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Abstract. Although GRPO substantially improves flow-matching mod-
els for human preference alignment in vision generation, mainstream
methods such as DanceGRPO rely on Global-Stochastic Differential Equa-
tions (SDE) sampling across full timesteps in the Markov Decision Pro-
cess (MDP), which remains computationally inefficient. In this paper,
we propose MixGRPQO, a novel framework that leverages the flexibility
of mixed sampling strategies through the integration of SDE and Ordi-
nary Differential Equations (ODE). This redesign streamlines optimiza-
tion within the MDP, delivering gains in both generation perfor-
mance and training efficiency. Specifically, MixGRPO introduces a
sliding window mechanism, using SDE sampling and GRPO-guided opti-
mization only within the window, while applying ODE sampling outside.
This design confines sampling randomness to the time-steps within the
window, thereby reducing the optimization overhead, and allowing for
more focused gradient updates to accelerate convergence. Additionally,
as time-steps beyond the sliding window are not involved in optimization,
higher-order solvers are supported for faster sampling. So we present a
faster variant, termed MizGRP O-Flash, which further improves train-
ing efficiency while achieving comparable performance. MixGRPO ex-
hibits substantial gains across multiple dimensions of human preference
alignment, outperforming DanceGRPO in both effectiveness and effi-
ciency, with nearly 50% lower training time. Notably, MixGRPO-
Flash further reduces training time by 71%.°
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1 Introduction

Recent advances [20,21,48,49] in vision generation have demonstrated that prob-
ability flow models can achieve improved performance by incorporating Rein-
forcement Learning from Human Feedback (RLHF) [30] strategies during the
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Fig.1: Comparison of MixGRPO and DanceGRPO with varying denoising
timesteps optimized. MixGRPO achieves higher performance with lower overhead.

0228

post-training stage to maximize rewards. Specifically, methods [20,49] based on
Group Relative Policy Optimization (GRPO) [36], have recently been studied,
achieving optimal alignment with human preferences.

Current GRPO methods in probability flow models, such as Flow-GRPO and
DanceGRPO, combine a rollout phase followed by an online optimization phase.
During rollouts, they employ Stochastic Differential Equation (SDE) sampling
at each denoising step to introduce randomness, thereby enabling the stochas-
tic exploration required by RLHF. This allows the entire denoising process to
be framed as a Markov Decision Process (MDP) in a stochastic environment,
where GRPO is then applied to optimize the complete state-action sequence in
the online optimization phase. However, the requirement to optimize the entire
denoising steps introduces two challenges, prohibitive computational overhead
and unfocused and inefficient optimization. i) The overhead arises because com-
puting the policy ratio requires separate full-trajectory sampling from both the
old (mg,,,) and new policies (mg). Although DanceGRPO proposes a workaround
by optimizing a random subset of steps, our findings in Figure 1 reveal a criti-
cal trade-off: reducing the subset size to save computation severely compromises
model performance. ii) Early-step gradients prioritize global structure while late-
step gradients focus on fine details, leading to conflicting update signals. This
may result in an inefficient training process.

To address these issues, we propose MixGRPO, a method that optimizes a
strategic subset of denoising steps to drastically reduce computational overhead
while ensuring a more focused and efficient optimization. The policy optimiza-
tion is confined only to the SDE sub-interval. This interval operates as a sliding
window, systematically advancing from low-SNR (signal-to-noise ratio) steps
to high-SNR denoising steps as training progresses. This curriculum-based ap-
proach is conceptually analogous to temporal discounting in RL [2,12,31], as
it prioritizes the optimization of initial, high-impact steps that establish global
structure from a vast exploration space (Figure 2 Right), before progressively
shifting focus to the refinement of local details. This selective optimization not
only reduces the computational burden but also fosters a more dedicated ex-
ploration. Furthermore, this decoupling allows us to accelerate the deterministic
ODE portions with fast solvers (e.g., DPMSolver++ [25]), since their poste-
rior distributions are irrelevant to the optimization, thereby reducing rollout
time without compromising final image quality. Finally, we adopt Coefficients-
Preserving Sampling (CPS) [43] as a stable stochastic sampler in our framework,
which reduces sampling artifacts and yields more reliable reward feedback.
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To evaluate the performance and efficiency of MixGRPO, we first conduct
comprehensive experiments on FLUX [16] by directly comparing against Dance-
GRPO [49], a representative Global-SDE baseline. Results show that our method
consistently surpasses DanceGRPO in both effectiveness and efficiency. In par-
ticular, MixGRPO improves ImageReward [48] from 1.088 to 1.629, exceeding
DanceGRPQO’s 1.436, while generating images with better semantic fidelity, aes-
thetics, and fewer distortions. Moreover, compared with DanceGRPO under its
official setting, MixGRPO reduces training time by nearly 50%, and MixGRPO-
Flash further achieves a 71% training-time reduction. These results highlight
the advantage of our Mixed ODE-SDE with sliding-window formulation. We fur-
ther validate MixGRPO on both in-domain and out-of-domain reward models,
and extend evaluation to cross-dataset settings, where MixGRPO demonstrates
strong generalization. Beyond this, we verify robustness across different back-
bone models and scenarios, including SD3.5-M [5] and HunyuanImage-3.0 [4],
and further extend the method to video generation on HunyuanVideo-1.5 [41],
where consistent gains are observed. Finally, to demonstrate the competitiveness
of MixGRPO, we compare with other RL-based alignment methods, including
Flow-DPO [21], Flow-GRPO [20], and DiffusionNFT [55]. Across these com-
parisons, MixGRPO achieves advanced alignment performance while delivering
substantial training acceleration.

To summarize, the key contributions are outlined below:

— We propose a mixed ODE-SDE framework for GRPO training with flow-
based models. This approach alleviates computational overhead by confining
the stochastic optimization to a specific sub-interval of the MDP.

— We introduce an SDE sliding window to dynamically schedule the optimized
timesteps. By guiding the optimization from broad exploration to fine-grained
refinement, this strategy significantly enhances performance.

— Our hybrid framework enables the use of high-order ODE solvers to accel-
erate the deterministic sampling of mp_,, during GRPO training. This yields
substantial speedups with negligible performance degradation.

— Comprehensive experiments across multiple frameworks demonstrate the ver-
satility of MixGRPO. Our method consistently achieves substantial perfor-
mance gains while significantly reducing training overhead, highlighting its
broad applicability and effectiveness.

2 Related Work

RLHF for vision generation has advanced from differentiable reward-based fine
tuning [48] to PPO-style [27] and DPO-style [21], and more recently to GRPO-
based optimization in flow-based models, where SDE-induced stochasticity en-
ables broader exploration. Methods such as Flow-GRPO and DanceGRPO im-
prove alignment quality, but still suffer from a key bottleneck: optimizing many
imbalanced timesteps, which leads to redundant effective MDP horizons under
Global-SDE sampling. In parallel, sampling research has progressed from ODE
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Fig. 2: (Left) Methods Comparison. By employing the mixed ODE-SDE and sliding
window strategy, MixGRPO reduces the number of optimized timesteps and achieves
more efficient training than DanceGRPO [49]. (Right) SDE Exploration Analysis.
As training progresses, MixGRPO gradually slides the SDE window from a high-noise
to a low-noise regime, causing the exploration space to shrink and the distribution of
sampled images to transition from dispersed to concentrated.

solvers to high-order variants. Motivated by the SDE-ODE equivalence in proba-
bility flow, we establish a mixed SDE-ODE MDP formulation and systematically
explore different scheduling strategies for optimizing selected SDE timesteps, es-
tablishing a more efficient paradigm, MixGRPO. A more comprehensive review
of RL for Vision Generation and Sampling Methods is provided in Appendix 7.

3 Method

3.1 Mixed ODE-SDE Sampling in GRPO

According to Flow-GRPO [20], the SDE sampling in flow matching can be framed
as a Markov Decision Process (MDP) (S, A, po, P, R). The agent produces a tra-
jectory during the discrete sampling process, defined as I = {(sy, a¢) }7_, where
the reward is provided only at the final step by the reward model, specifically
R(si,a;) = R(xr,c) if i = T, and 0 otherwise.

In MixGRPO, we propose a sampling method that combines SDE and ODE.
MixGRPO defines a time interval S = [t;,¢,) C [0,1), which corresponds to a
subset of denoising timesteps, such that 0 < [ < r < T and t; = % We use
SDE sampling within the interval S and ODE sampling outside, while .S shifts
along the denoising direction throughout the training process (See Figure 2 Left).
MixGRPO restricts the stochastic exploration to the interval S, shortening the
sequence length of the MDP to a subset Ivixagrro = {(s¢,a:)}}_; and requires
policy optimization only within S:

m;a.XEpMixGRPONWG Z (R(St,at) - ,BDKL(W(‘ | St)HTFref(' | St))) ) (1)
tes

MixGRPO reduces training overhead while also enabling more concentrated
gradient updates. Next, we derive the specific sampling form. For a deterministic
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reverse probability flow ODE [39], it takes the following form:

B ) — 367 (1) Vs logau(x0), )
where ¢;(x;) represents the evolution process of the reverse probability distri-
bution from 0 to T'. Vy, log ¢:(x:) is the score function at time ¢. According to
the Fokker-Planck equation [29,32], [39] has demonstrated that Eq. (2) has the
following equivalent probability flow SDE, which maintains the same marginal
distribution at each time ¢:
B Flxert) — 4 (6) Vo log an(x2) + (1) 3)
In MixGRPO, we mix ODE and SDE for sampling. Under standard reg-
ularity assumptions (continuous ¢(t), locally Lipschitz drift/score fields, finite
second moments, and sufficiently small At), the mixed process preserves the
same time-marginal dynamics as the corresponding probability-flow ODE up to
discretization/score-approximation error; a full proof is provided in Appendix 8.
The specific form is as follows:

[f(xe,t)— 297 (t)se(xe)] dt, otherwise, @)

" {[f(xt,t)— 2(t)se(x¢)] dt + g(t)dw, if t € S,
.=

where we define the score function as s; £ Vy, logg:(x;). In particular, for
Flow Matching (FM) [19], especially the Rectified Flow (RF) [22], the sampling
process can be viewed as a deterministic ODE:

d
% = vi. (5)
Eq. (5) is actually a special case of the Eq. (2) with v, = f(x¢,t) — 3¢%(t)s¢(x).
So we can derive mixed ODE-SDE sampling form for RF as follows:

o — [Vi—1g°(t)se(x¢)] dt + g(t)dw, ift € S,
e vdt, otherwise.

(6)

In the RF framework, the model is used to predict the velocity field as vy (x¢,t) =
dx. Following [20], the score function is represented as s;(x;) = — Xt — 1t vy (x4, t).
The g(t) is represented as the standard deviation of the noise g(t) = o¢. Accord-
ing to the definition of the standard Wiener process, we use dw = v/dte, where
e ~ N(0,I). Applying Euler-Maruyama discretization for SDE and Euler dis-
cretization for ODE, we build the final denoising process in MixGRPO:
{xt + pg(xe,6) At + o/ Ate, ifte s,
Xt4+At = (7)

xt + vo(x¢, 1) At, otherwise,

where the SDE drift term for the sampling process is defined as pg(x¢,t) =

vo(xy,t) + U?(xtJr(l;?ve(xt’t)). For timesteps t € S, Eq. (7) induces (via Euler—
Maruyama) the conditional policy density

qg(Xt+At | Xt,C) = N(Xt + ,U/e(xt,t)At,O'?AtI) , te S, (8)
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with the same form for gg . For ¢ ¢ S, the update is deterministic (Dirac

transition), and these steps are excluded from GRPO ratio/KL evaluation. Ac-
cording to Eq. (1), GRPO optimization is only performed on timesteps within
the interval S for each group of N samples. This design not only shortens the
effective MDP horizon but also concentrates gradient updates, leading to the
following training objective:

1< 1 o
~ ; E tezs (mln (rt(ﬁ)A ,

9)
clip(ri(9)7 1—¢,1+ S)Ai) — BJKL):| ,

InixGrPO (0) = Eoce, i} ¥ g (o)

where ¢ is the clipping threshold, ri(6) is the policy ratio, and A’ is the advan-
tage score. For optimized timesteps (¢ € S), we parameterize the policy by the
mean of the Gaussian transition above, while the covariance is fixed to o7 AtI
for both 6 and 6,14. Therefore, the ratio and KL are defined as follows according
to [20]:

ri(0) = qo (Xt+at]%, ) Ctes A= R (xp,¢) — meani({R(;‘iT,C)}fil)7
@0o1a (Xt+at]Xt, ) std ({R (x%, ¢) }i¥)
xegae(0) —xir ae(foia)|?

Jxr=Dxkr(ge(-|x¢, ) H q901d('|xtvc))_ 202 At , tES
t

(10)

MixGRPO reduces the NFE of 7y and optimized timesteps compared to Global-
SDE sampling. However, the NFE of 7y, is not reduced, as complete inference
is required to obtain the final image for reward calculation. In Section 3.3, we
will introduce the use of higher-order ODE solvers, which also reduce the NFE
of my,,, leading to further speedup. In summary, the mixed ODE-SDE sampling
significantly streamlines the MDP, enhancing training efficiency by lowering op-
timization overhead and enabling more focused gradient updates.

3.2 Sliding Window as Optimized Timestep Scheduler

In this section, we will introduce the sliding window to describe the movement
of S, which leads to a significant improvement in the quality of the generated
images. Along the denosing time-steps {0,1,...,7 — 1}, MixGRPO defines a
SDE sliding window W (l) and optimization is only employed at the timesteps
within W (I).

W) ={ti.tix1, . ipw—}, <T—w, (11)

where [ is the left boundary of the sliding window. The movement strategy dur-
ing training is governed by three hyperparameters: (1) window size w, which
determines the number of timesteps included in each window; (2) shift inter-
val 7, which specifies the number of training steps between two consecutive
window shifts; and (3) window stride s, which indicates how many denoising
timesteps the left boundary [ advances at each shift. In this work, we use a fixed
progressive-constant scheduler as a simple and stable default across experiments.
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Algorithm 1 MixGRPO Training Process

Require: initial policy model my; reward models {Rk}le; prompt dataset C; total
sampling steps T'; number of samples per prompt N;
Require: sliding window W (l), window size w, shift interval 7, window stride s
1: Init left boundary of W(l): 1 <0
2: for training iteration m =1 to M do
3: Sample batch prompts C, ~ C

4: Update old policy model: my_,, <+ mg
5: for each prompt ¢ € C, do
6: Init the same noise xo ~ N(0,I) > according to DanceGRPO [49]
T for generate i-th image from i = 1 to N do
8: for sampling timestep t =0 to T'— 1 do
9: if t € W(I) then
10: Use SDE Sampling to get xi_H
11: else
12: Use ODE Sampling to get x},,
13: end if
14: end for
15: end for
16: for i-th image from i = 1 to N do o
17: Calculate advantages: A; < Zszl %}M
18: end for
19: for optimization timestep ¢t € W (l) do
20: Update policy model: § - 6 +nVyJ
21: end for
22: end for
23: if m mod 7 is 0 then > move sliding window
24: I min(l+s, T —w)
25: end if
26: end for

The detailed sliding-window strategy and the MixGRPO algorithm are provided
in Algorithm 1.

In MixGRPO, denoising follows a natural stochastic-to-deterministic trajec-
tory along probability flow. We exploit this property with a sliding-window cur-
riculum: optimization starts in low-SNR (high-stochasticity) regions and pro-
gressively shifts to high-SNR (more deterministic) regions for refinement, as
illustrated in Figure 2 (right). This coarse-to-fine schedule stabilizes early opti-
mization and improves final alignment quality. Table 4 shows that progressive
movement consistently outperforms random selection, while even a frozen win-
dow on early timesteps remains competitive, indicating that early denoising steps
contribute disproportionately to optimization payoff [5, 14].

3.3 Trade-off Between Overhead and Performance

Unlike DanceGRPO [49], which relies on Global-SDE sampling, MixGRPO em-
ploys a mixed ODE-SDE method, allowing the use of higher-order ODE solvers
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Fig. 3: Qualitative comparison. MixGRPO achieve superior performance in semantics,
aesthetics and text-image alignment.

to accelerate GRPO training-time sampling. However, accelerating the ODE
phase before the SDE window amplifies the solver’s numerical errors due to the
window’s stochasticity, severely degrading image quality and corrupting the re-
ward signal (See Appendix 13 for details). In contrast, accelerating the ODE
phase after the window provides a significant speed-up without compromising
the image fidelity required for reliable reward evaluation. Therefore, MixGRPO
exclusively accelerates the post-window ODE timesteps.

[9] has demonstrated the equivalence between the ODE sampling of flow
matching models (FM) and DDIM, and Section 3.1 has also shown that diffu-
sion probabilistic models (DPM) and FM share the same ODE form during the
denoising process. Therefore, the higher-order ODE solvers e.g., DPM-Solver
Series [24,25,56], UniPC [54] designed for DPM sampling acceleration are also
applicable to FM. We have reformulated DPM-Solver++ [25] to apply it in the
FM framework for ODE sampling acceleration and released detailed derivations
in Appendix 9.

By applying higher-order solvers, we achieve acceleration in the sampling of
o, during GRPO training, which is essentially a balance between overhead and
performance. Excessive acceleration leads to fewer timesteps, which inevitably
results in a decline in image generation quality, thereby accumulating errors in
the computation of rewards. We have found in practice that the 2nd-order DPM-
Solver++ is sufficient to provide significant acceleration while ensuring that the
generated images align well with human preferences in Table 8.

Ultimately, we integrate DPM-Solver++ with both progressive and frozen
sliding-window strategies, leading to MixGRPO-Flash and MixGRPO-Flash*.
Notably, MixGRPO-Flash* enables acceleration over a larger number of ODE
timesteps. A detailed description of the algorithm is provided in Appendix 10.
These faster versions offer more substantial acceleration relative to base ver-
sion of our MixGRPO, while simultaneously surpassing DanceGRPO in their
alignment with human preferences.
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Table 1: Comparison between Mixed ODE-SDE and Global-SDE. MixGRPO achieves
the best performance across multiple metrics. MixGRPO-Flash significantly reduces
training time while outperforming DanceGRPO. Bold: rank 1. Underline: rank 2. *The
Frozen strategy means that optimization is only employed at the initial denoising steps.

Human Preference Alignment

Model NFE., | NFE.| Iteration Time (s).
HPS-v2.17 Pick Scoref ImageReward? Unified Reward?

FLUX / 0.313 0.227 1.088 3.370

25 14 291.284 0.356 0.233 1.436 3.397
DanceGRPO 25 4 149.978 0.334 0.225 1.335 3.374

25 4" 150.059 0.333 0.229 1.235 3.325
MixGRPO 25 4 149.326 0.369 0.238 1.645 3.419
MixGRPO-Flash 16 (Avg) 4 112.372 0.358 0.236 1.528 3.407
MixGRPO-Flash* 8 4* 83.278 0.357 0.232 1.624 3.402

3.4 Coefficients-Preserving Sampling for Stable Exploration

In addition to the mixed ODE-SDE design, we adopt Coefficients-Preserving
Sampling (CPS) [43] to improve sampling stability in the stochastic segment.
Compared with standard SDE discretization, CPS better preserves the inter-
polation structure of flow matching while injecting controlled stochasticity, re-
ducing high-frequency artifacts that can lead to reward hacking. In our imple-
mentation, CPS is used as an alternative stochastic discretization while keeping
the same per-step Gaussian covariance scale o2 At I for GRPO density-ratio/KL
evaluation in Eq. (9); therefore, the policy-ratio and KL parameterization re-
main unchanged. This yields cleaner rollouts and more reliable reward signals
for GRPO optimization. Detailed derivations are provided in Appendix 19.

4 Experiments

4.1 Experiment Setup

Dataset We conduct T2l experiments using the prompts provided by the
HPDv2 dataset, which is the official dataset for the HPS-v2 benchmark [47].
The training set contains 103,700 prompts; in fact, MixGRPO already achieves
strong human preference alignment before completing one full epoch, using only
9,600 prompts. The test set consists of 400 prompts. The prompts are diverse,
encompassing four styles: “Animation”, “Concept Art”, “Painting”, and “Photo”.
Base Model Following DanceGRPO [419], we use FLUX.1-dev [16] as the
primary backbone, a strong flow-matching-based text-to-image model. To further
verify the robustness of MixGRPO, we also extend our method to additional
backbones, including LoRA fine-tuning on SD3.5-M [5]. More implementation
details are in Appendix 11.

Overhead Evaluation For the evaluation of overhead, we use two metrics:
the number of function evaluations (NFE) [24] and the time consumption per
iteration during training. The NFE is decomposed into NFEW Y and NFE_,.
NFEr, , denotes the number of forward passes of the reference ‘model used for
rollout sampling. NFE,, is the number of forward passes of the policy model
solely for the policy ratio. Additionally, the average training time per GRPO
iteration provides a more accurate reflection of the acceleration effect.



10 J. Li et al.

\‘Lx’\‘ w.",
DanceGRPO

MixGRPO

DanceGRPO* )L MixGRPO-Flash* )

1 MixGRPO-Flash
NFE,,' =25 NFE,, =16 NFE,, =8
Bold fold b
NFE,, = 4 NFE,, = 4 NFE,, = 4

Fig. 4: Qualitative results of MixGRPO-Flash. As the training overhead is reduced,
generated images maintain high quality.

Reward Model We employ four reward models: HPS-v2.1 [47], Pick Score [15],
ImageReward [48], and Unified Reward [44]. Although all four are preference-
aligned metrics, they capture complementary aspects of quality. In particular,
ImageReward emphasizes image-text alignment and fidelity, while Unified Re-
ward focuses more on semantic consistency. Following the findings of Dance-
GRPO [19], we adopt multi-reward guidance to obtain stronger and more stable
alignment performance. To validate the generalization capability of MixGRPO,
we conduct cross-domain evaluations across both reward models and datasets.

4.2 Main Results

Mixed ODE-SDE GRPO vs. Global-SDE GRPO  We first evaluated
the overhead and performance of MixGRPO against Global-SDE GRPO meth-
ods (e.g., DanceGRPO), with results shown in Table 1. In the official Dance-
GRPO setting, 14 timesteps are randomly selected from 25 for optimization.
Our results show that MixGRPO achieves better performance while optimizing
only 4 timesteps, reducing per-iteration GRPO training time from 291.284s to
150.839s. Qualitative results in Figure 3 further show that MixGRPO improves
both aesthetic quality and semantic alignment. For fairness, we also modify
DanceGRPO to use 4 timesteps (either randomly selected or the initial ones),
matching the overhead of MixGRPO; however, DanceGRPO remains inferior to
MixGRPO in alignment performance under both settings. For MixGRPO-Flash,
we evaluate both progressive and frozen strategies. Although MixGRPO-Flash
is slightly weaker than MixGRPO, all evaluation metrics are still higher than
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those of DanceGRPO (official setting), and the fastest setting reduces time from
291.284s to 83.278s. As shown in Figure 4, MixGRPO-Flash maintains strong
image quality even as overhead changes. More visualized results are provided in
Appendix 20.

Cross-domain Reward Models To evaluate the generalization ability of
MixGRPO, we follow DanceGRPO and use HPS-v2.1 (aesthetics) and CLIP
Score [10] (semantic-consistency) as in-domain reward models, under both single-
reward and two-reward training settings. We further assess out-of-domain per-
formance using Pick Score, ImageReward, and Unified Reward. As shown in
Table 2, MixGRPO consistently outperforms both DanceGRPO and the FLUX
baseline on in-domain and out-of-domain metrics. These results indicate that
MixGRPO improves overall image-generation alignment rather than relying on
reward hacking (i.e., overfitting to in-domain reward models while failing to
match human preference).

MixGRPO vs. Other Alignment Methods In addition to DanceGRPO,
we compare MixGRPO with other representative alignment methods on SD3.5-
M, including DiffusionNFT [55], Offline/Online Flow-DPO, and Flow-GRPO,
with results shown in Table 3. For fairness, the settings of the other alignment
methods follow the best configurations reported in their original papers. We
use HPS-v2.1, Pick Score, and ImageReward as multi-guidance and evaluation
metrics. The results show that MixGRPO can converge to the best performance
during training while optimizing only 4 timesteps. More experimental details are
provided in Appendix 11. We also compare with ReNO [6], an alignment method
for single-step generators; as shown in Appendix 12, MixGRPO achieves better
performance without incurring the overhead of step distillation.

Extension to Larger-Scale Model and Video Generation = We further
validate the scalability of MixGRPO beyond standard T2I settings. On the
industrial-scale HunyuanImage-3.0 [4] backbone (80B parameters) trained on
512 GPUs, MixGRPO maintains stable optimization and substantial efficiency
gains, demonstrating that its advantages persist at very large scale. Appendix 14
provides additional experimental details and visualizations of human blind-test
preferences. We also extend MixGRPO to HunyuanVideo-1.5 [41] for text-to-
video alignment, where it consistently outperforms Flow-GRPO in training sta-
bility and reward improvement. These results confirm that our mixed ODE-SDE
design generalizes well across both larger image models and video generation
tasks (see Appendix 15 for training stability curves and more details).

4.3 Ablation Experiments

Sliding Window Hyperparamters As introduced in Section 3.2, the mov-
ing strategy, shift interval T, window size w and window stride s are parameters
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Table 2: Comparison under cross-rewards. The results demonstrate that MixGRPO
achieves the best performance on both in-domain and out-of-domain rewards.

Reward Model Method In Domain Out-of-Domain
HPS-v2.1 CLIP Score Pick Score ImageReward Unified Reward
FLUX 0.313 0.388 0.227 1.088 3.370
HPS-v2.1 DanceGRPO  0.367 0.349 0.227 1.141 3.270
Ve MixGRPO 0.373 0.372 0.228 1.396 3.370
. DanceGRPO  0.346 0.400 0.228 1.314 3.377
HPS-v2.1 & CLIP Score "y i GRPO 0,349 0.415 0.229 1.416 3.430

Table 3: Comparison with other alignment methods. The results demonstrate that
MixGRPO outperforms others in training efficiency and performance.

Model NFE NFE., HPS-v2.1 Pick Score ImageReward

TOo1d
SD3.5-M / / 0.307 0.227 1.163
Offline Flow-DPO 40 40 0.304 0.222 1.452
Online Flow-DPO 40 40 0.313 0.221 1.500
DiffusionNFT 10 10 0.313 0.235 1.494
Flow-GRPO 10 10 0.331 0.232 1.457
DanceGRPO 10 10 0.309 0.226 1.433
MixGRPO 10 4 0.342 0.236 1.485

introduced by the sliding window. We conducted ablation experiments on each
of them. For moving strategy, we compared three approaches: frozen, where
the window remains stationary; random, where a random window position is
selected at each iteration; and progressive, where the sliding window moves in-
crementally with denoising steps. For progressive strategy, we further evaluated
different scheduling schemes in which the interval 7 starts from 25 and evolves
over training. As shown in Table 4, a constant schedule under the progressive
strategy yields the strongest overall trade-off. For shift interval 7, we use 7 = 25
as a robust default setting (see Table 5). The number of forward passes for g
increases with the growth of the window size w, leading to greater time over-
head. We compared different settings of w, and results are shown in Table 6.
Ultimately, we use w = 4 as a balanced default setting between overhead and
performance. For window stride s, we use s = 1 as the default choice, as shown
in Table 7.

High Order ODE Solver  MixGRPO-Flash, which incorporates a high-
order ODE solver to accelerate the sampling process of the reference model,
achieves an effective trade-off between speed and performance. For MixGRPO-
Flash, we first conducted ablation experiments on the order of the solver, using
DPM-Solver++ [25] as the high-order solver with the progressive strategy. The
results, as shown in Table 8, indicate that the second-order mid-point method
is the optimal setting, optimizing the most human preference alignment metrics
while simultaneously accelerating the process.

Then we compared two acceleration approaches. One is MixGRPO-Flash,
and the other is MixGRPO-Flash*. Both utilize a second-order ODE solver
for acceleration, but they differ in their sliding-window moving strategies. The
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Table 4: Ablation for moving strategies. Table 5: Ablation for shift interval 7.

Interval 7 HPS-v2.1 Pick Score ImageReward Unified Reward

Strategy g1 HPS-v2.1 Pick Score ImageReward Unified Reward
- — — . - — 15 0.366 0.237 1.509 3.403
Frozen 0351 0234 1580 3403 20 0.366 0.238 1.610 3.411
Random Constant 0.365 0237 1513 3.388 25 0.367 0.237 1.629 3.418
Decay (Linear)  0.365 0.235 1.566 3.382 30 0.350 0.229 1.589 3385
Progressive Decay (Exp)  0.360 0.239 1.632 3.416
Constant 0.367 0.237 1.629 3.418
Table 6: Ablation for window size w. Table 7: Ablation for window stride s.
w NFE,, HPS-v2.1 Pick Score ImageReward Unified Reward s HPS-v2.1 Pick Score ImageReward Unified Reward
1 1 0.359 0.234 1.629 3.235 1 0.367 0.237 1.629 3.418
92 2 0.362 0.235 1.588 3.419 2 0357 0.236 1.575 3.391
4 4 0.367 0.237 1.629 3.418 3 0.370 0.236 1.578 3.404
6 6 0.370 0.238 1.547 3.398 4 0.368 0.238 1.575 3.407

quantitative results are presented in Table 9. MixGRPO-Flash requires the win-
dow to move throughout the training process, resulting in a smaller portion
of the ODE being accelerated compared to MixGRPO-Flash*. Consequently,
MixGRPO-Flash* not only achieves a higher degree of acceleration for the refer-
ence model but also yields superior results in the ImageReward [48] and Unified
Reward [44] metrics.

Cross-Dataset Experiments and Sensitivity Analysis  Following the
cross-dataset protocol in Appendix 16, we train on HPD-v2 and Pick-a-Pic-v1
datasets reciprocally and evaluate on both ID and OOD splits. The same hyper-
parameter setting (progressive-constant, 7 = 25, w = 4, s = 1) remains consis-
tently strong across datasets, while performance stays stable within a reasonable
range of (1, w, s) (Figure 5). These results indicate that MixGRPO is robust to
dataset shifts and insensitive to delicate hyperparameter tuning, achieving reli-
able gains without additional tuning cost.

DanceGRPO (1.335) A

Y A - A .
= ~ FlowGRPO (1.358) \ o \
160 B 165 ~A— MixGRPO 160 —
1.60 155 \;
155 I S

o 150 - DanceGRPO (1335) | @ o
s FIowGRPO (1.358) | €, 59 S 145
@ ~4— MixGRPO * @
145
145 140 a
140 140 135
~O- DanceGRPO
135 135 130 FIOWGRPO
..................................... AN SNROINS SOOAN A [ A MIXGRPO
5 20 23 25 28 30 0 2 3 4 1 2 3 4 s 6
Shift Intervals Strides Window Size

Fig. 5: Sensitivity analysis of hyperparameters (w, 7, s). The results show that Mix-
GRPO is not sensitive to hyperparameters and consistently outperforms Global-SDE.

Coefficients-Preserving Sampling  We further ablate the stochastic sam-
pler by comparing standard SDE sampling and CPS [43] under the same training
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Table 8: Comparison for different Table 9: Comparison for sampling steps
ODE solvers. The second-order Midpoint of the reference model. MixGRPO-Flash
method achieves the best performance.  preserves performance while providing ac-

Order Solver Type HPS-v2.1 Pick Score ImageReward Unified Reward celeration.
1 0.367 0.236 1570 3.403

Method S:
Midpoint 0.358 0.237 1.578 3.407 NFE,

Heun 0.362 0.233 1.488 3.399 DanceGRPO 25
3 0.359 0.234 1.512 3.387

2

0.331 0.225 1335 3374

0.357 0.236 1564 3394
6.426 0362 0.237 1578 3.407
5.453 0314 0220 L7 3.363

12 1559 0.353 0.230 1558 3306
MixGRPO-Flash* 10 1214 0.350 0231 1548
8 3.789 0.357 0232 1.624 3.402

Table 10: Comparison between SDE and CPS sampling, CPS effectively improves
alignment performance.

Model HPS-v2.1 Pick Score ImageReward Unified Reward
FLUX 0.313 0.227 1.088 3.370
MixGRPO-SDE  0.367 0.237 1.629 3.418
MixGRPO-CPS  0.369 0.238 1.645 3.419

setup. As shown in Table 10, CPS consistently improves all reward metrics, in-
dicating that reducing sampling artifacts provides more reliable optimization
signals for preference alignment.

5 Limitation

A key limitation of GRPO is that its performance ceiling is inherently tied to the
capability of the reward model. Specifically, when the reward model is not suffi-
ciently powerful to provide a comprehensive assessment of image quality, GRPO
is prone to reward hacking, particularly in the later stages of training (see Ap-
pendix 18 for concrete examples). As confirmed by several studies [28, 45, 46],
reward hacking is fundamentally driven by limitations of the reward model,
rather than the RL algorithm itself. In this context, the primary goal of Mix-
GRPO is not to eliminate these reward-model limitations, but to achieve faster
convergence and stronger performance under the guidance of existing, imper-
fect reward models. In addition, our current sliding-window scheduler still relies
on predefined hyperparameters (w, 7, s). Although we observe strong robustness
across datasets and backbones, an adaptive scheduler based on online signals
(e.g., reward convergence or gradient variance) remains an important direction
for future work. Looking ahead, while ultimate performance remains contingent
on reward-model quality, we plan to develop and train stronger reward models
in future work.

6 Conclusion

In this work, we have presented MixGRPO, a novel hybrid ODE-SDE framework
for improving GRPO training efficiency and performance. We have proposed a
strategy to confine optimization to a dynamic stochastic interval managed by a
sliding window. This guides the optimization process from broad exploration to
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fine-grained refinement, thus enhancing performance. Experiments demonstrate
that MixGRPO has achieved superior performance in both single-reward and
multi-reward settings while substantially reducing overhead. Furthermore, we
have presented MixGRPO-Flash, a variant offering a flexible trade-off between
performance and computational cost.
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