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Abstract

We propose Flow-GRPO, the first method to integrate online policy gradient
reinforcement learning (RL) into flow matching models. Our approach uses two
key strategies: (1) an ODE-to-SDE conversion that transforms a deterministic
Ordinary Differential Equation (ODE) into an equivalent Stochastic Differential
Equation (SDE) that matches the original model’s marginal distribution at all
timesteps, enabling statistical sampling for RL exploration; and (2) a Denoising
Reduction strategy that reduces training denoising steps while retaining the original
number of inference steps, significantly improving sampling efficiency without
sacrificing performance. Empirically, Flow-GRPO is effective across multiple
text-to-image tasks. For compositional generation, RL-tuned SD3.5-M generates
nearly perfect object counts, spatial relations, and fine-grained attributes, increasing
GenEval accuracy from 63% to 95%. In visual text rendering, accuracy improves
from 59% to 92%, greatly enhancing text generation. Flow-GRPO also achieves
substantial gains in human preference alignment. Notably, very little reward
hacking occurred, meaning rewards did not increase at the cost of appreciable
image quality or diversity degradation.

1 Introduction

Flow matching [2, 3] models have become dominant in image generation [4, 5] due to their solid
theoretical foundations and strong performance in producing high quality images. However, they often
struggle with composing complex scenes involving multiple objects, attributes, and relationships [6, 7],
as well as text rendering [8]. At the same time, online reinforcement learning (RL) [9] has proven
highly effective in enhancing the reasoning capabilities of large language models (LLMs) [10, 11].
While previous research has mainly focused on applying RL to early diffusion-based generative
models [12] and offline RL techniques like direct preference optimization [13] for flow-based
generative models [14, 15], the potential of online RL in advancing flow matching generative models
remains largely unexplored. In this study, we explore how online RL can be leveraged to effectively
improve flow matching models.

Training flow models with RL presents several critical challenges: (1) Flow models rely on a
deterministic generative process based on ODEs [3], meaning they cannot sample stochastically
during inference. In contrast, RL relies on stochastic sampling to explore the environment, learning
by trying different actions and improving based on rewards. This need for stochasticity in RL conflicts
with the deterministic nature of flow matching models. (2) Online RL depends on efficient sampling
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Figure 1: (a) GenEval performance rises steadily throughout Flow-GRPO’s training and outperforms
GPT-40. (b) Image quality metrics on DrawBench [1] remain essentially unchanged. (¢) Human
Preference Scores on DrawBench improves after training. Results show that Flow-GRPO enhances
the desired capability while preserving image quality and exhibiting minimal reward-hacking.

to collect training data, but flow models typically require many iterative steps to generate each sample,
limiting efficiency. This issue is more pronounced with large models [5, 4]. To make RL practical for
tasks like image or video generation, improving sampling efficiency is essential.

To address these challenges, we propose Flow-GRPO, which integrates GRPO [16] into flow
matching models for text-to-image (T2I) generation, using two key strategies. First, we adopt
the ODE-to-SDE strategy to overcome the deterministic nature of the original flow model. By
converting the ODE-based flow into an equivalent Stochastic Differential Equation (SDE) framework,
we introduce randomness while preserving the original marginal distributions. Second, to improve
sampling efficiency in online RL, we apply the Denoising Reduction strategy, which reduces
denoising steps during training while keeping the full schedule during inference. Our experiments
show that using fewer steps maintains performance while significantly reducing data generation costs.

We evaluate Flow-GRPO on T2I tasks with various reward types. (1) Verifiable rewards, using the
GenEval [17] benchmark and visual text rendering task. GenEval includes compositional image
generation tasks (e.g., generating specific object counts, colors, and spatial relationships), which
can be automatically assessed with object detection methods. Flow-GRPO improves the accuracy
of Stable Diffusion 3.5 Medium (SD3.5-M) [4] from 63% to 95% on GenEval, outperforming the
state-of-the-art GPT-40 [18] model. For visual text rendering, SD3.5-M’s accuracy increases from
59% to 92%, greatly enhancing its text generation ability. (2) Model-based rewards, such as the
human preference Pickscore [19] reward. These results show that our framework is task independent,
demonstrating its generalizability and robustness. Importantly, all improvements are achieved with
very little reward hacking, as demonstrated in Figure 1.

To summarize, the contributions of Flow-GRPO are as follows:

* We are the first to introduce GRPO to flow matching models by converting deterministic ODE
sampling into SDE sampling, showing the effectiveness of online RL for T2I tasks. Flow-GRPO
improves SD3.5-M accuracy from 63% to 95% without noticeably compromising image quality.

* We find that online RL for flow matching models does not require the standard long timesteps
for training sample collection. By using fewer denoising steps during training and retaining the
original steps during testing, we can significantly accelerate the training process.

* We show that the Kullback-Leibler (KL) constraint effectively prevents reward hacking, where
reward increases at the cost of image quality or diversity. KL regularization is not empirically
equivalent to early stopping. With a proper KL term, we can match the high reward of the KL-free
version while preserving image quality, albeit with longer training.



2 Related Work

RL for LLM. Online RL has effectively improved the reasoning abilities of LLMs, such as
DeepSeek-R1 [10] and OpenAl-ol [11], using policy gradient methods like PPO [20] or value-free
GRPO [16]. GRPO is more memory efficient by removing the need for a value network, so we adopt
it in this work. PPO can also be applied to flow matching in a similar way.

Diffusion and Flow Matching. Diffusion models [21, 22, 23] add Gaussian noise to data and train
a neural network to reverse the process. Sampling uses discrete DDPM steps or probability flow SDE
solvers to generate high-fidelity outputs. Flow matching [2, 3] learns a continuous-time normalizing
flow by directly matching the velocity field, allowing efficient deterministic sampling with only a
few ODE steps. It achieves competitive FID with far fewer denoising steps than diffusion, making
it the dominant choice in recent image [4, 5] and video [24, 25, 26, 27] generation models. Recent
work [28, 29] unifies diffusion and flow models under an SDE/ODE framework. Our work builds on
their theoretical foundations and introduces GRPO to flow-based models.

Alignment for T2I. Recent efforts to align pretrained T2I models with human preferences follow
five main directions: (1) direct fine-tuning with differentiable rewards [30, 31, 32, 33]; (2) Reward
Weighted Regression (RWR) [34, 35, 36, 37]; (3) Direct Preference Optimization (DPO) and vari-
ants [38, 39, 14, 40, 41, 42, 43, 44, 45, 46]; (4) PPO-style policy gradients [47, 48, 49, 50, 51, 52];
(5) training-free alignment methods [53, 54, 55]. These methods have successfully aligned T2I
models with human preferences, improving aesthetics and semantic consistency. Building on this
progress, we introduce GRPO for flow matching models, the backbone of today’s state-of-the-art T21
systems. Concurrent work [56] applies GRPO to text-to-speech flow models, but instead of convert-
ing the ODE to an SDE to inject stochasticity, they reformulate velocity prediction by estimating a
Gaussian distribution (predicting both the mean and variance of velocity), which requires retraining
the pre-trained model. Another study [57] also explores SDE-based stochasticity but focuses on
inference-time scaling.

3 Preliminaries

In this section, we introduce the mathematical formulation of flow matching and describe how the
denoising process can be mapped as a multi-step MDP.

Flow Matching. Let xy ~ X be a data sample from the true distribution, and ; ~ X; denote a
noise sample. Recent advanced image-generation models (e.g., [4, 5]) and video-generation models
(e.g., [24, 26, 25, 27]) adopt the Rectified Flow [3] framework, which defines the “noised” data x; as

:Et:(l—t):to + t.’Bl, (1)

fort € [0,1]. Then a transformer model are trained to directly regress the velocity field vg(x:,t) by
minimizing the Flow Matching objective [2, 3]:

[’(9) = Et7 xo~Xo, T1~X1 [ ||’U - UG(wht)Hﬂ’ (2)

where the target velocity field is v = x; — x¢.

Denoising as an MDP. As shown in [12], the iterative denoising process in flow matching models
can be formulated as a Markov Decision Process (MDP) (S, A, po, P, R). The state at step ¢ is
s £ (¢, t,x;), the action is the denoised sample a; £ 2 predicted by the model, and the
policy is m(a; | s;) = pg(xs_1 | x¢,c). The transition is deterministic: P(syyq | 8¢, a;) 2
(8¢, 6t—1,02,_,), and the initial state distribution is po(so) = (p(e), 67, N (0,1)), where 6, is the
Dirac delta distribution centered at y. The reward is only given at the final step: R(s;, a;) = 7(xq, c)
if ¢ = 0, and O otherwise.

4 Flow-GRPO

In this section, we present Flow-GRPO, which enhances flow models using online RL. We begin by
revisiting the core idea of GRPO [16] and adapting it to flow matching. We then show how to convert
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Figure 2: Overview of Flow-GRPO. Given a prompt set, we introduce an ODE-to-SDE strategy
to enable stochastic sampling for online RL. With Denoising Reduction (only T = 10 steps), we
efficiently gather low-quality but still informative trajectories. Rewards from these trajectories feed
the GRPO loss, which updates the model online and yields an aligned policy.

Function

the deterministic ODE sampler into a SDE sampler with the same marginal distribution, introducing
the stochasticity needed for applying GRPO. Finally, we introduce Denoise Reduction, a practical
sampling strategy that significantly speeds up training without sacrificing performance.

GRPO on Flow Matching. RL aims to learn a policy that maximizes the expected cumulative
reward. This is often formulated as optimizing a policy 7y with a regularized objective:

T
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Unlike other policy based methods like PPO [20], GRPO [16] provides a lightweight alternative,
which introduces a group relative formulation to estimate the advantage.

Recall that the denoising process can be formulated as an MDP, as shown in Section 3. Given a prompt
c, the flow model py samples a group of G individual images {x }$ ; and the corresponding reverse-
time trajectories {(xt, i _,,- -+ ,x8)}% . Then, the advantage of the i-th image is calculated by
normalizing the group-level rewards as follows:
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From ODE to SDE. GRPO relies on stochastic sampling in Eq. 4 and Eq. 5 to generate diverse
trajectories for advantage estimation and exploration. Diffusion models naturally support this: the



forward process adds Gaussian noise step by step, and the reverse process approximates a score-based
SDE solver via a Markov chain with decreasing variance. In contrast, flow matching models use a
deterministic ODE for the forward process:

d%t = ’Utdt7 (6)

where v, is learned via the flow matching objective in Eq. 2. A common sampling method is to
discretize this ODE, yielding a one-to-one mapping between successive time steps.

This deterministic approach fails to meet the GRPO policy update requirements in two key ways:
(1) r4(0) in Eq. 5 requires computing p(x;_1 | x¢, ¢), which becomes computationally expensive
under deterministic dynamics due to divergence estimation. (2) More importantly, RL depends
on exploration. As shown in Section 5.3, reduced randomness greatly lowers training efficiency.
Deterministic sampling, with no randomness beyond the initial seed, is especially problematic.

To address this limitation, we convert the deterministic Flow-ODE from Eq. 6 into an equivalent
SDE that matches the original model’s marginal probability density function at all timesteps. We
outline the key process here. A detailed proof is provided in Appendix A. Following [23, 28, 29], we
construct a reverse-time SDE formulation that preserves the marginal distribution:

2

dx; = (vt(a:t) - C;tVlogpt(:ct)> dt + odw, (7

where dw denotes Wiener process increments and o control the level of stachasticity during genera-
tion. For rectified flow, Eq. 7 is specified as:

2

dx; = [vt(:l:t) + % (¢ + (1 - t)vt(wt))] dt + oy dw. ®)

Applying Euler-Maruyama discretization yields the final update rule:

2
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where € ~ N(0, I) injects stochasticity. We use o; = a,/ ﬁ in this paper, where a is a scalar
hyper-parameter that controls the noise level (See Section 5.3 for its impact on performance).

Eq. 9 reveals that the policy mp(@:—1 | @+, €) is an isotropic Gaussian distribution. We can easily
compute the KL divergence between 7y and the reference policy mr in Eq. 5 as a closed form:

|Ttinto — Troacretl> At (o1 —1) 1)° 2
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Denoising Reduction. To produce high-quality images, flow models typically require many de-
noising steps, making data collection costly for online RL. However, we find that large timesteps
are unnecessary during online RL training. We can use significantly fewer denoising steps during
sample generation, while retaining the original denoising steps during inference to get high-quality
samples. Note that we set the timestep 7" as 10 in training, while the inference timestep 7" is set as the
original default setting (1" = 40) for SD3.5-M. Our experiments reveals that this approach enables
fast training without sacrificing image quality at test time.

5 Experiments

This section empirically evaluates Flow-GRPO’s ability to improve flow matching models on three
tasks. (1) Composition Image Generation: This task requires precise object arrangement and attribute
control. We report the results on GenEval. (2) Visual Text Rendering: a rule-based task that evaluates
the accurate rendering of the text specified in the prompt. (3) Human Preference Alignment: This
task aims to align T2I models with human preferences.

5.1 Experimental Setup

We introduce three tasks, detailing their respective prompts and reward definitions. For hyperparame-
ter details and compute resource specifications, please refer to Appendix B.3 and Appendix B.4.



Compositional Image Generation. GenEval [17] assesses T2I models on complex compositional
prompts—Ilike object counting, spatial relations, and attribute binding—across six difficult composi-
tional image generation tasks. We use its official evaluation pipeline, which detects object bounding
boxes and colors, then infers their spatial relations. Training prompts are generated using official
GenEval scripts, which apply templates and random combinations to construct the prompt dataset.
The test set is strictly deduplicated: prompts differing only in object order (e.g., "a photo of A
and B" vs. "a photo of B and A") are treated as identical, and these variants are removed from
the training set. Based on the base model’s initial accuracy across the six tasks, we set the prompt ratio
as Position : Counting : Attribute Binding : Colors : Two Objects : Single Object =
7:5:3:1:1:0. Rewards are rule-based: (1) Counting: r = 1 — | Ngen — Nret|/Nrer; (2) Position
/ Color: If the object count is correct, a partial reward is assigned; the remainder is granted when the
predicted position or color is also correct.

Visual Text Rendering [8]. Text is common in images such as posters, book covers, and memes, so
the ability to place accurate and coherent text inside the generated images is crucial for T2I models.
In our settings, we define an text rendering task, where each prompt follows the template ‘A sign
that says ‘‘text’’. Specifically, the placeholder ¢“text’’ is the exact string that should appear in
the image. We use GPT4o to produce 20K training prompts and 1K test prompts. Following [58],
we measure text fidelity with the reward » = max(1 — N, /Ny, 0), where IV, is the minimum edit
distance between the rendered text and the target text and V¢ is the number of characters inside the
quotation marks in the prompt. This reward also serves as our metric of text accuracy.

Human Preference Alignment [19]. This task aims to align T2I models with human preferences.
We use PickScore [19] as our reward model, which is based on large-scale human annotated
pairwise comparisons of images generated from the same prompt. For each image and prompt pair,
PickScore provides an overall score that evaluates multiple criteria, such as the alignment of the
image with the prompt and its visual quality.

Image Quality Evaluation Metric. Since the T2I model is trained to maximize a predefined
reward, it is vulnerable to reward hacking, where the reward increases but image quality or diversity
declines. This study aims to make online RL effective for T2I generation without noticeably
compromising quality or diversity. To detect reward hacking beyond task-specific accuracy, we
evaluate four automatic image quality metrics: Aesthetic Score [59], DeQA [60], ImageReward [32],
and UnifiedReward [61] (see Appendix B.1 for details). All metrics are computed on DrawBench [1],
a comprehensive benchmark with diverse prompts for T2I models.

5.2 Main Results

Figure 1 and Table 1 show Flow-GRPO’s GenEval performance steadily improving during training,
ultimately outperforming GPT-40. This occurs while maintaining both image quality metrics and
preference scores on DrawBench, a benchmark with diverse and comprehensive prompts for evalu-
ating general model capabilities. Figure 3 offers qualitative comparisons. Beyond Compositional
Image Generation, Table 2 details evaluations on Visual Text Rendering and Human Preference tasks.
Flow-GRPO improved text rendering ability, again without decreasing image quality metrics and
preference scores on DrawBench. See Figures 13, 14 & 15 in Appendix C.6 for related qualitative
examples. For the Human Preference task, image quality did not decrease without KL regulariza-
tion. However, we found that omitting KL caused a collapse in visual diversity, a form of reward
hacking discussed further in Section 5.3. These results demonstrate that Flow-GRPO boosts desired
capabilities while causing very little degradation to image quality or visual diversity.

Flow-GRPO vs. Other Alignment Methods. We compare Flow-GRPO with several alignment
methods: supervised fine-tuning (SFT), Flow-DPO [14, 39], and their online variants. Flow-GRPO
consistently outperforms all baselines by a significant margin. At each step, we generate a group of
images using the same group size as in Flow-GRPO. The only difference lies in the update rule:

* SFT: Select the highest-reward image in each group and fine-tune on it.

* Flow-DPO: Use the highest-reward image in each group as the chosen sample and the lowest as
the rejected, then apply the DPO loss.



Table 1: GenEval Result. Best scores are in blue , second-best in green . Results for models other
than SD3.5-M are from [7] or their original papers. Obj.: Object; Attr.: Attribution.

Model | Overall | Single Obj. Two Obj. Counting Colors Position Attr. Binding
Diffusion Models
LDM [62] 0.37 0.92 0.29 0.23 0.70 0.02 0.05
SD1.5 [62] 0.43 0.97 0.38 0.35 0.76 0.04 0.06
SD2.1 [62] 0.50 0.98 0.51 0.44 0.85 0.07 0.17
SD-XL [63] 0.55 0.98 0.74 0.39 0.85 0.15 0.23
DALLE-2 [64] 0.52 0.94 0.66 0.49 0.77 0.10 0.19
DALLE-3 [65] 0.67 0.96 0.87 0.47 0.83 0.43 0.45
Autoregressive Models
Show-o [66] 0.53 0.95 0.52 0.49 0.82 0.11 0.28
Emu3-Gen [67] 0.54 0.98 0.71 0.34 0.81 0.17 0.21
JanusFlow [68] 0.63 0.97 0.59 0.45 0.83 0.53 0.42
Janus-Pro-7B [69] 0.80 0.99 0.89 0.59 0.90 0.79 0.66
GPT-40 [18] 0.84 0.99 0.92 0.85 0.92 0.75 0.61
Flow Matching Models
FLUX.I Dev [5] 0.66 0.98 0.81 0.74 0.79 0.22 0.45
SD3.5-L [4] 0.71 0.98 0.89 0.73 0.83 0.34 0.47
SANA-1.54.8B [70] 0.81 0.99 0.93 0.86 0.84 0.59 0.65
SD3.5-M [4] 0.63 0.98 0.78 0.50 0.81 0.24 0.52
SD3.5-M+Flow-GRPO ‘ 0.95 1.00 0.99 0.95 0.92 0.99 0.86
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Figure 3: Qualitative Comparison on the GenEval Benchmark. Our approach demonstrates
superior performance in Counting, Colors, Attribute Binding, and Position.

Offline variants use a fixed pretrained model for data collection, while online variants update their
data collection models every 40 steps. As shown in Figure 4, Flow-GRPO outperforms all base-
lines. Online DPO also surpasses its offline counterpart, consistent with [15]. For the second-best
online DPO, a hyperparameter search on its key parameter (3 revealed that smaller values are not
always optimal; excessively small 3 values can cause training collapse. Appendix C presents more
comprehensive comparisons covering additional methods and tasks.



Table 2: Performance on Compositional Image Generation, Visual Text Rendering, and Human
Preference benchmarks, evaluated by task performance on test prompts, and by image quality and
preference scores on DrawBench prompts. ImgRwd: ImageReward; UniRwd: UnifiedReward.

Model Task Metric Image Quality Preference Score
GenEval OCR Acc. PickScore Aesthetic DeQA ImgRwd PickScore UniRwd
SD3.5-M 0.63 0.59 21.72 5.39 4.07 0.87 22.34 3.33
Compositional Image Generation
Flow-GRPO (w/o KL) 0.95 — — 4.93 2.77 0.44 21.16 2.94
Flow-GRPO (w/ KL) 0.95 — — 5.25 4.01 1.03 22.37 3.51
Visual Text Rendering
Flow-GRPO (w/o KL) — 0.93 — 5.13 3.66 0.58 21.79 3.15
Flow-GRPO (w/ KL) — 0.92 — 5.32 4.06 0.95 22.44 3.42
Human Preference Alignment
Flow-GRPO (w/o KL) — — 23.41 6.15 4.16 1.24 23.56 3.57
Flow-GRPO (w/ KL) — — 23.31 5.92 4.22 1.28 23.53 3.66
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Figure 4: Comparison with Other Alignment  Figure 5: Ablation Studies on Different Group
Methods on the Compositional Generation Task.  Size G. Higher group size performs better.

5.3 Analysis

This section presents several analyses to better understand the behavior and robustness of Flow-GRPO.
We examine issues such as reward hacking, the impact of denoising reduction and noise levels, the
effect of group size, and the model’s generalization ability. We provide additional analyses in the
Appendix C.

Reward Hacking. We use KL regularization to mitigate reward hacking by tuning the KL coef-
ficient to keep the divergence small and nearly constant during training, keeping the model close
to its pretrained weights. This allows task-specific reward optimization without harming overall
performance. As shown in Table 2, removing the KL constraint for Compositional Image Generation
and Visual Text Rendering significantly reduces image quality and preference scores on DrawBench.
In contrast, a properly tuned KL preserves quality while achieving similar gains on task-specific
metrics. In the Human Preference Alignment task, removing KL does not affect image quality,
likely due to overlap between PickScore and evaluation metrics, but causes a collapse in visual
diversity. Outputs converge to a single style, with different seeds producing nearly identical results.
KL regularization prevents this collapse and maintains diversity. See Figure 12 in Appendix C.5 for
training curves and Figure 6 for more examples.

Effect of Denoising Reduction. Figure 7 (a) highlights Denoising Reduction’s significant impact
on accelerating training. To explore how different timesteps affect optimization, these experiments
are conducted without the KL constraint. Reducing data collection timesteps from 40 to 10 achieves
over a 4x speedup across all three tasks, without impacting final reward. Further reducing to 5 does
not consistently improve speed and sometimes slows training, so we choose 10 timesteps for later
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Figure 6: Effect of KL Regularization. The KL penalty effectively suppresses reward hacking,
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experiments. For the other two tasks, learning curves of reward versus training time are presented in
Figure 9 in the Appendix C.2.

Effect of Noise Level. Higher o, in the SDE boosts image diversity and exploration, vital for RL
training. We control this exploration with a noise level a (Eq. 9). Figure 7 (b) shows the impact of a
on performance. A small a (e.g., 0.1) limits exploration and slows reward improvement. Increasing a
(up to 0.7) boosts exploration and speeds up reward gains. Beyond this point (e.g., from 0.7 to 1.0),
further increases provide no additional benefit, as exploration is already sufficient. We also observe
that injecting too much noise by further increasing a degrades image quality, resulting in zero reward
and failed training.
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Figure 7: Ablation studies on our critical design choices. (a) Denoising Reduction: Fewer denoising
steps accelerate convergence and yield similar performance. (b) Noise Level: Moderate noise level
(a = 0.7) maximises OCR accuracy, while too little noise hampers exploration.

Effect of Group Size. Figure 5 shows the effect of group size G using PickScore as the reward
function. When the group size was reduced to G = 12 and G = 6, training became unstable and
eventually collapsed, whereas G = 24 remained stable throughout the process. We observe that
smaller group sizes produce inaccurate advantage estimates, increasing variance and leading to
training collapse, a phenomenon also reported in [71, 72].

Generalization Analysis. Flow-GRPO demonstrates strong generalization on unseen scenarios
from GenEval (Table 4). Specifically, it captures object number, color, and spatial relations, generaliz-
ing well to unseen object classes. It also effectively controls object count, generalizing from training
on 2 — 4 objects to generate 5 — 6 or 12 objects. Furthermore, Table 3 shows Flow-GRPO achieves



significant gains on T2I-CompBench++ [6, 73]. This comprehensive benchmark for open-world
compositional T2I generation features object classes and relationships substantially different from
our model’s GenEval-style training data.

Table 3: T2I-CompBench++ Result. This evaluation uses the same model presented in Table 1,
which was trained on the GenEval-generated dataset. The best score is in blue .

Model Color Shape Texture 2D-Spatial 3D-Spatial Numeracy Non-Spatial
Janus-Pro-7B [69] 0.5145 0.3323 0.4069 0.1566 0.2753 0.4406 0.3137
EMU3 [67] 0.7913 0.5846 0.7422 — — — —
FLUX.1 Dev [5] 0.7407 0.5718 0.6922 0.2863 0.3866 0.6185 0.3127
SD3.5-M [4] 0.7994 0.5669 0.7338 0.2850 0.3739 0.5927 0.3146
SD3.5-M+Flow-GRPO  0.8379 0.6130 0.7236 0.5447 0.4471 0.6752 0.3195

Table 4: Flow-GRPO demonstrates strong generalization. Unseen Objects: Trained on 60 object
classes, evaluated on 20 unseen classes. Unseen Counting: Trained to render 2, 3, or 4 objects, and
evaluated in two settings: rendering 5 or 6 objects, and rendering 12 objects.

Method Unseen Objects Unseen Counting
Overall Single Obj. Two Obj. Counting Colors Position Attr. Binding 5—6 Objects 12 Objects

SD3.5-M 0.64 0.96 0.73 0.53 0.87 0.26 0.47 0.13 0.02

SD3.5-M+Flow-GRPO 0.90 1.00 0.94 0.86 0.97 0.84 0.77 0.48 0.12

6 Conclusion

We have presented Flow-GRPO, the first method to integrate online policy gradient RL into flow
matching models. By converting deterministic ODEs to SDEs and reducing denoising steps during
training, Flow-GRPO enables efficient RL-based optimization without noticeably compromising im-
age quality or diversity. Our method significantly improves performance on compositional generation,
text rendering, and human preference alignment, with minimal reward hacking. Flow-GRPO offers a
simple and general framework for applying online RL to flow-based generative models.

Limitations & Future Work. Although this work focuses on T2I tasks, Flow-GRPO has potential
for video generation [25, 27], raising several future directions: (1) Reward Design: Simple heuristics,
such as using object detectors or trackers as rule-based rewards, can encourage physical realism
and temporal consistency, but more advanced reward models are needed. (2) Balancing Multiple
Rewards: Video generation requires optimizing multiple objectives, including realism, smoothness,
and coherence. Balancing these competing goals remains challenging and demands careful tuning.
(3) Scalability: Video generation is far more resource-intensive than T2I, so applying Flow-GRPO
at scale requires more efficient data collection and training pipelines. Additionally, better methods
for preventing reward hacking are worth exploring. While KL regularization helps significantly, it
requires longer training and occasional reward hacking occurs for certain prompts.
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Our Appendix consists of 4 sections. Readers can click on each section number to navigate to the
corresponding section:

 Section A provides detailed derivations of stochastic sampling in flow matching models.
 Section B presents details about our experimental setup.

* Section C offers some additional experimental results, including 1) the comparison with other
alignment methods, 2) ablation of denoising reduction on OCR accuracy and pickscore, 3)
ablation of initial noise, 4) additional results on FLUX.1-Deyv, 5) the learning curves of Flow-
GRPO on three tasks, 6) additional qualitative results, and 7) evolution of evaluation images

during training.

* Section D provides a visualization of training samples under the denoising reduction strategy.

In addition to this Appendix, we also provide more visualization results, see this website. We
encourage the readers to consult this HTML page for a more intuitive assessment of the improvements
brought by Flow-GRPO.


https://gongyeliu.github.io/Flow-GRPO/

A Mathematical Derivations for Stochastic Sampling using Flow Models

We present a detailed proof here. To compute pg(x:—1 | x:, ¢) in Equation 5 during forward sampling,
we adapt flow models to a stochastic differential equation (SDE). While flow models normally follow
a deterministic ODE:

d:ct = ’Utdt (10)

We consider its stochastic counterpart. Inspired by the derivation from SDE to its probability flow
ODE in SGMs [23], we aim to construct a forward SDE with specific drift and diffusion coefficients
so that its marginal distribution matches that of Eq. 10. We begin with the generic form of SDE:

d(l?t = fSDE(wt7t)dt+crtdw, (11)

Its marginal probability density p: () evolves according to the Fokker—Planck equation [74], i.e.,

1
Ope(x) = =V - [fspe(@e, t)pe ()] + §V2[Ut2pt(f'3)] (12)
Similarly, the marginal probability density associated with Eq. 10 evolves:
Opi(x) = =V - [vi (x4, t)pe ()] (13)

To ensure that the stochastic process shares the same marginal distribution as the ODE, we impose:

=V - [fspe pe(x)] + %Vz[atzpt(x)] = =V [v(xs, t)pe(z)] (14)

Observing that
Voipi(a)] = o7 V2pi(x)
=0V - (Vpi()) (15)
= UtQV “(pe(x)V log pe(z))
Substituting Eq. 15 to Eq. 14, we arrive at the drift coefficients of the target forward SDE:

2
o
fspE = v (x4, t) + éVIogpt(w) (16)

Hence, we can rewrite the forward SDE in Eq. 11 as:

2
de; = (Ut(wt) + JQtVIOgPt(th)> dt + oydw, (I7)

where dw denotes Wiener process increments, and o is the diffusion coefficient controlling the level
of stochasticity during sampling.

The relationship between forward and reverse-time SDEs has been established in [75, 23]. Specifically,
if the forward SDE takes the form

dw, = f(x¢,t)dt + g(t) dw, (18)
then the corresponding reverse-time SDE is

de; = [f(xs,t) — g*(t)V log pi(a:)] dt + g(t) daw. (19)

Setting ¢(t) = o, we obtain the reverse-time SDE corresponding to Eq. 17 as

2
dey = |ve(x4) + %Vlogpt(:ct) — J?V logpt(wt)} dt + oydw. (20)

‘We thus arrive at the final form of the reverse-time SDE:

2
dwt = (’Ut(ﬁl}t) — ?V]ngt(ﬂl?t)) dt + O'tdw, (21)
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Once the score function V log p,(x;) is available, the process can be simulated directly. For flow
matching, this score is implicitly linked to the velocity field v;.

Specifically, let ci; = o /Ot. All expectations are over ¢ ~ X, and &1 ~ N (0, I), where X is
the data distribution.

For the linear interpolation &; = ayxy + [B;x1, we have:

Pt\0($t|$0) =N (93t | atwo,ﬁfI) ) (22)
yielding the conditional score:
Ty — oux T
V log pyjo(@|ao) = ———5— = — = (23)
Bi B
The marginal score becomes:
V log py () = [V 10g prjo (@] To) | %]
For the velocity field v: (), we derive:
vi(x) =E [dtmo + Btwl | & = m}
= a;Efzg | 2 = 2] + fiE[m: | @ = @
o ®e = B ;
=l | —— |z =z | + GiElxy |xs ==
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Substituting a; = 1 — ¢ and 5; = t simplifies Equation 25 to:
x
=———-—VI . 26
vy(x) T3¢ 1 v og pi(x) (26)
Solving for the score yields:
r 1-t
Vliogpi(x) = I v (). (27)
Substituting Equation 27 into 21 gives the final SDE:
2
de; = ['vt(mt) + % (e + (1 — t)vt(mt))] dt + odw. (28)
Applying Euler-Maruyama discretization yields the update rule:
2
Tipat = Ty + |:v9(a:tvt) + ;t (z¢ + (1 — t)vg(z, ))] At + oV Ate, (29)

where € ~ N(0, I) injects stochasticity.

B Further Details on the Experimental Setup

B.1 Quality Metrics

The details of quality metrics are as follows:
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* Aesthetic score [59]: a CLIP-based linear regressor that predicts an image’s aesthetic score.

* DeQA score [60]: a multimodal large language model based image-quality assessment (IQA)
model that quantifies how distortions, texture damage, and other low-level artefacts affect per-
ceived quality.

* ImageReward [32]: a general purpose T2I human preference reward model that captures
text—image alignment, visual fidelity, and harmlessness.

* UnifiedReward [61]: a recently proposed unified reward model for multimodal understanding
and generation that currently achieves state-of-the-art performance on the human preference
assessment leaderboard.

B.2 Model Specification

The following table lists the base model and the reward models and their corresponding links.

Models Links

SD3.5-M [4] https://huggingface.co/stabilityai/stable-diffusion-3.5-medium
Aesthetic Score [59] https://github.com/LAION-AI/aesthetic-predictor

PickScore [19] https://huggingface.co/yuvalkirstain/PickScore_vl

DeQA score [60] https://huggingface.co/zhiyuanyou/DeQA-Score-Mix3

ImageReward [32] https://huggingface.co/THUDM/ImageReward

UnifiedReward [61] https://huggingface.co/CodeGoat24/UnifiedReward-7b-v1.5

B.3 Hyperparameters Specification

Except for 3, GRPO hyperparameters are fixed across tasks. We use a sampling timestep 7" = 10 and
an evaluation timestep 7' = 40. Other settings include a group size G = 24, an noise level a = 0.7
and an image resolution of 512. The KL ratio S is set to 0.04 for GenEval and Text Rendering, and
0.01 for Pickscore. We use Lora with o = 64 and r = 32.

B.4 Compute Resources Specification

We train our model using 24 NVIDIA A800 GPUs. The learning curves in Appendix C.5 provide
details on the specific GPU hours.

C Extended Experimental Results

C.1 Flow-GRPO vs. Other Alignment Methods

We compare Flow-GRPO with several alignment methods: supervised fine-tuning (SFT), reward-
weighted regression (Flow-RWR [14, 76]), Flow-DPO [14], and their online variants. Flow-GRPO
consistently outperforms all baselines by a significant margin. At each step, we generate a group of
images using the same group size as in Flow-GRPO. The only difference lies in the update rule:

* SFT: Select the highest-reward image in each group and fine-tune on it.

* Flow-RWR [14, 76]: Apply a softmax over rewards in each group and perform reward-weighted
likelihood maximization.

* Flow-DPO [14, 39]: Use the highest-reward image in each group as the chosen sample and the
lowest as the rejected, then apply the DPO loss.

Offline variants use a fixed pretrained model for data collection, while online variants update their
data collection model every 40 steps. As shown in Figure 8, Flow-GRPO outperforms all other
methods. The figure also indicates that DPO and SFT improve over time. In contrast, RWR does not,
which aligns with experimental findings on RWR in [12]. Additionally, Online DPO surpasses offline
DPO, aligning with [15]’s finding that online DPO performs better. For the second-best online DPO,
a hyperparameter search on its key parameter (3 revealed that smaller values are not always optimal;
excessively small 3 values can cause training collapse.
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Figure 8: Comparison of Flow-GRPO and Other Alignment Methods on the Human Preference
Alignment task. Since methods like DPO use different tuned batch sizes from Flow-GRPO, we use
the number of training prompts on the x-axis for a fair comparison across these methods.

DDPO. DDPO [12] was originally developed for diffusion-based backbones, so we adapted it to
flow-matching models via our ODE-to-SDE conversion. Using SD3.5-M as the base model and
PickScore as the reward signal, we track the evaluation reward throughout the entire training process
in Figure 8. We find that DDPQO’s reward increases more slowly than Flow-GRPO’s and eventually
collapses in the later stages, whereas Flow-GRPO trains stably and continues to improve consistently
over time.

ReFL. ReFL [32] directly fine-tunes diffusion models by viewing reward model scores as human
preference losses and back-propagating gradients to a randomly-picked late timestep ¢. Following
ImageReward [32], we back-propagate gradients to a randomly chosen late timestep ¢ € [30, 40]
during denoising. Figure 8 shows that GRPO surpasses ReFL when the reward is differentiable, indi-
cating that GRPO maintains strong performance in settings where ReFL applies. More importantly,
GRPO does not require differentiable rewards, enabling direct use of state-of-the-art Vision-Language
Models (VLMs) as reward providers. This offers two key advantages:

* Sophisticated, General-Purpose Rewards: VLMs can conduct human-like evaluations through a
structured reasoning process. Given a prompt, a VLM can decompose it into key criteria, reason
step by step to verify each aspect in the generated image, and then provide a comprehensive overall
score. This enables a single, unified reward model to handle diverse tasks, from text-to-image
generation to complex instruction-based image editing.

* Future-Proof and Cost-Free Upgrades: The field of VLMs is advancing at a breathtaking
pace. By using a VLM as the reward source, our framework automatically benefits from these
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improvements. As VLMs become more capable, the reward model becomes stronger without any
additional training data or computational cost.

ORW. ORW [35] is an online reward-weighted regression method that guides the model to prioritize
high-reward regions. Unlike KL regularization, it employs Wasserstein-2 regularization to prevent
policy collapse and maintain diversity. To ensure a fair comparison, we adopt the same experimental
setup as in our Human Preference Alignment task. For ORW, we set § = 0.5 and o = 1 (lower
values led to unstable training). The steps_per_epoch parameter, which controls how frequently
the data-collecting policy is updated, was chosen from 20, 40, 100, 400 based on best performance.
Table 5 reports reward scores on the test set across training steps. Following ORW’s Table 1, we
randomly sampled 50 DrawBench prompts and generated 64 images per prompt to compute CLIP
and Diversity scores. As shown in Table 6, Flow-GRPO outperforms ORW on both metrics.

Table 5: Reward scores on the test set over training steps.
Method Step 0  Step 240 Step 480 Step 720  Step 960

SD3.5-M + ORW 28.79 29.05 29.15 27.58 23.05
SD3.5-M + Flow-GRPO  28.79 29.10 29.17 29.51 29.89

Table 6: Comparison of CLIP and diversity scores across different fine-tuning methods.

Method CLIP Score 1 Diversity Score 1
SD3.5-M 27.99 0.96
SD3.5-M + ORW 28.40 0.97
SD3.5-M + Flow-GRPO 30.18 1.02

C.2 Effect of Denoising Reduction

We show the extended Denoising Reduction ablations of Visual Text Rendering and Human Preference
Alignment tasks in Figure 9.
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Figure 9: Effect of Denoising Reduction

C.3 Effect of Initial Noise

We initialize each rollout with difference random noise to increase exploratory diversity during RL
training. We perform an additioanl ablation to confirm this claim. With SD3.5-M as the base model
and PickScore as the reward, we compare Flow-GRPO with different initial noise against Flow-GRPO
with the same initial noise. Figure 10 shows the variant with different noise consistently achieved
high rewards during the training process.
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C.4 Additional Results on FLUX.1-Dev

We run Flow-GRPO on FLUX.1-Dev [5] using PickScore as the reward signal. The reward curve rises
steadily throughout training without noticeable reward hacking. Figure 11 shows the reward values
over the training process, and Table 7 compares FLUX.1-Dev with FLUX.1-Dev + Flow-GRPO on
DrawBench.

Table 7: Comparison of FLUX.1-Dev and Flow-GRPO fine-tuned models.

Model Aesthetic DeQA ImageReward PickScore UnifiedReward
FLUX.1-Dev 5.71 431 0.85 22.62 3.65
FLUX.1-Dev + Flow-GRPO 6.02 4.24 1.32 23.97 3.81

C.5 Learning Curves with or without KL

Figure 12 shows learning curves for three tasks, with and without KL. These results emphasize that
KL regularization is not empirically equivalent to early stopping. Adding appropriate KL can achieve
the same high reward as the KL-free version and maintain image quality, though it requires longer
training.

C.6 Additional Qualitative Results

Figures 13, 14 & 15 qualitatively compare SD3.5-M with its Flow-GRPO enhanced versions (with
and without KL regularization) using GenEval, OCR and PickScore rewards, respectively. Flow-
GRPO with KL regularization improves the target capability while maintaining image quality and
minimizing reward-hacking. Conversely, removing the KL constraint significantly degrades image
quality and diversity.

C.7 Evolution of Evaluation Images During Flow-GRPO Training

To better understand the training dynamics of our proposed Flow-GRPO framework, we visualize
the evolution of generated samples corresponding to fixed evaluation prompts at regular intervals
during training in Figure 16, 17 & 18. For consistency, all visualizations are produced using a 40-step
ODE-based sampling schedule. These qualitative results provide a visual representation of how the
model progressively improves its generation quality and alignment with task objectives over time.

D Training Sample Visualization with Denoising Reduction

In this section, we compare images obtained with SDE sampling at various steps against those
produced by ODE sampling, and offer an intuitive view of the denoising reduction strategy. Figure 19
presents SD3.5-Medium samples under four inference settings: (a) ODE sampling with 40 steps; (b)
SDE sampling with 40 steps; (c) SDE sampling with 10 steps; (d) SDE sampling with 5 steps.
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Figure 12: Learning Curves with and without KL. KL penalty slows early training yet effectively
suppresses reward hacking.

The 40-step ODE and SDE runs yield visually indistinguishable images, confirming that our SDE
sampler preserves quality. Shortening the SDE schedule to 10 and 5 steps introduces conspicuous
artifacts, like color drift and fine details blur. Contrary to expectation that such low-quality samples
might hinder optimization. it actually do just the opposite and accelerate optimization. Because
Flow-GRPO relies on relative preferences, it still extracts a useful reward signal, while the shorter
trajectories signifactly cut wall-clock time. Consequently, Flow-GRPO with denoising reduction
strategy converges more quickly on both layout-oriented benchmarks such as GenEval and quality-
focused metrics such as PickScore, without sacrificing final performance.
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Flow-GRPO Flow-GRPO(w/o KL)

Figure 13: Additional Qualitative comparison between the SD3.5-M and SD3.5-M + Flow-GRPO
trained with GenEval reward.
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A bustling city street at night, illuminated by neon lights, featuring a retro-futuristic robot comedy club with a vibrant marquee that reads
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beyond.

BANDIT | A |
STOLE THE D .

By st

\ WORLD'S
‘wows BEST BEST
| DELI,! DELI

| - .
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Figure 14: Additional Qualitative comparison between the SD3.5-M and SD3.5-M + Flow-GRPO
trained with OCR reward.
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Figure 15: Additional Qualitative comparison between the SD3.5-M and SD3.5-M + Flow-GRPO
trained with PickScore reward.
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Training Process on GenEval Task

A\ 4

a photo of a blue pizza and a yellow baseball glove.

Figure 16: We visualize the generated samples across successive training iterations during the
optimization of SD3.5-Medium on the GenEval task.

Training Process on OCR Task
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a laboratory setting with a mouse cage prominently displayed. the cage label reads " caution :
telepathic subjects " in bold letters, with a warning symbol. the environment is sterile and clinical,
emphasizing the unusual nature of the experiment.

a weathered cave explorer's journal page, with the phrase " lost city near " prominently written in
faded ink, surrounded by sketches of ancient ruins and cryptic symbols, under a dim, mystical light.
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a realistic photograph of a fast food drive - thru menu board at dusk, featuring a bold and colorful
advertisement that reads " try our new burger " with an appetizing image of the burger below, set
agdainst the backdrop of a busy suburban street.

Figure 17: We visualize the generated samples across successive training iterations during the
optimization of SD3.5-Medium on the OCR task.
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Training Process on PickScore Task
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Figure 18: We visualize the generated samples across successive training iterations during the
optimization of SD3.5-Medium on the PickScore task.

28



ODE Sampling SDE Sampling
(Step = 40) (Step = 40)

Elewation

8000

Feet
NLCEAOR [

.

SDE Sampling SDE Sampling
(Step = 10) (Step = 5)

Figure 19: Visualization of training samples under difference inference settings.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: Yes. Our main contribution are detailed in Sec. 1.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Yes, please see Sec. 6 for limitation.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: Yes. We provide the detailed derivations of SDE sampling in flow models, see
Appendix A of our attached file.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.

The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We detail the experimental settings in Sec 5.1. We believe our experimental
results can be easily reproduced.

Guidelines:

The answer NA means that the paper does not include experiments.

If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We provide code and data in the supplementary material, along with detailed
instructions for installation and usage.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: We detail the experimental settings in Sec 5.1.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: Due to the resource limitation, we do not report error bars. As reported in Ap-
pendix B.4, we spent numerous resources for our experiments, which makes it prohibitively
expensive to run each experiments for multiple times.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

32


https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We report the GPU resources used in our experiments in Appendix B.4, and
provide GPU hour statistics in Fig. 9.

Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: We followed the NeurIPS Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

o If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer:

Justification: This work focuses on publicly available academic benchmarks and datasets
(e.g., GenEval), and does not involve any private or personal data. So we do not identify any
explicit negative societal impacts arising from this work.

Guidelines:
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» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer:
Justification: We do not foresee any high risk for misuse of this work.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: Yes, we credited them in appropriate ways.
Guidelines:
» The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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14.

15.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: This paper does not release new assets.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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