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Overview This supplementary material provides addi-
tional details to support the main paper:
1. Full version of the Related Work section, including ex-

tended discussions and citations.
2. Detailed descriptions of training procedures, hyperpa-

rameters, and evaluation protocols.
3. Human evaluation results across various settings and

tasks.
4. Additional analyses of GRPO-Guard, including the rela-

tionship between reward hacking and denoising steps, as
well as statistics on clipping fraction.

5. Comparison with KL Regularization.

1. Related Works

1.1. Alignment for Large Language Models
Recent years witness a shift from supervised fine-tuning
to interactive, reinforcement-style alignment when adapt-
ing Large Language Models(LLMs) [1] to human in-
tent [26, 29]. Reinforcement Learning from Human Feed-
back (RLHF) [9] — which typically trains a reward model
from pairwise human comparisons and then optimizes a
policy using RL algorithms such as PPO [25] — becomes a
standard pipeline for this purpose [2, 5, 22]. However, PPO-
based RLHF pipelines are often computationally intensive
and sensitive to reward-model inaccuracies, which has mo-
tivated the development of more stable and efficient alterna-
tives. One such direction is Direct Preference Optimization
(DPO) [23], which bypasses explicit reinforcement learning
by directly optimizing model parameters on human pref-
erence pairs, achieving similar alignment effects with re-
duced complexity. More recently, Group Relative Policy
Optimization(GRPO) methods have already been adopted
in production-scale LLM alignment flows [11, 14], demon-
strating that group-relative updates can yield stable im-
provements in instruction following and preference align-
ment.

1.2. RL for Diffusion and Flow Models.
Diffusion and flow-matching models [13, 17, 24, 28] de-
compose the process of visual generation into iterative de-
noising steps, revolutionizing the field of visual synthe-
sis and achieving remarkable results in both image and
video generation. Building on the success of reinforce-
ment learning (RL) algorithms in Large Language Models
(LLMs), similar optimization paradigms—such as PPO [3,
25] and DPO [30]—have been effectively transferred to dif-

fusion models, enabling preference alignment and improved
task-specific performance. Following this trend, Flow-
GRPO [18] and DanceGRPO [36] integrate GRPO-style
policy updates into flow-matching models, transforming de-
terministic ODE sampling into stochastic SDE formulations
to introduce exploration noise for group-based optimiza-
tion. More recently, MixGRPO [16] proposes a hybrid
ODE–SDE sampling strategy that significantly improves
training efficiency while maintaining comparable genera-
tion quality. Meanwhile, Flow-CPS [31] identifies a criti-
cal issue in the SDE sampling process used by FlowGRPO
and DanceGRPO—namely, the inconsistency of noise co-
efficients across timesteps—which leads to excessive resid-
ual noise and inaccurate reward estimation. To address
this, Flow-CPS introduces a noise-consistent SDE sampling
scheme that accelerates GRPO optimization by improving
reward accuracy. In parallel, TempFlowGRPO [12] and
G2RPO [37] address the reward sparsity and inaccuracy
caused by assigning a single global reward to multi-step
SDE trajectories. Most existing methods focus on improv-
ing policy optimization efficiency but overlook a critical
issue—over-optimization, which severely degrades visual
quality. In this work, we conduct an in-depth analysis of
this problem and propose an effective solution.

1.3. Reward Over-optimization.

Reward over-optimization [9, 21], also referred to as re-
ward hacking [20, 27], poses a significant challenge in re-
inforcement learning for diffusion and flow models, aris-
ing from the limitations of imperfect proxy reward mod-
els [19, 32, 35] (RMs) for human or task-specific prefer-
ences. In practice, optimizing a learned proxy RM often im-
proves its corresponding proxy metric, but alignment with
the true objective—such as perceptual quality or human-
evaluated preference—typically holds only for a short pe-
riod, after which further optimization can degrade genera-
tion quality, as illustrated in Figure ??.

To mitigate this issue, common strategies include reg-
ularizing policy updates with a heavy KL-divergence
penalty [8, 18] toward a supervised fine-tuned policy. KL
regularization helps mitigate over-optimization by reduc-
ing drift from the reference policy, but it can also slow the
improvement of both proxy scores and true-performance
metrics, potentially leading to degraded overall perfor-
mance. Clipping importance ratios [25] further constrains
updates from overly confident positive and negative sam-
ples, preventing harmful updates and stabilizing policy op-



timization, thereby reducing the risk of entering an over-
optimization phase. Additionally, scaling up reward mod-
els [9, 33], using ensembles [6, 7], or composing RMs from
multiple perspectives can further reduce overfitting to a sin-
gle proxy, although at significant computational cost. Early
stopping [3] and monitoring generation quality provide ad-
ditional safeguards against excessive reward exploitation,
but they may also halt training prematurely, potentially
leaving the policy under-optimized.

However, in flow-matching models, the inherent bias in
the importance ratio causes the clipping mechanism to fail
to function as intended, allowing overly confident positive
updates to pass unchecked and driving the policy into an
over-optimization regime. In this work, we analyze this
phenomenon in depth and propose methods to mitigate im-
plicit over-optimization, thereby restoring stable and reli-
able policy updates.

2. Experimental Setting

Implementation Details: We conduct experiments on
two baselines, Flow-GRPO [18] and DanceGRPO [36], us-
ing two backbone models, SD3.5-M and Flux.1-dev, to
validate the effectiveness of our method in mitigating re-
ward hacking. Following the Flow-GRPO setting, we ap-
ply LoRA fine-tuning for both baselines, with the LoRA
rank set to 32, the scaling factor α set to 64, a learning rate
of 3e-4, and a clip range of 1e-4. For GRPO-Guard, due
to the differences in ratio distributions and gradient mag-
nitudes across steps, we set the clip range to 2e-6, with a
learning rate of 1e-4 on SD3.5-M and 2e-4 on Flux.1-dev.
Notably, since PickScore rewards exhibit relatively minor
reward hacking, we use a smaller clip range of 4e-6. All
experiments are conducted on 16 × NVIDIA A800 GPUs.
KL loss is not applied. The training and validation datasets
are kept consistent with FlowGRPO.

Evaluation Metrics: Following Flow-GRPO, we conduct
experiments on three proxy tasks: GenEval [10], TextRen-
der [4], and PickScore [15]. GenEval is a rule-based eval-
uation framework that assesses a generator’s ability to fol-
low textual instructions by measuring object count, color
consistency, and spatial arrangement. PickScore is derived
from human preference data, where a regression head is
fine-tuned on a CLIP encoder so that its scores align with
human judgments. To comprehensively evaluate reward
hacking, we further construct a composite gold score based
solely on image quality, measured by HPSv2 [34], Im-
ageReward [35], and UnifiedReward [32]. During training,
we monitor the gold score online by using PickScore for the
GenEval and TextRender tasks. For the validation datasets,
GenEval, PickScore, and TextRender use the corresponding
validation sets from FlowGRPO, while HPSv2, ImageRe-

ward, and UnifiedReward all use the PickScore validation
set.

3. Human Evaluation

We conduct a human preference evaluation to assess im-
age quality, text alignment, and overall quality between the
baseline methods and GRPO-Guard. On both the Geneval
and OCR tasks, human evaluators compare 100 sample
pairs, and the win/tie/lose ratios are shown in Figure 1.
The results demonstrate a clear superiority of GRPO-Guard
in both image quality and overall quality, indicating that
the baseline methods suffer from severe over-optimization,
leading to a notable degradation in visual fidelity.

Figure 1. Human evaluation results.

4. Analysis

Hacking Step: Due to the malfunctioning clipping mech-
anism, gradients from all steps with importance ratios ex-
ceeding 1 + ϵ are not truncated. Consequently, the hack-
ing model exhibits abnormal behaviors across all denoising
stages. we visualize the one-step sampled x0 predictions
from vθ at different diffusion steps, as shown in Figure 2.
At high-noise steps, the hacking model shows clear patho-
logical patterns: the generated images contain overly sim-
plistic and uniform structures—typically limited to the main
subjects such as a dog and a table—while omitting broader
contextual elements. The global layout appears to be de-
termined prematurely, leaving little room for diverse or de-
tailed scene composition. At low-noise steps, compared
with the base model, the hacking model loses its ability to
refine fine-grained details. Even during the final denois-
ing stages, substantial residual noise and artifacts remain,
resulting in degraded visual quality. These observations in-
dicate that the hacking model suffers from persistent capa-
bility degradation throughout the entire denoising process,
which aligns with our analysis that gradients beyond 1 + ϵ
are never clipped across all timesteps—ultimately causing
severe over-optimization.



Figure 2. Performance differences between the hacking model and the original model across different denoising steps.

Clip Fraction: We statistically analyze and visualize the
clipping ratios of the baseline methods FlowGRPO and
GRPO-Guard across different denoising steps. The pro-
portions of samples with importance ratios r(θ) larger than
1+ϵand smaller than 1−ϵ are recorded separately, as shown
in the Figure 4. As expected, in FlowGRPO, a large num-
ber of clipping events with ratios smaller than 1 − ϵ oc-
cur only at the final step (step 8), while the proportion of
clipping with ratios larger than 1 + ϵ — corresponding to
truncation of gradients with positive advantages — remains
zero. This imbalance leads to the over-optimization phe-
nomenon. In contrast, GRPO-Guard exhibits more stable
and balanced clipping ratios across all steps, with the pro-
portions of > 1+ ϵ and < 1− ϵ clipping remaining roughly
equal. This indicates that the distributional bias of the ratio
has been effectively corrected and the unhealthy clipping
mechanism has been mitigated.

Figure 3. Comparison with KL Regularization.

5. Comparison with KL Regularization

Following your suggestion, we conduct experiments on the
OCR task with four settings (all with a KL coefficient of
0.04): 1) GRPO-Guard + KL, 2) Flow-GRPO + KL, 3)
Flow-GRPO, 4) GRPO-Guard. As shown in Figure 3, incor-
porating standard KL regularization into Flow-GRPO sub-
stantially reduces optimization efficiency, consistent with
prior observations. In contrast, GRPO-Guard achieves sig-
nificantly faster and more stable optimization, and attains
a higher Gold Score even when combined with KL regu-
larization. Notably, GRPO-Guard + KL consistently out-
performs KL-regularized Flow-GRPO, demonstrating that
the proposed method remains effective in practical, KL-
regularized settings. This difference can be attributed to the
fundamentally different roles of the two mechanisms. Stan-
dard KL regularization mitigates reward hacking by glob-
ally constraining the policy to remain close to the reference
model, acting as a persistent hard constraint throughout op-
timization, which inevitably suppresses learning efficiency.
In contrast, GRPO-Guard provides a targeted and predic-
tive safeguarding mechanism: it dynamically identifies and
truncates potentially harmful updates based on real-time
distributional shifts, while leaving benign updates largely
unaffected.
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Figure 4. Clipping percentage of r(θ) < 1 − ϵ and r(θ) > 1 + ϵ during training for FlowGRPO and GRPO-Guard across different
denoising steps.
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