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Abstract. Online reinforcement learning (RL) has become an effective
tool for aligning text-to-image models with human preferences, but its
efficiency is often limited by group-relative variance reduction. Exist-
ing methods generate multiple trajectories per prompt to estimate local
baselines, which introduces synchronization overhead and can weaken the
learning signal when group rewards become homogeneous. We propose
Monolithic Policy Optimization (MPO), a group-free online RL frame-
work based on a single-stream training principle: one prompt, one trajec-
tory, and one policy update. MPO retains stochastic differential equation
(SDE) exploration within each trajectory, while replacing group-wise
baselines with a persistent Bayesian value tracker. The tracker main-
tains a history-aware reward estimate for each prompt and adapts its
uncertainty using a Girsanov-inspired policy-drift proxy, providing stable
global advantage estimation under non-stationary policy updates. Across
compositional generation, visual text rendering, and human-preference
alignment benchmarks, MPO consistently improves alignment quality
over group-based baselines. It also delivers a 26× wall-clock speedup
and a 5× sample-efficiency gain under matched training settings.

Keywords: Text-to-Image Alignment · Online Reinforcement Learning
· Bayesian Value Tracking · Variance Reduction

1 Introduction

Text-to-image models based on diffusion and flow-matching principles [15,23,35]
have enabled high-quality visual generation, yet aligning them with human pref-
erences remains a central challenge. Practical alignment objectives, including
aesthetic quality, photorealism, visual text rendering, and compositional instruc-
tion following, are often non-differentiable and therefore naturally suited to rein-
forcement learning (RL) [30,52]. Recent online RL methods for visual generation,
referred to here as the GRPO series [22,24,49], typically adopt a group-relative
design: for each prompt, multiple images are sampled in parallel and compared
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Fig. 1: The advantage of Monolithic Policy Optimization. Left: MPO reaches the tar-
get GenEval score with substantially lower wall-clock cost than DanceGRPO. Right:
group-relative training suffers from rapidly diminishing intra-group advantage variance,
whereas MPO maintains a stable global learning signal throughout training.

within the group to estimate a local advantage baseline, as illustrated in Fig-
ure 2(a).

Despite their effectiveness, group-relative methods introduce two practical
limitations. First, parallel group sampling creates synchronization overhead,
since an update can only proceed after all trajectories in the group have fin-
ished generation. This effect becomes more pronounced for large flow-based mod-
els and multi-step stochastic samplers. Second, as the policy improves, samples
generated from the same prompt often receive increasingly similar rewards. The
resulting reduction in intra-group reward variance weakens the advantage signal
and reduces the utility of expensive parallel samples. These limitations moti-
vate a simpler question: can online RL for text-to-image alignment retain stable
variance reduction without relying on concurrent groups?

We answer this question with Monolithic Policy Optimization (MPO), a
group-free online RL framework built on a single-stream principle: one prompt
→ one trajectory → one policy update. As shown in Figure 2(b), MPO removes
the need for group synchronization and allows each generated trajectory to con-
tribute directly to training. The main challenge is that single-trajectory updates
no longer have access to an on-the-fly group baseline. MPO addresses this by
combining stochastic differential equation (SDE) exploration with a persistent
Bayesian value tracker. For each prompt, the tracker maintains a history-aware
posterior estimate of expected reward, whose uncertainty is updated according
to a Girsanov-inspired policy-drift proxy. This adaptive uncertainty prevents the
baseline from becoming stale under non-stationary policy updates. Together with
global advantage normalization and an uncertainty-guided curriculum, MPO
provides stable learning signals while preserving the computational simplicity of
single-stream training.

Our contributions are summarized as follows:

1. We analyze the efficiency and learning-signal limitations of group-relative
online RL for text-to-image alignment, focusing on synchronization overhead
and intra-group advantage collapse.
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2. We propose Monolithic Policy Optimization (MPO), a group-free single-
stream RL framework that improves training efficiency without requiring
parallel samples per prompt.

3. We introduce a Bayesian value tracker with policy-drift-aware uncertainty
adaptation, which replaces local group baselines with stable global advantage
estimation in non-stationary online training.

Experiments across compositional generation, visual text rendering, and human-
preference alignment show that MPO consistently improves alignment quality
over group-based baselines. Under matched training settings, MPO achieves a
26× wall-clock speedup and a 5× gain in sample efficiency, while maintaining
strong performance across multiple foundational architectures.

2 Related Work

2.1 Alignment of Text-to-Image Generative Models

Aligning text-to-image (T2I) models with human preferences has become an
important step for improving perceptual quality, prompt adherence, and compo-
sitional controllability. Existing alignment methods can be broadly grouped into
three lines. Reward-Weighted Regression (RWR) treats alignment as supervised
fine-tuning on high-reward samples [6, 21, 31]. Direct Preference Optimization
(DPO) and its variants optimize preference pairs without explicitly learning a
reward-conditioned policy gradient [34, 41]. These methods are often sample-
efficient, but their performance depends heavily on the coverage and quality of
preference data. A third line applies explicit reinforcement learning (RL) to opti-
mize non-differentiable reward signals for generative policies [4,8]. Such methods,
commonly built on PPO-style objectives [39], provide direct control over contin-
uous reward optimization, but also introduce challenges in variance reduction,
training stability, and computational cost. MPO belongs to this RL-based family
and focuses on improving the efficiency and stability of online policy optimiza-
tion.

2.2 Efficient Policy Optimization for Diffusion Models

Applying RL to diffusion and flow-matching models often requires stochastic
sampling, typically by converting deterministic ODE sampling into SDE-based
exploration [4]. Recent GRPO-based methods [24, 49] reduce gradient variance
by generating multiple samples for each prompt and estimating a group-relative
baseline. This design has proven effective, but its efficiency is limited by group
synchronization and by the collapse of intra-group reward variance as samples
become similar. MixGRPO [22] improves this paradigm through dual-mode sam-
pling, using ODE generation for efficiency and SDE sampling for intra-group
diversity, while still relying on group-wise advantage estimation.

Other works seek to reduce or avoid group sampling. DiffusionNFT [51] elim-
inates group construction by formulating alignment as reward-weighted velocity
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regression on the forward process with deterministic ODE solvers. This provides
strong efficiency, but changes the optimization route away from the standard
reverse-time stochastic generation process. Gradient-based or direct-alignment
methods such as Direct-Align and SRPO [9] further reduce generation cost by
bypassing online RL sampling, but they often require reward gradients, pref-
erence pairs, or architecture-specific assumptions. In contrast, MPO keeps the
reverse-time SDE trajectory used during online RL, removes group-relative sam-
pling, and replaces local group baselines with a persistent Bayesian value tracker
compatible with black-box reward models.

2.3 Reward Models, Over-optimization, and Policy Drift

The effectiveness of RL alignment depends strongly on the reward model used as
the training signal. Common reward models, including HPSv2 [45], PickScore [19],
and ImageReward [48], are trained from large-scale human preference data and
often rely on vision-language backbones such as CLIP [33]. MPO treats these
reward models as black-box evaluators and does not require reward model fine-
tuning.

A related challenge is reward over-optimization, where the policy exploits
imperfections of the proxy reward model and degrades perceptual quality or
prompt faithfulness [10, 27]. Existing mitigation strategies include KL regular-
ization against the reference model [24,39] and early stopping [4]. Online RL also
faces policy drift: as the policy changes, the expected reward associated with a
prompt becomes non-stationary. Bayesian filters such as Kalman Temporal Dif-
ferences have been used to track non-stationary value estimates in traditional
RL [11]. MPO adapts this idea to T2I alignment by maintaining a prompt-wise
Bayesian reward estimate and updating its uncertainty with a Girsanov-inspired
policy-drift proxy, yielding a history-aware baseline for stable global advantage
estimation.

3 Method

Preliminary. We formulate flow-based text-to-image generation as a reinforce-
ment learning problem. Given a prompt c, a flow-matching model defines a
continuous-time policy through its drift field vθ(zt, c, t) over t ∈ [0, 1]. Starting
from an initial latent z0 ∼ N (0, I), the model produces a terminal latent z1 and
an image x = Dec(z1), where Dec(·) denotes the VAE decoder [18]. We view the
denoising path τ = z0, zt1, . . . , z1 as a rollout of a Markov Decision Process [4],
where the state is st = (zt, c, t), the action corresponds to the latent increment
induced by the drift, and the terminal reward is r = Rϕ(x, c). The alignment
objective is

J (θ) = Ez0 ∼ N (0, I), , c ∼ D [Rϕ (Dec (z1(z0, c, θ)) , c)] . (1)
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Fig. 2: MPO vs. the GRPO-Series. (a) Group-relative methods such as Flow-
GRPO sample G trajectories for each prompt and estimate an on-the-fly local base-
line. This design introduces synchronization overhead because each update waits for the
slowest trajectory, and its learning signal can collapse when intra-group rewards become
nearly identical. (b) MPO removes the group abstraction and follows a single-stream
principle: one prompt, one trajectory, and one policy update. The missing group base-
line is replaced by a global reward manager, which maintains a Bayesian value tracker
for each prompt and adapts its uncertainty using a Girsanov-inspired drift proxy.

3.1 Monolithic Policy Optimization

Existing online RL methods for diffusion or flow models, including the GRPO
series [22,24,49], reduce variance by sampling multiple trajectories for the same
prompt. Although this local comparison is simple, it couples the update to a
group of generations. As a result, the update latency is determined by the slowest
sample in the group, and the advantage signal weakens when the sampled images
receive similar rewards.

MPO removes this group dependency. For each prompt, it samples one stochas-
tic trajectory and immediately extracts a policy update from that trajectory.
This single-stream design avoids group synchronization, but it also requires a
baseline that remains stable without concurrent samples. MPO addresses this
with three components: stochastic trajectory exploration, a persistent Bayesian
value tracker, and global advantage normalization.

3.2 Single-Trajectory Exploration and Drift Estimation

Since MPO does not rely on multiple initial latents within a group, exploration
must be introduced along the trajectory itself. We therefore sample the genera-
tive path with an SDE [40]:

dz = vθ(zt, c, t),dt+ g(t), dw, (2)
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where dw is the Wiener noise and g(t) controls the diffusion strength. In practice,
we use the Euler-Maruyama discretization

zt+∆t = zt+ vθ(zt, c, t)∆t+ gt
√
∆t, εt, εt ∼ N (0, I). (3)

During training, the initial latent z0 associated with a prompt is fixed. This
design isolates reward changes caused by the policy update from those caused
by resampling the initial noise, making the historical reward tracker more stable.

The value tracker must also account for policy drift. Let θk and θk−1 denote
the current and previous policies at training iteration k. For SDEs with shared
diffusion coefficient, Girsanov’s theorem [28] motivates measuring drift changes
through the path-space divergence

DKL (Pθk, |,Pθk−1) = EPθk
[∫ 1

0

|vθk(zt, c, t)− vθk − 1(zt, c, t)| 22

2g(t)2
, dt

]
. (4)

Computing this quantity exactly during online training is expensive and sensitive
to small values of g(t). We therefore use a tractable drift proxy computed on the
sampled trajectory:

D̂drift(θk, θk − 1) = Et, , zt ∼ τ
[
|vθk(zt, c, t)− vθk − 1(zt, c, t)| 22

]
. (5)

This proxy is not an unbiased estimator of the path-space KL in Eq. (14). We use
it only as an empirical indicator of policy movement for adaptive value tracking.

3.3 Bayesian Value Tracker

For each prompt c, MPO maintains a Gaussian posterior over its expected re-
ward,

V(c) = N (µc, σ
2
c ), (6)

where µc serves as the baseline and σ2
c represents the uncertainty of the estimate.

After observing a reward r at training iteration k, the tracker is updated with a
Kalman-style rule [17]:

Kk =
σ2
c,k−1

σ2
c,k−1 + σ2

obs

, µc,k ← µc,k−1 +Kk (r − µc,k−1) , σ2
c,k ← (1−Kk)σ

2
c,k−1 +Qk.

(7)
Here Kk is the Kalman gain, and σ2

obs denotes the observation noise of the reward
model. In online RL, the expected reward for a prompt changes as the policy
changes. If the process noise is set too small, the tracker becomes over-confident
and cannot adapt to new rewards. MPO therefore sets

Qk = α, D̂drift(θk, θk − 1), (8)

where α is a scaling coefficient. Larger policy changes increase the posterior
uncertainty and allow the tracker to rely more on recent observations, while
small updates preserve the benefit of historical smoothing.
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3.4 Global Advantage Normalization and Prompt Curriculum

Given the tracked baseline, the raw advantage for prompt c is

A = r − µc,k. (9)

Instead of normalizing advantages within a prompt-level group, MPO normalizes
them globally across recent batches. We maintain exponential moving averages
of the first and second moments:

µA ← λµA + (1− λ)A, σ2
A ← λσ2

A + (1− λ)(A− µA)
2. (10)

The normalized advantage is

Ã =
A− µA√
σ2
A + ε

. (11)

This global normalization prevents the learning signal from vanishing when sam-
ples for a prompt become similar.

The posterior uncertainty also defines an online prompt curriculum. Inspired
by UCB-style exploration [1, 14], MPO samples prompt c with probability

p(c) ∝ σc +
η√

nc + 1
, (12)

where nc is the number of previous visits to prompt c, and η controls the strength
of coverage regularization. The uncertainty term prioritizes prompts whose re-
ward estimates remain unreliable, while the visit-count term prevents rarely
sampled prompts from being ignored [2].

3.5 Advantage-Weighted Policy Update

The terminal reward is non-differentiable with respect to the generated im-
age. Rather than using a high-variance score-function estimator such as REIN-
FORCE [44], MPO adopts an advantage-weighted regression objective [31]. For
a sampled trajectory τ , let uτ(zt, z0) denote the empirical target vector field as-
sociated with the realized path. In rectified-flow models, this target corresponds
to the vector that reconstructs the sampled trajectory.

To emphasize informative samples, we compute the normalized reward sur-
prise

Sc =
|r − µc,k|
σc,k + ε

(13)

and set wc = 1 + γSc, following the principle of prioritized updates [37]. The
MPO loss is

LMPO(θ) = Et, , zt ∼ τ
[
sg

(
wcÃ

)
|vθk(zt, c, t)− uτ(zt, z0)| 22

]
, (14)

where sg(·) denotes the stop-gradient operation. The target uτ is computed from
the current sampled trajectory rather than from the pretrained base model. A
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positive normalized advantage increases the likelihood of trajectories that lead to
high rewards, while a negative advantage suppresses low-reward trajectories. In
this way, MPO obtains a stable single-stream policy update without constructing
prompt-level sample groups.

4 Experiments

We evaluate MPO from four aspects. First, we test whether the proposed single-
stream update improves compositional text-to-image alignment on GenEval. Sec-
ond, we examine visual text rendering and human-preference alignment to verify
that the method is not specialized to one reward. Third, we measure wall-clock
efficiency under matched hardware and training settings. Finally, we conduct
ablations and reviewer-requested validations to analyze the sources of the gain
and the stability of the method.

4.1 Experimental Setup

Implementation Details. Our main experiments are conducted on FLUX.1 Dev [20],
a representative flow-matching text-to-image model. To examine whether the
proposed optimization is architecture-specific, we additionally evaluate MPO on
Stable Diffusion 3.5-Medium (SD3.5-M) [7] and Stable Diffusion v1.5. Unless
otherwise stated, all controlled comparisons use the same base model, prompt
set, reward model, optimizer, batch size, and sampler configuration. We optimize
the policy with AdamW [25], using a constant learning rate of 5e-6 and a global
batch size of 64. Trajectories are generated with a 12-step Euler-Maruyama SDE
sampler. The diffusion coefficient gt is linearly annealed from 0.1 to 0. The EMA
decay for global advantage normalization is λ = 0.99, the curriculum coefficient
is η = 1.0, and the reward-surprise weight is γ = 0.5. All efficiency measurements
are obtained on NVIDIA H800 GPUs.

Data Protocol. To reduce train-test leakage, we decontaminate the training
prompts against the evaluation prompts. Specifically, we compute the cosine sim-
ilarity between CLIP text embeddings and remove any training prompt whose
similarity to an evaluation prompt is at least 0.8. Key quantitative results are
averaged over three random seeds, with standard deviations below 0.01 on the
main metrics. During training, the initial latent z0 associated with each prompt
is fixed. This is used only to stabilize online value tracking by isolating reward
changes caused by policy updates from those caused by resampling the initial
noise. During inference and evaluation, random seeds are not restricted.

Baselines. Our primary controlled baseline is DanceGRPO [49], a strong group-
relative online RL method. For SD3.5-M, we also compare against Flow-GRPO [24],
an efficiency-oriented group-based baseline. In the broader GenEval compari-
son, we include representative autoregressive, diffusion, flow-matching, and RL-
aligned models reported in prior work. For controlled comparisons, the same
optimizer, sampler, base model, and reward are used whenever applicable.
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Table 1: GenEval Result. We highlight the best scores. Obj.: Object; Attr.: At-
tribution. † indicates that, to ensure a fair comparison of MPO effectiveness, we train
FLUX.1 Dev using the same training dataset.

Model Overall Single Obj. Two Obj. Counting Colors Position Attr. Binding

Autoregressive Models:

Show-o [47] 0.53 0.95 0.52 0.49 0.82 0.11 0.28
Emu3-Gen [42] 0.54 0.98 0.71 0.34 0.81 0.17 0.21
JanusFlow [26] 0.63 0.97 0.59 0.45 0.83 0.53 0.42
Janus-Pro-7B [5] 0.80 0.99 0.89 0.59 0.90 0.79 0.66
GPT-4o [16] 0.84 0.99 0.92 0.85 0.92 0.75 0.61

Diffusion Models:

LDM [35] 0.37 0.92 0.29 0.23 0.70 0.02 0.05
SD1.5 [35] 0.43 0.97 0.38 0.35 0.76 0.04 0.06
SD2.1 [35] 0.50 0.98 0.51 0.44 0.85 0.07 0.17
SD-XL [32] 0.55 0.98 0.74 0.39 0.85 0.15 0.23
DALLE-2 [29] 0.52 0.94 0.66 0.49 0.77 0.10 0.19
DALLE-3 [3] 0.67 0.96 0.87 0.47 0.83 0.43 0.45

Flow Matching Models:

SD3.5-M [7] 0.63 0.98 0.78 0.50 0.81 0.24 0.52
SD3.5-L [7] 0.71 0.98 0.89 0.73 0.83 0.34 0.47
SANA-1.5 4.8B [46] 0.81 0.99 0.93 0.86 0.84 0.59 0.65
FLUX.1 Dev [20] 0.66 0.98 0.81 0.74 0.79 0.22 0.45
Flow-GRPO [24] 0.95 1.00 0.99 0.95 0.92 0.99 0.86

FLUX.1 Dev + DanceGRPO † 0.91 0.93 0.94 0.96 0.88 0.91 0.87
FLUX.1 Dev + MPO 0.98 1.00 1.00 0.99 0.94 0.99 0.93

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 PickScore Aesthetic DeQA ImgRwd PickScore UniRwd

FLUX.1 Dev 0.66 0.61 21.75 5.51 4.04 0.86 21.66 3.35

Compositional Image Generation:

DanceGRPO 0.91 — — 5.23 4.04 1.01 21.95 3.47
MPO 0.98 — — 5.49 4.06 1.16 23.17 3.75

Visual Text Rendering:

DanceGRPO — 0.91 — 5.29 4.06 0.99 20.15 3.37
MPO — 0.97 — 5.53 4.14 1.15 23.47 3.68

Human Preference Alignment:

DanceGRPO — — 23.28 5.86 4.23 1.22 23.42 3.59
MPO — — 23.89 6.08 4.40 1.32 23.91 3.74

Evaluation Metrics. We use GenEval [12] to measure compositional generation,
including object presence, counting, color, position, and attribute binding. For
visual text rendering, we follow the normalized edit-distance metric (1−Ne/Nref)
used in [13]. For human-preference alignment, we report PickScore [19]. To mon-
itor potential reward over-optimization, we also evaluate out-of-domain image-
quality and preference metrics on DrawBench [36], including Aesthetic Score [38],
DeQA [50], ImageReward [48], and UnifiedReward [43].
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Fig. 3: Qualitative comparison of text-to-image alignment. Images for each
prompt are generated with the same initial latent noise z0 to isolate the effect of
policy optimization. MPO generally improves instruction adherence while preserving
the visual quality of the base model. Some hard cases remain, especially for fine-grained
attribute binding and uncommon spatial relations.

4.2 Main Results

Compositional Image Generation. The GenEval comparison table reports the
main compositional results. MPO reaches an overall score of 0.98, improving
over the base FLUX.1 Dev model, DanceGRPO, and Flow-GRPO. The im-
provement is especially clear on categories that require precise semantic con-
trol, including counting, position, and attribute binding. These results show
that removing prompt-level groups does not weaken alignment. Instead, when
single-trajectory updates are paired with a persistent value tracker and global
advantage normalization, each generated sample can contribute a useful learning
signal.

Visual Text Rendering and Preference Alignment. The multi-task benchmark
table extends the evaluation to visual text rendering and human-preference opti-
mization. On FLUX.1 Dev, MPO improves OCR accuracy from 0.91 to 0.97 over
DanceGRPO and improves PickScore from 23.28 to 23.89. The out-of-domain
metrics on DrawBench are also preserved or improved, including Aesthetic Score,
DeQA, ImageReward, PickScore, and UnifiedReward. This is important because
optimizing a single reward can easily degrade general image quality. The results
indicate that MPO improves alignment without introducing obvious reward over-
optimization on independent quality and preference measures.
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Table 3: 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 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 0.95 — — 5.25 4.01 1.03 22.37 3.51
MPO 0.98 — — 5.39 4.08 1.14 23.22 3.69

Visual Text Rendering:

Flow-GRPO — 0.92 — 5.32 4.06 0.95 22.44 3.42
MPO — 0.97 — 5.49 4.12 1.08 23.01 3.56

Human Preference Alignment:

Flow-GRPO — — 23.31 5.92 4.22 1.28 23.53 3.66
MPO — — 23.91 6.12 4.43 1.35 24.02 3.77

Qualitative Analysis. Fig. 3 compares FLUX.1 Dev, DanceGRPO, and MPO
under matched initial latents. The base model often misses object counts or
spatial relations. DanceGRPO improves instruction following, but can introduce
over-saturated colors or local artifacts. MPO better preserves the base model’s
photorealistic appearance while improving compositional control. At the same
time, the qualitative results should not be read as eliminating all failures. Dif-
ficult cases remain for unusual object relations and fine-grained attribute bind-
ing, such as prompts involving rare spatial configurations. We therefore include
a blind human preference study in Table 5 to evaluate whether the qualitative
trend is systematic rather than cherry-picked.

Generality Across Architectures. The SD3.5-M comparison table shows that
MPO also improves over the SD3.5-M base model and Flow-GRPO across GenEval,
visual text rendering, PickScore, and out-of-domain quality metrics. We further
evaluate the U-Net-based Stable Diffusion v1.5. MPO improves its GenEval score
from 0.43 to 0.55 and PickScore from 19.5 to 21.5. These results suggest that
the gain comes from the optimization design rather than from a FLUX-specific
architectural property.

Robustness to Multiple Rewards. Real deployment often requires optimizing
more than one preference signal, such as preserving image quality while enforc-
ing accurate text rendering. We therefore evaluate a scalarized reward combining
PickScore and OCR accuracy. In this setting, group-relative methods are more
likely to suffer from unstable or collapsed local advantages because the reward
variance can increase across objectives. MPO remains stable because its value
tracker smooths reward estimates over time and its global normalization keeps
the gradient scale controlled. Under the dual-reward setting, MPO reaches 0.82
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Fig. 4: Efficiency analysis. (a)–(b) Wall-clock training curves show that MPO
reaches target OCR and PickScore levels substantially faster than DanceGRPO. (c)
Relative performance on DrawBench, normalized by FLUX.1 Dev, shows that MPO
improves alignment without degrading out-of-domain quality metrics.

Table 4: Detailed efficiency comparison between MPO and DanceGRPO.

Metric MPO (Ours) DanceGRPO

Batch Size 64 64
Wall-clock Time / Iteration (s) 0.85 14.12
Peak GPU Memory (GB, per GPU) 60 68

Time to reach GenEval Score = 0.91

Iterations Required ∼940 ∼6,700
Total GPU Hours ∼9 ∼235

Speedup Factor 235/9 = 26×

OCR accuracy while preserving PickScore at 21.5, improving over the corre-
sponding group-based baseline.

4.3 Efficiency Analysis

Wall-Clock Speed. Fig. 4 and the efficiency table summarize the training cost. A
central benefit of MPO is that it removes group-level synchronization. In Dance-
GRPO with group size G = 8, an update must wait for the slowest trajectory in
the group. Under the matched FLUX.1 Dev setting, the per-sample generation
time within DanceGRPO groups has mean 12.3s, maximum 18.7s, and standard
deviation 3.2s. This creates a 52% wait-time overhead relative to the mean gen-
eration time. MPO removes this barrier by using one trajectory per prompt and
one immediate update.

Sample Efficiency. MPO also requires fewer generated samples to reach the
same target score. The persistent Bayesian tracker allows each single trajectory
to be compared against a history-aware baseline, rather than against only the
other samples in the same group. This avoids wasting full groups whose rewards
are nearly identical. In the matched FLUX.1 Dev comparison, MPO reaches
the target GenEval score using about 7.1× fewer iterations and about 5× fewer
generated samples than DanceGRPO.
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Fig. 5: Exploration and sample efficiency. (a) The deterministic ODE variant
stagnates on ImageReward, showing the need for trajectory-level exploration. (b) SDE
exploration outperforms simple injected noise on GenEval. (c) With stable exploration
and global normalization, MPO reaches the target score with about 5× fewer generated
samples than DanceGRPO.

Compound Acceleration. The wall-clock gain comes from both statistical and
structural factors. Statistically, MPO needs fewer updates because the value
tracker extracts a usable advantage from each sample. Structurally, each update
is faster because no group synchronization is required. The measured update
time decreases from 14.12s for DanceGRPO to 0.85s for MPO. As a result,
MPO reaches the target performance in about 9 GPU hours, compared with 235
GPU hours for DanceGRPO, giving a measured 26× wall-clock speedup under
matched H800 hardware.

4.4 Ablation Study

Necessity of SDE Exploration. Single-stream RL no longer obtains diversity from
multiple group samples. We therefore test whether trajectory-level stochasticity
is necessary. As shown in Fig. 5(a), the deterministic ODE variant learns initially
but soon stagnates. Fig. 5(b) further shows that simply injecting isotropic Gaus-
sian noise into an ODE path is inferior to the SDE sampler. This suggests that
the path-dependent stochasticity of the SDE provides more useful exploration
than post-hoc noise injection. Fig. 5(c) connects this exploration benefit to sam-
ple efficiency: with SDE exploration and global normalization, MPO reaches the
target alignment score with about 5× fewer generated samples.

Component Contributions. We ablate the main stabilizing components on GenEval.
Removing global advantage normalization reduces the score from 0.98 to 0.93,
showing that raw single-trajectory advantages are unstable. Disabling adaptive
forgetting by setting Qk = 0 reduces the score to 0.94, indicating that the
value tracker must remain responsive to policy drift. Replacing the Bayesian
tracker with a simple EMA baseline reduces the score to 0.96, and removing
the uncertainty-guided curriculum also yields 0.96. These results show that the
SDE sampler, adaptive value tracking, global normalization, and prompt cur-
riculum are complementary. The single-stream design is therefore not merely a
cheaper version of group-based training; it requires the proposed stabilization
components to work reliably.
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Table 5: Additional validations. We include the checks most relevant to stability
and reviewer concerns: long-horizon behavior, multi-objective robustness, the role of
fixed training latents, and blind human preference evaluation.

Study Setting Baseline / Variant MPO

Extended training GenEval at 2k iterations DiffusionNFT: 0.53 0.98
Multi-objective
stress

GenEval with PickScore
+ OCR

DiffusionNFT: 0.94 0.98

Fixed z0 ablation GenEval / convergence
time

Random z0: 0.93 / 19.3h 0.98 / 9.1h

Human preference 100 prompts, 10 raters DanceGRPO win: 15% MPO win: 58%

Long-Horizon and Multi-Objective Stability. Table 5 integrates the additional
checks most relevant to the reviewer concerns. First, although DiffusionNFT
can reach a high peak GenEval score, its score drops under extended training,
whereas MPO remains stable at 2k iterations. This suggests that preserving the
reverse-time stochastic trajectory and using an adaptive value tracker improves
late-stage stability. Second, under a multi-objective reward combining PickScore
and OCR, MPO preserves its GenEval score better than the forward-process
baseline. This supports the claim that MPO is not only efficient, but also robust
when the reward contains competing factors.

Effect of Fixed Training Latents. Table 5 also shows that fixing z0 during train-
ing is important for stable value tracking. When z0 is randomized for the same
prompt, the tracker must explain reward variation from both policy changes and
latent changes. This increases tracker variance, slows convergence, and reduces
GenEval from 0.98 to 0.93. Fixing z0 during training avoids this confound. Im-
portantly, this does not restrict evaluation diversity, because random seeds are
used during inference.

Human Preference Evaluation. To complement automatic metrics and address
qualitative ambiguity, we conduct a blind human preference evaluation with 10
raters on 100 complex prompts. Each comparison uses matched prompts and
matched initial latents. MPO wins 58

Hyperparameter Sensitivity. We evaluate the sensitivity of MPO to the adaptive
scaling factor α, the curriculum coefficient η, and the surprise weight γ. MPO
remains near its best GenEval performance for α ∈ [0.1, 5.0], indicating that
the tracker is not brittle to the exact scale of the drift proxy. Very small η
over-focuses training on a few uncertain prompts, while very large η approaches
uniform sampling and weakens the curriculum. For reward-surprise weighting,
γ = 0.5 provides the best trade-off between emphasizing informative samples and
avoiding unstable updates. Overall, MPO remains stable across a broad range
of hyperparameters and does not rely on a narrow tuning window.
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5 Conclusion

In this work, we identified the prevalent group-relative paradigm as a struc-
tural bottleneck in online RL for text-to-image alignment, inherently suscep-
tible to synchronization latency and gradient signal collapse. To resolve these
fundamental flaws, we introduced Monolithic Policy Optimization (MPO), a
strictly group-free, single-stream alignment framework. By decoupling variance
reduction from intra-group sampling, MPO leverages a persistent Bayesian value
tracker equipped with a Girsanov-derived adaptive forgetting mechanism. This
formulation successfully tames the high variance of intrinsic SDE exploration,
yielding a stable and principled learning signal without the O(G) computational
burden.

Extensive evaluations across diverse architectures (FLUX.1 and Stable Dif-
fusion) and complex tasks confirm that MPO establishes a new state-of-the-art
in both performance and scalability. Most notably, it achieves a 26× wall-clock
speedup and a 5× improvement in sample efficiency over prevailing baselines.
While MPO currently fixes the initial latent noise during gradient updates to en-
sure causal disentanglement, future research will explore dynamic noise schedul-
ing to further expand the exploratory manifold. Ultimately, MPO provides a
rigorous and highly efficient computational foundation for aligning large-scale
generative priors.
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