-Chinese) for all methods;

3https://pypi.org/project/langdetect/

Method Non-Chinese (%)
(w/o Penalty) ↓

Non-Chinese (%)
(w/ Penalty) ↓

Base Model (Llama) 14.7% 14.7%
GRPO 68.7% 1.2%
Dr. GRPO 70.7% 1.2%
MO-GRPO 5.6% 0.6%

Table 3: The probability of non-Chinese outputs
(Non-Chinese) in machine translation. The ref-
erence set contains 851 Chinese sentences (by
langdetect). Non-Chinese = 1 −#Chinese/851.
w/o Penalty: TRank only. w/ Penalty: TRank
with penalty for non-Chinese outputs. MO-GRPO
consistently maintains proper outputs under both
settings.

Method BLEURT ↑ TRank w/ Penalty ↓ GPT-Eval ↑

Base Model 0.69 1.39 50%
GRPO 0.70 -0.66 71.5%
Dr. GRPO 0.70 -0.64 69.6%
MO-GRPO 0.71 -0.47 74.0%

Table 4: (Machine translation) Translation quality
on WMT24 En-Zh (higher is better) with Llama.
TRank w/ Penalty penalty non-Chinese outputs.
MO-GRPO improves GPT-Eval while avoiding
excessive optimization of the training-objective
metrics.

MO-GRPO still has the lowest probability. Ad-
ditionally, Table 4 shows the TRank with penal-
ties under the same experimental settings as Ta-
ble 2. This shows that MO-GRPO outperforms
other methods in terms of GPT-Eval, and in this
setting as well, GRPO and Dr. GRPO are trained
with a focus on TRank penalties, which fluctuate
more than BLEURT. This shows that MO-GRPO
is on par with GRPO even if the reward functions
are reasonably designed (e.g., problem settings in
which GRPO achieves improvement).

4.3 Instruction Following Task

In this section, we conduct an experi-
ment in AlpacaFarm (training dataset:
tatsu-lab/alpaca, eval dataset:
tatsu-lab/alpaca_eval) (Dubois et al.,
2023) to evaluate the performance of MO-GRPO
for the generic instruction following task using
Qwen and Llama as base models. We use RM-
Mistral-7B (Dong et al., 2023) and the Length
reward function. The Length reward function
(RLen) gives a higher reward on the outputs closer
to the length of the reference text so that it miti-
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AlpacaFarm

Base Model Method RM-Mistral-7B ↑ Length ↑

Qwen

Base Model 5.55 0.42
GRPO 5.81 0.36
Dr. GRPO 6.24 0.34
MO-GRPO (ours) 5.51 0.44

Llama

Base Model 5.26 0.42
GRPO 5.56 0.37
Dr. GRPO 5.90 0.34
MO-GRPO (ours) 5.28 0.42

Table 5: (AlpacaFarm) Since RM-Mistral and
Length have conflicting objectives, the correct an-
swer here is to prevent it from being derived from
the base model. GRPO and Dr. GRPO have
learned to prioritize RM-Mistral, resulting in a sig-
nificant sacrifice of Length, but MO-GRPO retains
both reward functions almost entirely.

gates the length bias problem (Shen et al., 2023;
Singhal et al., 2024). Length reward function is
defined as follows:

RLen =


L

0.9Lref
, L < 0.9Lref,

1, 0.9Lref ≤ L ≤ 1.1Lref,
1.1Lref

L
, L > 1.1Lref.

where Lref is the reference text length, L is the out-
put text length. Given that RM-Mistral-7B tends
to prefer longer outputs (Shen et al., 2023; Singhal
et al., 2024), the Length reward function is an ad-
versarial objective to it, making the optimization
more challenging.

Table 5 shows that GRPO and Dr. GRPO opti-
mize RM-Mistral while decreasing the Length of
both Llama and Qwen. In contrast, MO-GRPO
attempts to maintain the values of both rewards.
In such adversarial cases where both reward func-
tions are important, the optimal behavior is to re-
main close to the base model, such as MO-GRPO.

4.4 Supplementary Results

Effect of group size. To quantify the sensitiv-
ity of the performance of MO-GRPO, we vary the
number of samples G ∈ {2, 4, 6} for GRPO and
MO-GRPO in Table 6 on En-Ja task. As shown
in Table 6, GRPO exhibits a trade-off as G in-
creases: jReadability improves (0.77→0.87) while
BLEURT degrades (0.67→0.64), consistent with
over-optimization to the readability reward. MO-
GRPO avoids this reward hacking: it preserves
BLEURT (0.68→0.69) and keeps jReadability sta-

Method #Samples BLEURT↑ jReadability↑

Base Model (Sarashina) – 0.66 0.70

GRPO 2 0.67 0.77
MO-GRPO 2 0.68 0.75

GRPO 4 0.65 0.83
MO-GRPO 4 0.69 0.75

GRPO 6 0.64 0.87
MO-GRPO 6 0.69 0.76

Table 6: Performance of GRPO and MO-GRPO
with varying numbers of samples on BLEURT and
jReadability.

0 500 1000 1500 2000 2500 3000
Training Steps

0.8

0.6

0.4

0.2

Va
lu

e

Training Process with MO-GRPO

Y
Z (BLEURT, jReadability)

Figure 5: Empirical correlation statistics during
MO-GRPO training. We show that in the two-
objective case (K=2), ZBLEURT = ZJREAD = Y

2 by
definition, explaining why Y and Zi co-move with
the same (negative) sign and an approximately 2×
scale difference.

ble (0.75→0.76) across G, showing that MO-
GRPO is robust to the choice of G ∈ {2, 4, 6}.

Empirical reward correlations. Corollary 1
assumes uncorrelated rewards, but BLEURT
and jReadability are correlated in practice.
We therefore track ZBLEURT = ZJREAD =
Corr(RBLEURT, RJREAD) during MO-GRPO train-
ing on En–Ja (Fig. 5). For K=2, Theorem 2 yields
ZBLEURT = ZJREAD = Y/2, so the figure mainly re-
flects the change of Z. Importantly, Z remains far
from −1 (and weakens over training), consistent
with stable updates and reduced over-optimization
to jReadability compared to GRPO.

Effect of reward scale calibration. We esti-
mate the reward mean and variance on WMT2021
and fix them to compute advantages (Pre-Norm).
With this calibration, MO-GRPO is slightly better,
and neither method shows reward hacking (Fig. 6).
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Figure 6: Comparison between MO-GRPO and
Pre-Norm with fixed mean and standard deviation
at WMT 2024. Neither exhibits reward hacking
behavior, though MO-GRPO shows a slight per-
formance improvement.

This suggests that the key is a reasonable reward
scale rather than per-group normalization. Pre-
Norm, however, requires an offline pass, and other
WMT data (e.g., WMT2024) have different statis-
tics among domains (Appendix F), which leads to
unstable learning.

5 Related Works

Multi-objective reinforcement learning.
Multi-objective Reinforcement Learning studies
sequential decision making with vector-valued
rewards, where agents must trade off multiple
objectives (Roijers et al., 2013). A common
perspective seeks to approximate a set of Pareto-
optimal solutions to cover multiple trade-offs
(Roijers et al., 2013; Hayes et al., 2022). Repre-
sentative approaches explicitly maintain sets of
non-dominated policies during learning (Moffaert
and Nowé, 2014).

Reward normalization in RL. van Hasselt
et al. (2016) normalizes value targets online to
support learning across many orders of magni-
tude, while return-based scaling provides a sim-
ple normalization trick for improved robustness
(Schaul et al., 2021). Recent analyses show that
PPO is also sensitive to reward scale and that
DreamerV3-inspired implementation tricks can
improve reward-scale robustness (Sullivan et al.,
2023).

Recent variants of GRPO and relation to MO-
GRPO. DAPO extends GRPO with asymmet-
ric clipping, difficulty-adaptive sampling, token-
level training, and explicit length control (Yu
et al., 2025). GSPO moves from token-level to
sequence-level importance ratios with sequence-
level clipping (Zheng et al., 2025), SSPO uses
subsentence-level ratios to bridge token and
sequence-level updates (Yang et al., 2025b), and
collapse mitigation via entropy control (Simoni
et al., 2025), and improved compute efficiency via
replay or pruning (Li et al., 2025; Lin et al., 2025).
In contrast, MO-GRPO focuses on the objective
problem, combining and normalizing multiple ob-
jectives to avoid imbalance scaling. MO-GRPO is
also applicable in many of the related studies de-
scribed above.

6 Conclusion

We conducted an investigation into the theoret-
ical and empirical properties of handling multi-
ple reward functions with GRPO. Our analysis re-
vealed a previously unreported vulnerability. The
advantage function of GRPO is biased toward re-
ward functions with high variance. This makes
the algorithm susceptible to reward-hacking be-
haviors in multi-objective settings. To address this
weakness, we proposed Multi-Objective GRPO
(MO-GRPO), an extension of GRPO that uses
a simple normalization method to automatically
reweight reward functions according to their value
variances. MO-GRPO treats each reward func-
tion value equitably while preserving preference
orderings under rescalings. Comprehensive ex-
periments confirmed the practical benefits of this
mechanism. We experimentally evaluate MO-
GRPO in three domains: (i) the multi-armed ban-
dits problem, (ii) machine translation tasks on the
WMT benchmark (En-Ja, En-Zh), and (iii) the in-
struction following task. MO-GRPO consistently
avoids reward hacking and shows improvements in
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task-specific metrics (e.g., BLEURT, jReadability)
and learning stability.
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Maja Popović, Mariya Shmatova, Steinthór Ste-
ingrímsson, and Vilém Zouhar. 2024. Find-
ings of the WMT24 general machine translation
shared task: The LLM era is here but MT is not
solved yet. In Proceedings of the Ninth Confer-
ence on Machine Translation, pages 1–46, Mi-
ami, Florida, USA. Association for Computa-
tional Linguistics.

Siheng Li, Zhanhui Zhou, Wai Lam, Chao Yang,
and Chaochao Lu. 2025. RePO: Replay-
Enhanced Policy Optimization. arXiv preprint
arXiv:2506.09340.

Zhihang Lin, Mingbao Lin, Yuan Xie, and Ron-
grong Ji. 2025. CPPO: Accelerating the Train-
ing of Group Relative Policy Optimization-
Based Reasoning Models. arXiv preprint
arXiv:2503.22342.

Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang,
Bochao Wu, Chengda Lu, Chenggang Zhao,
Chengqi Deng, Chenyu Zhang, Chong Ruan,
et al. 2024. Deepseek-V3 Technical Report.
arXiv preprint arXiv:2412.19437v2.

Zichen Liu, Changyu Chen, Wenjun Li, Penghui
Qi, Tianyu Pang, Chao Du, Wee Sun Lee, and
Min Lin. 2025. Understanding R1-Zero-Like
Training: A Critical Perspective. arXiv preprint
arXiv:2503.20783v1.

Kristof Van Moffaert and Ann Nowé. 2014. Multi-
Objective Reinforcement Learning using Sets
of Pareto Dominating Policies. Journal of Ma-
chine Learning Research, 15(107):3663–3692.

Rafael Rafailov, Yaswanth Chittepu, Ryan Park,
Harshit Sikchi, Joey Hejna, W. Bradley Knox,
Chelsea Finn, and Scott Niekum. 2024. Scaling
laws for reward model overoptimization in di-
rect alignment algorithms. In Advances in Neu-

ral Information Processing Systems, volume 37,
pages 126207–126242. Curran Associates, Inc.

Diederik M Roijers, Peter Vamplew, Shimon
Whiteson, and Richard Dazeley. 2013. A Sur-
vey of Multi-Objective Sequential Decision-
Making. Journal of Artificial Intelligence Re-
search, 48:67–113.

Tom Schaul, Georg Ostrovski, Iurii Kemaev, and
Diana Borsa. 2021. Return-based Scaling:
Yet Another Normalisation Trick for Deep RL.
arXiv preprint arXiv:2105.05347.

Thibault Sellam, Dipanjan Das, and Ankur Parikh.
2020. BLEURT: Learning Robust Metrics for
Text Generation. In Proceedings of the 58th
Annual Meeting of the Association for Compu-
tational Linguistics, pages 7881–7892, Online.
Association for Computational Linguistics.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin
Xu, Junxiao Song, Xiao Bi, Haowei Zhang,
Mingchuan Zhang, YK Li, Y Wu, et al. 2024.
Deepseekmath: Pushing the Limits of Mathe-
matical Reasoning in Open Language Models.
arXiv preprint arXiv:2402.03300v3.

Wei Shen, Rui Zheng, Wenyu Zhan, Jun Zhao,
Shihan Dou, Tao Gui, Qi Zhang, and Xuanjing
Huang. 2023. Loose lips sink ships: Mitigating
Length Bias in Reinforcement Learning from
Human Feedback. In Findings of the Associ-
ation for Computational Linguistics: EMNLP
2023, pages 2859–2873, Singapore. Associa-
tion for Computational Linguistics.

Marco Simoni, Aleksandar Fontana, Giulio
Rossolini, Andrea Saracino, and Paolo Mori.
2025. GTPO: Stabilizing Group Relative Policy
Optimization via Gradient and Entropy Control.
arXiv preprint arXiv:2508.03772.

Prasann Singhal, Tanya Goyal, Jiacheng Xu, and
Greg Durrett. 2024. A Long Way to Go: Inves-
tigating Length Correlations in RLHF. In First
Conference on Language Modeling.

Joar Skalse, Nikolaus Howe, Dmitrii Krashenin-
nikov, and David Krueger. 2022. Defining and
Characterizing Reward Gaming. In Advances
in Neural Information Processing Systems, vol-
ume 35, pages 9460–9471. Curran Associates,
Inc.

1878

https://doi.org/10.1007/s10458-022-09552-y
https://doi.org/10.1007/s10458-022-09552-y
https://doi.org/10.1007/s10458-022-09552-y
https://doi.org/10.18653/v1/2024.wmt-1.1
https://doi.org/10.18653/v1/2024.wmt-1.1
https://doi.org/10.18653/v1/2024.wmt-1.1
https://doi.org/10.18653/v1/2024.wmt-1.1
https://doi.org/https://doi.org/10.48550/arXiv.2506.09340v1
https://doi.org/https://doi.org/10.48550/arXiv.2506.09340v1
https://doi.org/https://doi.org/10.48550/arXiv.2503.22342v2
https://doi.org/https://doi.org/10.48550/arXiv.2503.22342v2
https://doi.org/https://doi.org/10.48550/arXiv.2503.22342v2
https://doi.org/https://doi.org/10.48550/arXiv.2412.19437
https://doi.org/https://doi.org/10.48550/arXiv.2503.20783
https://doi.org/https://doi.org/10.48550/arXiv.2503.20783
http://jmlr.org/papers/v15/vanmoffaert14a.html
http://jmlr.org/papers/v15/vanmoffaert14a.html
http://jmlr.org/papers/v15/vanmoffaert14a.html
https://proceedings.neurips.cc/paper_files/paper/2024/file/e45caa3d5273d105b8d045e748636957-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/e45caa3d5273d105b8d045e748636957-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/e45caa3d5273d105b8d045e748636957-Paper-Conference.pdf
https://doi.org/https://doi.org/10.1613/jair.3987
https://doi.org/https://doi.org/10.1613/jair.3987
https://doi.org/https://doi.org/10.1613/jair.3987
https://doi.org/https://doi.org/10.48550/arXiv.2105.05347v1
https://doi.org/https://doi.org/10.48550/arXiv.2105.05347v1
https://doi.org/10.18653/v1/2020.acl-main.704
https://doi.org/10.18653/v1/2020.acl-main.704
https://doi.org/https://doi.org/10.48550/arXiv.2402.03300
https://doi.org/https://doi.org/10.48550/arXiv.2402.03300
https://doi.org/10.18653/v1/2023.findings-emnlp.188
https://doi.org/10.18653/v1/2023.findings-emnlp.188
https://doi.org/10.18653/v1/2023.findings-emnlp.188
https://doi.org/https://doi.org/10.48550/arXiv.2508.03772v5
https://doi.org/https://doi.org/10.48550/arXiv.2508.03772v5
https://openreview.net/forum?id=G8LaO1P0xv
https://openreview.net/forum?id=G8LaO1P0xv
https://proceedings.neurips.cc/paper_files/paper/2022/file/3d719fee332caa23d5038b8a90e81796-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/3d719fee332caa23d5038b8a90e81796-Paper-Conference.pdf


Ryan Sullivan, Akarsh Kumar, Shengyi Huang,
John Dickerson, and Joseph Suarez. 2023. Re-
ward Scale Robustness for Proximal Policy Op-
timization via DreamerV3 Tricks. In Advances
in Neural Information Processing Systems, vol-
ume 36, pages 1352–1362. Curran Associates,
Inc.

Mykola Trokhymovych, Indira Sen, and Martin
Gerlach. 2024. An Open Multilingual Sys-
tem for Scoring Readability of Wikipedia. In
Proceedings of the 62nd Annual Meeting of
the Association for Computational Linguistics
(Volume 1: Long Papers), pages 6296–6311,
Bangkok, Thailand. Association for Computa-
tional Linguistics.

An Yang, Anfeng Li, Baosong Yang, Beichen
Zhang, Binyuan Hui, Bo Zheng, Bowen Yu,
Chang Gao, Chengen Huang, Chenxu Lv, et al.
2025a. Qwen3 Technical Report. arXiv
preprint arXiv:2505.09388v1.

Kun Yang, Yanmeng Wang, Zhigen Li, et al.
2025b. SSPO: Subsentence-level Policy Opti-
mization. arXiv preprint arXiv:2511.04256.

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng
Yuan, Xiaochen Zuo, Yu Yue, Weinan Dai,
Tiantian Fan, Gaohong Liu, Lingjun Liu, et al.
2025. DAPO: An Open-Source LLM Rein-
forcement Learning System at Scale. arXiv
preprint arXiv:2503.14476.

Chujie Zheng, Shixuan Liu, Mingze Li, Xiong-
Hui Chen, Bowen Yu, Chang Gao, Kai Dang,
Yuqiong Liu, Rui Men, An Yang, et al. 2025.
Group Sequence Policy Optimization. arXiv
preprint arXiv:2507.18071.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng,
Siyuan Zhuang, Zhanghao Wu, Yonghao
Zhuang, Zi Lin, Zhuohan Li, Dacheng Li, Eric
Xing, Hao Zhang, Joseph E Gonzalez, and Ion
Stoica. 2023. Judging LLM-as-a-Judge with
MT-Bench and Chatbot Arena. In Advances
in Neural Information Processing Systems, vol-
ume 36, pages 46595–46623. Curran Asso-
ciates, Inc.

1879

https://proceedings.neurips.cc/paper_files/paper/2023/file/04f61ec02d1b3a025a59d978269ce437-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/04f61ec02d1b3a025a59d978269ce437-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/04f61ec02d1b3a025a59d978269ce437-Paper-Conference.pdf
https://doi.org/10.18653/v1/2024.acl-long.342
https://doi.org/10.18653/v1/2024.acl-long.342
https://doi.org/https://doi.org/10.48550/arXiv.2505.09388 8
https://doi.org/https://doi.org/10.48550/arXiv.2511.04256v1
https://doi.org/https://doi.org/10.48550/arXiv.2511.04256v1
https://doi.org/https://doi.org/10.48550/arXiv.2503.14476v2
https://doi.org/https://doi.org/10.48550/arXiv.2503.14476v2
https://doi.org/https://doi.org/10.48550/arXiv.2507.18071v2
https://proceedings.neurips.cc/paper_files/paper/2023/file/91f18a1287b398d378ef22505bf41832-Paper-Datasets_and_Benchmarks.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/91f18a1287b398d378ef22505bf41832-Paper-Datasets_and_Benchmarks.pdf


A Limitations

There are several limitations in this paper. (1) Our
theoretical guarantees rely on asymptotic condi-
tions, such as the number of samples approaching
infinity. In practice, however, policies are updated
using finite samples. (2) Our goal is to align with
human preferences, but we relied on automatic
evaluators instead of conducting human evalua-
tions. (3) We did not validate MO-GRPO in more
complex tasks, such as three or more objective
problems in the real world. (4) MO-GRPO cur-
rently combines objectives with equal coefficients
after per-objective normalization. Equal weight-
ing is reasonable when objectives are intended to
be equally important, and the main failure mode is
scale mismatch. It can be problematic when objec-
tives reflect asymmetric priorities (e.g., safety vs.
style) or when reward models differ in reliability.
A natural extension is weighted MO-GRPO, Ag =∑

iwiÃg,i, where wi encodes preferences or con-
fidence; we leave systematic weighting strategies
to future work.

B Reproducibility Statement

The experiments are conducted using an NVIDIA
A100 GPU with 80 GB VRAM.

All the code of the experiments will be open-
sourced upon publication. The datasets and mod-
els used in the experiments are publicly available
(Table 7) except for GPT-4o-mini used for evalua-
tion.

C Correlation Analysis of Dr. GRPO

In Dr. GRPO, the advantage function is
defined as ADr

g =
∑K

i=1Ri(q, og) −
meano

(∑K
i=1Ri(q,o)

)
.

Theorem 3 (Correlation each reward function and
advantage function with Dr. GRPO). Assume that
G → ∞. The correlation coefficient between an
individual reward function Ri and the advantage
A is the ratio of the standard deviation of Ri to the
standard deviation of the total reward.

Corr(Ri, A
Dr
g ) =

σ2
i +Xi√√√√σ2

i

(
K∑
j=1

σ2
j +

∑
j ̸=l

∑
l ̸=j

Cov (Rj , Rl)

)

where Xi =
∑

j ̸=iCov(Ri, Rj).

D Proof of Theorem and Proposition

From here on, for simplicity, we omit the nota-
tion for prompt q and optional output og (e.g.,
Ri(q, og) → Ri). We assume the number of sam-
ples G → ∞, which allows the sample statistics
to approximate the true population parameters.

D.1 Proof of Theorem 1

Let R1, . . . , RK be K reward functions. Let µi =
E[Ri] and σ2

i = Var[Ri] denote the mean and vari-
ance of the i-th reward, respectively.

Cov(Ri, A) = Cov

(
Ri,

R− E[R]

σ

)

=
1

σ

Cov(Ri, Ri) +
∑
j ̸=i

Cov(Ri, Rj)


=

1

σ
(Var[Ri] +Xi) =

σ2
i +Xi

σ

Finally, we can get the correlation between
each reward function and advantage function with
GRPO.

Corr(Ri, A) =
Cov(Ri, A)√
Var[Ri] Var[A]

=
σ2
i +Xi

σσi

D.2 Proof of Theorem 2

Let R1, . . . , RK be K reward functions. Let µi =
E[Ri] and σ2

i = Var[Ri] denote the mean and vari-
ance of the i-th reward, respectively.

We first calculate Var[AMO].

Var
(
AMO

)
=

K∑
j=1

1 +
∑
l ̸=j

Cov (Rl, Rj)

σlσj

= K +

K∑
j=1

K∑
l ̸=j

Cov (Rl, Rj)

σlσj︸ ︷︷ ︸
Y

The corresponding correlation is:

Corr(Ri, A
MO) =

Cov(Ri,
∑K

j=1
Rj−µj

σj
)

σi
√
K + Y

=
1 + Zi√
K + Y
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Name Reference

WMT (Kocmi et al., 2024) https://github.com/wmt-conference

BLEURT (Sellam et al., 2020) https://huggingface.co/lucadiliello/
BLEURT-20

Sarashina https://huggingface.co/sbintuitions/
sarashina2.2-3b-instruct-v0.1

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

Llama (Grattafiori et al., 2024) https://huggingface.co/meta-llama/
Llama-3.2-3B-Instruct

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

Llama-3-8B-Instruct (Grattafiori et al., 2024) https://huggingface.co/meta-llama/
Meta-Llama-3-8B-Instruct

jReadability (Hasebe and Lee, 2015) https://github.com/joshdavham/
jreadability

Alpaca (Dubois et al., 2023) https://huggingface.co/datasets/
tatsu-lab/alpaca

RM-Mistral-7B (Dong et al., 2023) https://huggingface.co/weqweasdas/
RM-Mistral-7B

TRank (Trokhymovych et al., 2024) https://huggingface.co/trokhymovych/
TRank_readability

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

D.3 Proof of Proposition 1

For simplicity, we know µi and σi, the true mean
and standard deviation of Ri over a group of out-
puts o. The mean µ′

i and standard deviation σ′
i of

the transformed reward R′
i are:

µ′
i = E[aiRi + bi] = aiµi + bi

σ′
i = std(aiRi + bi) = aiσi (since ai > 0)

The i-th advantage function calculated using the
transformed reward R′

i for any o is:

R′
i(o)− µ′

i

σ′
i

=
(aiRi(o) + bi)− (aiµi + bi)

aiσi

=
Ri(o)− µi

σi

Since each advantage function is invariant, their
sum AMO is also invariant.

D.4 Proof of Proposition 2

For simplicity, we consider two reward functions
and two outputs, oa and ob. Assume a trade-off
scenario R1(oa) > R1(ob) and R2(oa) < R2(ob)

and R1(ob)+R2(ob) < R1(oa)+R2(oa). We con-
sider a scaling R′ where R′

i = aiRi (i.e., bi = 0)
and derive the condition under which the prefer-
ence ordering is reversed:

Aa > Ab

⇒ A′
a < A′

b.

where A′
a =

∑K
i=1 R

′
i(q,og) − mean

(∑K
i=1 R

′
i(q,o)

)
std
(∑K

i=1 R
′
i(q,o)

) .

This reduces to:

a1R1(ob) + a2R2(ob) > a1R1(oa) + a2R2(oa)

⇒ a2
a1

>
R1(oa)−R1(ob)

R2(ob)−R2(oa)

Such a1 and a2 exist, so GRPO does not hold.

E Large-Scale Models

To verify that MO-GRPO is not specific to
smaller language models, we replicate the same
En-Ja training and evaluation on two larger
instruction-tuned models, Qwen2.5-7B-Instruct
(Qwen2.5-7B) and Llama3-8B-Instruct (Llama3-
8B). We compare GRPO and MO-GRPO, and

1881

https://github.com/wmt-conference
https://huggingface.co/lucadiliello/BLEURT-20
https://huggingface.co/lucadiliello/BLEURT-20
https://huggingface.co/sbintuitions/sarashina2.2-3b-instruct-v0.1
https://huggingface.co/sbintuitions/sarashina2.2-3b-instruct-v0.1
https://huggingface.co/Qwen/Qwen2.5-3B-Instruct
https://huggingface.co/Qwen/Qwen2.5-3B-Instruct
https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
https://github.com/joshdavham/jreadability
https://github.com/joshdavham/jreadability
https://huggingface.co/datasets/tatsu-lab/alpaca
https://huggingface.co/datasets/tatsu-lab/alpaca
https://huggingface.co/weqweasdas/RM-Mistral-7B
https://huggingface.co/weqweasdas/RM-Mistral-7B
https://huggingface.co/trokhymovych/TRank_readability
https://huggingface.co/trokhymovych/TRank_readability


show BLEURT and jReadability (Table 8). On
Qwen2.5-7B, GRPO improves jReadability with-
out degrading BLEURT, indicating no clear
reward-hacking trade-off in this setting; MO-
GRPO yields a small BLEURT gain while keeping
readability competitive. In contrast, on Llama3-
8B, GRPO increases jReadability but decreases
BLEURT, suggesting a slight tendency to over-
optimize jReadability at the expense of BLEURT.
MO-GRPO mitigates this behavior by improving
BLEURT while maintaining jReadability, demon-
strating that multi-objective balancing remains im-
portant even for large-scale models.

En-Ja

Base Model Method BLEURT ↑ jReadability ↑

Qwen2.5-7B

Base Model 0.68 0.66
GRPO 0.68 0.69
MO-GRPO (ours) 0.69 0.67

Llama3-8B

Base Model 0.59 0.89
GRPO 0.57 0.92
MO-GRPO (ours) 0.62 0.89

Table 8: Large-scale model results on En–Ja.
Two larger instruction-tuned LMs and compare
Base Model, GRPO, and MO-GRPO. Qwen2.5-
7B Instruct exhibits no clear reward-hacking
trade-off, whereas Llama3-8B Instruct shows a
stronger trade-off under GRPO. MO-GRPO miti-
gates this by recovering BLEURT while maintain-
ing competitive readability.

F Mean and Std score per Domain in
WMT-24

We show per-domain score distributions on the
WMT-24 datasets (Tables 9 and 10 ). Specifi-
cally, for each model and domain, we summarize
the metric values with their mean and standard de-
viation. WMT-24 datasets exhibit larger domain-
dependent variation about means and stds. As a
result, since mean and std vary depending on the
domain, using PreNorm may cause unstable learn-
ing when training on samples from domains with
different averages.

G Experiment Settings in WMT

We show the parameter settings of the experiments
in Table 11.

H Python Implementation

We show the TRL style’s implementation recipe
for MO-GRPO.

Metric Model Literary News Social Speech

Mean Std Mean Std Mean Std Mean Std

BLEURT
Llama 0.617 0.065 0.674 0.064 0.663 0.093 0.626 0.047
Qwen 0.636 0.071 0.672 0.054 0.684 0.081 0.625 0.048
Sarashina 0.633 0.078 0.667 0.072 0.682 0.082 0.618 0.055

jReadability
Llama 0.691 0.204 0.428 0.205 0.737 0.225 0.655 0.161
Qwen 0.678 0.180 0.441 0.157 0.705 0.212 0.661 0.132
Sarashina 0.741 0.174 0.504 0.215 0.741 0.211 0.706 0.159

Table 9: En-Ja (WMT-24): Per-domain mean and
standard deviation of BLEURT and jReadability
(Sample size n = Literary: 206, News: 149, So-
cial: 531, Speech: 111).

Metric Model Literary News Social Speech

Mean Std Mean Std Mean Std Mean Std

BLEURT Llama 0.661 0.076 0.719 0.069 0.698 0.096 0.658 0.063
Qwen 0.712 0.077 0.760 0.059 0.747 0.085 0.695 0.061

TRank Llama -2.946 1.031 -0.661 1.006 -2.651 1.047 -2.855 1.532
Qwen -3.267 0.965 -0.865 0.885 -2.927 1.019 -3.310 1.405

Table 10: En-Zh (WMT-24): Per-domain mean and
standard deviation of BLEURT and TRank (Sam-
ple size n = Literary: 206, News: 149, Social: 531,
Speech: 111).

def MO_GRPO(rewards_per_func,
num_generations, eps=1e-4):
K = rewards_per_func.shape[-1]
grouped = rewards_per_func.view(-1,

num_generations, K)

mean_k = nanmean(grouped, dim=1,
keepdim=True)
std_k = nanstd(grouped, dim=1,

keepdim=True)

# 1) per-reward advantages (MO-GRPO):
[B, G, K]
A_k = (grouped - mean_k) / (std_k +

eps)
# 2) sum across rewards -> final

advantage: [B, G]
A = nansum(A_k, dim=2)

return A.view(-1)

Parameter

temperature 0.7
learning rate 2e-6
adam beta1 0.9
adam beta2 0.99
weight decay 0.1
gradient accumulation steps 4
num generations 8
num train epochs 3
beta 0.04
LoRA rank 128
LoRA alpha 128

Table 11: Parameter Setting of the Experiment in
WMT for GRPO, Dr. GRPO, and MO-GRPO.
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