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Figure 1. (a) PromptLoop uses latent feedback for stepwise prompt refinement, achieving functional equivalence to diffusion model RL
and effective reward alignment (shown with ImageReward). (b) Multiple timestep-aware prompt updates during a single sampling yield
stronger alignment.

Abstract

Despite recent progress, reinforcement learning (RL)-based
fine-tuning of diffusion models often struggles with gen-
eralization, composability, and robustness against reward
hacking. Recent studies have explored prompt refinement
as a modular alternative, but most adopt a feed-forward
approach that applies a single refined prompt throughout
the entire sampling trajectory, thereby failing to fully lever-
age the sequential nature of reinforcement learning. To ad-
dress this, we introduce PromptLoop, a plug-and-play RL

framework that incorporates latent feedback into step-wise
prompt refinement. Rather than modifying diffusion model
weights, a multimodal large language model (MLLM) is
trained with RL to iteratively update prompts based on in-
termediate latent states of diffusion models. This design
achieves a structural analogy to the Diffusion RL approach,
while retaining the flexibility and generality of prompt-
based alignment. Extensive experiments across diverse re-
ward functions and diffusion backbones demonstrate that
PromptLoop (i) achieves effective reward optimization, (ii)
generalizes seamlessly to unseen models, (iii) composes or-
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thogonally with existing alignment methods, and (iv) miti-
gates over-optimization and reward hacking while introduc-
ing only a practically negligible inference overhead.

1. Introduction
Diffusion models [14, 39, 47] have now become the state
of the art for image generation. Recently, increasing atten-
tion has been directed toward reinforcement learning (RL)-
based approaches [48] that align these models with user
preferences through explicit reward optimization. Algo-
rithms such as PPO [42] and DPO [38] have been applied
directly to fine-tune diffusion model parameters [2, 51].
With reward functions defined over aesthetic quality, safety,
human preference, or prompt alignment, these methods suc-
cessfully steer model behavior without requiring new train-
ing data. However, direct RL fine-tuning remains limited:
improvements often fail to generalize across models, addi-
tional enhancements are not easily composable once fine-
tuning is complete, and pathological behaviors such as re-
ward hacking or over-optimization can arise [22].

In parallel, the rapid development of large language
models (LLMs) [3, 10, 11] and multimodal large language
models (MLLMs) [29, 53, 54] has inspired a new research
direction: refining the input prompts rather than the diffu-
sion model itself. These prompt-alignment methods either
guide an LLM to improve a user’s prompt or adopt itera-
tive feedback loops for prompt refinement [19, 21, 32, 62].
Building further, [12, 52, 57] propose to fine-tune LLMs
with RL, enabling them to generate goal-directed prompt
modifications more effectively. Compared to weight-level
tuning, prompt refinement is attractive because prompts
are shared across all text-to-image (T2I) models, inher-
ently supporting generalization and orthogonal composabil-
ity. Moreover, prompts, being abstract and discrete, may act
as a buffer against reward hacking by decoupling reward op-
timization from direct parameter updates [8, 27, 59]. For a
detailed discussion of related works, see Appendix A. Nev-
ertheless, prompt-based strategies remain structurally dis-
tinct from weight-level approaches. In diffusion models,
parameters interact directly with intermediate latent vari-
ables xt in a feedback loop, where each denoising step
conditions on xt to produce xt→1. By contrast, existing
RL-based prompt refinement methods typically operate in a
feed-forward manner, producing a refined prompt once and
applying it uniformly across all timesteps, without leverag-
ing the evolving latent trajectory.

To bridge this gap, we propose a generalized RL-
based reward alignment framework called PromptLoop
that achieves structural analogy to weight-level fine-tuning
while preserving the modularity of prompt refinement
(Fig. 2). Specifically, our method introduces a plug-and-
play prompt refinement module as a policy. This module

leverages an MLLM to process feedback from the inter-
mediate latent xt as one of the states, analogous to diffu-
sion RL formulations, and then refines the prompt ct as
the action injected into subsequent denoising steps. Thus,
the sampling dynamics are adaptively adjusted without di-
rect fine-tuning of the diffusion model itself. Unlike ap-
proaches that either delay feedback until after sampling or
confine it to external loops, our method adopts a diffu-
sion RL–style closed-loop design that embeds refinement
directly within a single diffusion pass, ultimately enabling
fine-grained adaptive control and improved efficiency. De-
spite the introduction of iterative MLLM-based policy in-
ference, our implementation keeps the inference-time over-
head at a practically manageable level compared to standard
diffusion model sampling.

Extensive experiments across diverse diffusion models
and reward functions demonstrate that our approach not
only achieves effective reward optimization, but also gen-
eralizes robustly to unseen models, composes orthogo-
nally with existing alignment methods, and mitigates over-
optimization and reward hacking. These results establish
PromptLoop as a practical and versatile approach to reward
alignment for diffusion models. Our contributions are sum-
marized as follows:
• PromptLoop incorporates step-wise latent feedback into

prompt refinement, achieving structural analogy to
parameter-level tuning without modifying model weights.

• We demonstrate broad generalization, effective reward
optimization, and mitigation of reward hacking across di-
verse models and reward functions while incurring only
minimal practical inference overhead.

2. Preliminaries
Diffusion Models. Diffusion models [14, 44, 46] are a class
of latent variable generative models that approximate the
data distribution x0 → pdata through a hierarchical latent
process. The generative distribution is formulated as

pω(x0) =

∫
p(xT )

T∏

t=1

p(t)ω (xt→1|xt) dx1:T , (1)

where the prior p(xT ) is typically a standard Gaussian dis-
tribution. The latent sequence {xt}Tt=1 is obtained via a for-
ward noising process, which follows a Markov chain with a
variance schedule {ωt}Tt=1:

q(xt|xt→1) = N (xt |
↑
εtxt→1, (1↓ εt)I), (2)

q(xt|x0) = N (xt |
↑
ε̄tx0, (1↓ ε̄t)I), (3)

where εt = 1 ↓ ωt and ε̄t =
∏t

i=1 εi. Training is carried
out by learning to predict the injected Gaussian noise ω us-
ing a neural network ω̂ω, which is often conditioned by c,
known as ϑ-matching. This is equivalent to denoising score
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Figure 2. (a) Closed-loop prompt refinement framework with RL. (b) The proposed framework enhances human preference
in a plug-and-play manner with minimal additional inference cost. At each denoising step, the policy MLLM takes the current
state—denoised estimates, the user query, and prior refinements—and generates an action, a refined prompt. The diffusion model then
updates the state, and this loop continues until the final image is produced and scored by the reward model.

matching (DSM) [46, 50], which estimates the score func-
tion ↔xt log p(xt):

Lε→matching = Et,x0,ω

[
↗ω̂ω(xt, t, c)↓ ω↗22

]
, (4)

where xt =
↑
ε̄tx0 +

↑
1↓ ε̄t ω with ω → N (0, I). Once

trained, the model iteratively reverses the noising process as
follows:

xt→1 = f(xt, zt, c, t)

:=
1

↑
εt

(
xt ↓

1↓ εt↑
1↓ ε̄t

ω̂ω(xt, t, c)

)
+ ϖtzt, (5)

where zt → N (0, I) and ϖ2
t = 1→ϑ̄t→1

1→ϑ̄t
ωt. This corresponds

to the canonical DDPM sampler [14]. In general, f(·) can
be replaced by a variety of alternative samplers such as
DDIM [45], PNDM [30], Euler [18], DPM-solver [31].

3. PromptLoop
3.1. MDP Formulation
In PromptLoop, as shown in Fig. 2, we aim to generate a
refined text prompt ct→1 conditioned on user input q and
interpret intermediate visual states xt arising during the re-
verse diffusion process. The refined text prompt is then used
to generate the next visual sample xt→1. To this end, we
adopt a multimodal language model (MLLM) [29, 53, 54]
that accepts multimodal inputs and outputs refined prompts
at each timestep. Then, our RL framework aims to train the
MLLM to maximize the reward at the final visual state x0.
Formally, our Markov decision process (MDP) is defined as
the T -step reverse process with state st and actions at:

st = (xt, ct, q, t), at = ct→1, (6)

which are conditioned on an initial user prompt q, a previ-
ously updated prompt ct, and a visual state xt. Then, an
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Figure 3. Structural analogy and key differences in MDP for-
mulation between Diffusion RL and proposed framework. La-
tent feedback establishes a functional correspondence with Diffu-
sion RL, while PromptLoop diverges by adjusting the diffusion
dynamics through timestep-aware prompts as actions.

action is sampled from the MLLM policy as at → ϱϖ(· | st)
and the visual state xt→1 is updated using the frozen dif-
fusion model with the updated prompt ct→1. A terminal
reward r(x0, q) is assigned at the final step.

This is in contrast to directly training the diffusion
model’s parameters [2, 51] using RL, where the MDP is
defined with the state and action:

st = (xt, q, t), at = xt→1 (7)

where an action is sampled from the diffusion policy
xt→1 → pω(·|st). The difference between the original
Diffusion-RL and our RL framework is detailed in Fig. 3.

Note that our MDP formulation provides a structural
correspondence between diffusion-model-based RL and the
prompt refinement framework, enabled by a timestep-aware
closed-loop latent feedback mechanism. On the other hand,
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in direct fine-tuning of diffusion models using RL, the dif-
fusion model should be trained as the optimization tar-
get. This direct RL fine-tuning remains limited: improve-
ments often fail to generalize across models, additional
enhancements are not easily composable once fine-tuning
is complete, and pathological behaviors such as reward
hacking or over-optimization can arise. In our framework,
the timestep-aware prompt-level actions can approximate
the functional role of weight-level control, while retain-
ing plug-and-play modularity, generalization, composabil-
ity, and robustness against reward hacking.

Furthermore, our approach has fundamental advantages
over other prompt fine-tuning approaches. Specifically,
prior prompt-tuning approaches either lack an intrinsic
feedback loop [12, 52, 57] or deliver feedback only after
full sampling [19, 21, 32], making them fundamentally dif-
ferent from our MDP formulation.

3.2. Optimization
At the end of each episode (i.e., xT ,xT→1, . . . ,x0), the
fully generated image x0 is evaluated by a reward function r
to produce a reward R = r(x0, q). This can encode diverse
criteria such as aesthetic quality [41], safety [26], prompt
alignment [37], or human preference [58, 60]. The diffu-
sion model and the reward model are both treated as black-
box components: no gradient flows through them, and the
policy is updated solely based on observed rewards.

Policy gradient methods [49, 56] optimize this objective
by estimating gradients with respect to ς. A widely used al-
gorithm is Proximal Policy Optimization (PPO) [42], which
improves stability by constraining policy updates through a
clipped surrogate objective:

LPPO(ς) = Et

[
min

(
φt(ς) Ât, clip(φt(ς), 1↓ ϑ, 1 + ϑ) Ât

)]

↓ωKL[ϱϖold(· | st) ↗ ϱϖ(· | st)] ,

where φt(ς) =
ϱϖ(at | st)
ϱϖold(at | st)

.

(8)
Here, ω is a hyperparameter controlling the strength of the
KL penalty, and the advantage Ât measures how much bet-
ter an action is than the expected value under the current
policy. Specifically, Group Relative Policy Optimization
(GRPO) [11] replaces the advantage estimator with a group-
normalized reward to stabilize training and reduce variance:

Ai =
ri ↓mean({rj(·)}Gj=1)

std({rj(·)}Gj=1)
, (9)

where {rj(·)}Gj=1 are the rewards of G sampled outputs for
the same prompt. Therefore, we employ the standard token-
level GRPO [11]. Each training episode is initialized with
user prompts drawn from a prompt-only dataset and pro-
ceeds via an online, on-policy reinforcement learning pro-
cedure.

3.3. Implementation
As part of our implementation, we design the MLLM’s in-
put to be denoised latent representations rather than raw
noisy states xt. Specifically, we convert the noisy visual la-
tent state xt into its denoised estimate x̂t, which lies closer
to the data manifold and thus provides a more semantically
meaningful input to the policy model:

x̂t =
1↑
ε̄t

(
xt+1 ↓

↑
1↓ ε̄t ω̂ω(xt+1, ct, t)

)
. (10)

Notably, many studies adopt these estimates for the final
sample estimation [4, 63], even for evaluation with vision-
language models [20, 43]. We further provide empirical ev-
idence to support this design choice (Appendix E.2).

While our framework achieves structural equivalence, it
introduces additional computational overhead: the policy
model must be invoked during every denoising step of the
diffusion process. This requirement also significantly in-
creases memory costs, as both the diffusion model and the
policy MLLM must be co-resident on the accelerator (e.g.
VRAM), or alternatively, incur large transfer times under
offloading. Such constraints not only limit practical appli-
cability but also complicate seamless integration of our ap-
proach into existing user-level diffusion-based image gen-
eration pipelines.

To mitigate these issues, we adopt a sparse refinement
strategy, where prompt refinement steps are defined as a set
of timesteps R ↘ {1, . . . , T} with |R| = NR. The pol-
icy model is applied only at these steps rather than at ev-
ery denoising step. For example, if the policy refines the
prompt at timestep t1 and the next refinement occurs at t2
with t1 > t2, then ct1→1:t2 = ϱϖ(· | st1) and remains fixed
until the next refinement step. During training, R is sam-
pled uniformly at random, while during inference it is de-
terministically set at even intervals. This design allows the
policy to generalize to an arbitrary number of refinement
steps during sampling, while introducing only minimal in-
ference overhead (see Sec. Runtime Overhead).

We empirically observe that visual feedback from in-
termediate denoised states—though essential during train-
ing—is not strictly necessary at inference. Once the policy
has learned the transition dynamics of the environment (i.e.,
the diffusion process coupled with the reward model), it can
generate effective refinements without explicit access to in-
termediate visual signals. Consequently, refined prompts
for all timesteps can be generated a priori, allowing the dif-
fusion process to proceed without interruptions during in-
ference. This design yields substantial generalization capa-
bility and efficiency gains while remaining fully compatible
with existing diffusion model ecosystems. It requires no
modification to the generation loop and offers the ease of
integration seen in feed-forward prompt optimization meth-
ods, yet uniquely retains the advantages of closed-loop RL
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Table 1. Quantitative evaluation on single-reward alignment with
SD1.5 and SDXL, showing comparison with baselines and demon-
strating orthogonality and generalizability.

Training
Setup Method Image

Reward HPSv2 Aesthetics MLLM
Score

SDXL
& Image
Reward

SDXL 0.7244 0.2805 6.073 0.735
+ ReFL [60] 1.0119 0.2740 6.286 0.715
+ Qwen2.5-VL-3B [1] 0.5114 0.2739 6.279 0.741
+ GPT-5 0.6299 0.2794 6.231 0.740
+ RePrompt [57] 1.0148 0.2796 6.518 0.763
+ PromptLoop (ours) 1.0948 0.2807 6.583 0.764

SDXL + Diffusion-DPO [51] 0.9921 0.2868 6.015 0.731
+ PromptLoop (ours) 1.2898 0.2862 6.491 0.763

SDXL + NPNet [65] 0.7357 0.2805 6.059 0.733
+ PromptLoop (ours) 1.1213 0.2811 6.561 0.762

SD1.5 [39] 0.0816 0.2678 5.458 0.675
+ PromptLoop (ours) 0.4546 0.2688 5.813 0.723

SD1.5
& Image
Reward

SD1.5 0.0816 0.2678 5.458 0.675
+ DDPO [2] 0.6051 0.2726 5.562 0.693
+ ReFL [60] 0.6248 0.2748 5.577 0.691
+ Qwen2.5-VL-3B [1] -0.1720 0.2628 5.668 0.693
+ GPT-5 [33] -0.0950 0.2647 5.726 0.700
+ RePrompt [57] 0.4344 0.2684 5.850 0.722
+ PromptLoop (ours) 0.6320 0.2701 5.853 0.725

SD1.5 + DDPO [2] 0.6051 0.2726 5.562 0.693
+ PromptLoop (ours) 0.9842 0.2742 5.926 0.726

SD1.5 + DanceGRPO [61] 0.6156 0.2795 5.662 0.704
+ PromptLoop (ours) 0.8950 0.2799 5.990 0.728

SD1.5 + Diffusion-DPO [51] 0.3012 0.2717 5.568 0.687
+ PromptLoop (ours) 0.7920 0.2739 5.968 0.734

SD1.5 + ReFL [60] 0.6248 0.2748 5.577 0.691
+ PromptLoop (ours) 0.9271 0.2751 5.877 0.724

SDXL [36] 0.7244 0.2805 6.073 0.735
+ PromptLoop (ours) 1.0859 0.2807 6.535 0.763

Table 2. Quantitative evaluation on composite-reward align-
ment with SDXL-turbo, showing comparison with baselines and
demonstrating orthogonality and generalizability.

Training
Setup Method GenEval Image

Reward HPSv2

SDXL-turbo
& RePrompt

SDXL-turbo [40] 0.5445 0.7769 0.2915
+ Qwen2.5-VL-3B [1] 0.5212 0.6417 0.2893
+ GPT-5 [33] 0.5456 0.7593 0.2915
+ RePrompt [57] 0.5101 0.7876 0.2912
+ PromptLoop (ours) 0.5483 0.8516 0.2938

SDXL [36] 0.5431 0.5518 0.2886
+ PromptLoop (ours) 0.5505 0.7420 0.2906

SD1.5 [39] 0.4206 -0.1315 0.2783
+ PromptLoop (ours) 0.4399 -0.0375 0.2793

fine-tuning.

4. Experimental Results
4.1. Methods
Tasks. To evaluate our framework as a general black-
box reward alignment system, we consider two categories
of reward models: single reward and composite reward.

Table 3. Ablation study results showing the effectiveness of each
proposed component.

Components ImageReward HPSv2 MLLM Score
SD1.5 0.0816 0.2678 0.675
+ policy model -0.2315 0.2617 0.681
+ GRPO training 0.4344 0.2684 0.722
+ multiple improvements 0.4912 0.2690 0.724
+ visual feedback 0.6320 0.2701 0.725

For the single reward setting, we adopt ImageReward [60],
a widely used neural network–based reward function for
human preference and prompt alignment, along with in-
compressibility, compressibility, and aesthetic score mod-
els [2, 41]. These rewards are applied to train Stable Dif-
fusion v1.5 [39] (SD1.5) and Stable Diffusion XL [36]
(SDXL) using prompts from the Pick-a-Pic v2 dataset [23].
For the composite reward setting, we follow a RePrompt-
style design [57], which combines ImageReward, MLLM-
reward [34], and additional task-specific signals such as
format and length reward. This composite reward style is
intended to better capture human preference and object-
focused alignment. Compared to the single reward setting,
the composite reward is more complex and difficult to op-
timize, since it requires balancing multiple heterogeneous
objectives simultaneously. We use it to train Stable Dif-
fusion XL Turbo [40] (SDXL-turbo), a distillation model
designed for few-step generation, with the prompt dataset
introduced by Wu et al. [57].
Evaluations. In evaluation, we validate our model’s ca-
pability along three aspects: performance, orthogonality,
and generalizability. For performance evaluation, we com-
pare against baseline reward alignment methods, including
DDPO [2], ReFL [60], Qwen2.5-VL-3B [1], GPT-5 [33],
and RePrompt [57]. For orthogonality, we apply our trained
policy model to other diffusion models that are fine-tuned or
augmented with additional modules for human preference
alignment, demonstrating that our method can be applied
orthogonally to existing preference alignment techniques.
Specifically, we evaluate on DDPO [2], DanceGRPO [61],
Diffusion-DPO [51], ReFL, and NPNet [65]. These experi-
ments demonstrate that our method can be applied orthogo-
nally to diverse alignment techniques without requiring re-
training. For generalizability, we evaluate our trained policy
model on different versions of text-to-image diffusion mod-
els that were not seen during training. It is important to note
that for both orthogonality and generalizability, the policy
model was only trained on the vanilla diffusion model envi-
ronment, which differs from the sampling variants.

4.2. Results
Single Reward. After aligning SD1.5 and SDXL mod-
els with the ImageReward reward function, we conducted
quantitative evaluations (Tab. 1). The results demonstrate
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Figure 4. Qualitative comparison of single-reward alignment, illustrating improvements over baseline methods. (SDXL & ImageReward)

that our proposed methodology consistently outperforms
baselines not only with respect to the target reward but also
across most evaluation metrics. Crucially, our method is
orthogonal, demonstrating broad compatibility with a va-
riety of human preference alignment strategies—including
noise optimization, reinforcement learning, and gradient-
based optimization—regardless of their internal mecha-
nisms. Consequently, establishing superiority over full
alignment frameworks is not the sole objective; rather, one
of the key values of our approach is its ability to seamlessly
enhance and extend these methods, not replace them.

The qualitative comparisons in Fig. 4, 5, which present
SDXL results, highlight effective alignment to the reward
signal, composability of our method, and robustness against
over-optimization, an aspect not always captured by quanti-
tative metrics. For instance, ReFL optimized the ImageRe-
ward signal through strategies resembling reward hacking
from a human perspective. However, this degradation was
not clearly reflected in commonly used metrics such as HPS
or aesthetic scores. Thus, the qualitative evaluation further
underscores the value of our approach in revealing such vul-
nerabilities.

Composite Reward. As one of the evaluation tasks, we
consider RePrompt-style multi-reward alignment, which
imposes challenging conditions such as a few-step distil-
lation model and object-centric prompt alignment bench-
marks (Tab. 2). Our framework achieves strong qualita-
tive and quantitative results under these settings, show-
ing consistently high performance across an object-
centric prompt alignment benchmark and multiple human-
preference benchmarks. This indicates that our method ef-
fectively avoids over-optimization while achieving robust
alignment. Moreover, we observe similar generalization to
diffusion models unseen during training.

Ablation Studies. We conducted a series of ablation stud-
ies to validate the contributions of our proposed compo-
nents and to analyze the effects of key hyperparameters. All
experiments were performed on a single reward task (Im-
ageReward) using the SD1.5 model. Tab. 3 summarizes the
results, where each major component was added incremen-
tally to highlight its individual effect. First, simply apply-
ing the policy model to improve prompts without training
(+ policy model) degraded performance, as the model could
not fully capture the task despite the use of a system prompt.
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Figure 5. Qualitative results showing the orthogonality and generalizability achieved by applying our method to unseen reward-alignment
baselines (SDXL & ImageReward).

Training the policy model with GRPO (+ GRPO training)
led to significant improvements across all metrics. Incor-
porating multiple prompt refinements within a single diffu-
sion trajectory (+ multiple improvements, 5 steps) further
boosted performance. Finally, introducing training-time
visual feedback substantially increased the target reward
without reducing other metrics, suggesting that it helps mit-
igate reward hacking (+ visual feedback).

We also investigated the impact of the number of prompt
refinement steps (Fig. 6). Increasing the number of re-
finement steps improved not only the reward metric but
also other evaluation metrics. Importantly, increasing the
number of refinement steps does not increase the number
of diffusion sampling steps. When trained without visual
feedback, these improvements were much smaller or ab-
sent. These findings highlight that visual feedback and it-
erative prompt refinement are indispensable components of
our equivalence MDP formulation. Together, they establish
the closed-loop structure that mirrors direct RL on diffusion
models, and the ablation results confirm that this formula-
tion is not only structurally well-founded but also empiri-
cally effective.

For further analyses, including timestep-wise prompt
evolution analysis and additional qualitative results, please
refer to Appendix E and D.
Runtime Overhead. To evaluate the runtime overhead in-
troduced by the integrated MLLM policy model, we mea-
sure the inference time as a function of the number of

Table 4. Inference time analysis showing minimal runtime over-
head of the proposed method (A100!1, batch size = 8).

Model Improvement Steps Inference Time
s/img relative

SDXL 0 15.00 1.0

+ PromptLoop

1 15.73 1.05
2 16.29 1.09
3 16.95 1.13
4 17.55 1.17
5 18.43 1.23

prompt improvement steps. Tab. 4 shows that PromptLoop
increases the total inference time only marginally, from 15s
to 18s in our default configuration with five prompt refine-
ment steps. This result indicates that our method keeps the
inference-time overhead at a manageable level, demonstrat-
ing the user-level practicality of our framework.

Importantly, the MLLM policy model remains fixed in
size and requires no retraining when applied to new dif-
fusion backbones. As diffusion models continue to scale,
the relative inference cost introduced by our policy model
naturally decreases. This plug-and-play design thus offers
broad architectural compatibility and long-term scalability,
making the framework increasingly efficient and readily ap-
plicable to next-generation diffusion models without addi-
tional training cost.
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Prompt improvement steps
SDXL (0) 1 2 3 4 5

Figure 6. Ablation study demonstrating that incorporating visual feedback and increasing the number of refinement steps consistently
enhances reward alignment. (Left: SDXL, Right: SD1.5; reward: ImageReward)

5. Conclusion
In this work, we introduced PromptLoop, a plug-and-play
framework for reward alignment of diffusion models via
step-wise prompt refinement with latent feedback. By lever-
aging a multimodal policy model trained with reinforce-
ment learning, our method attains structural equivalence
to parameter-level fine-tuning while retaining the flexibil-
ity, generality, and modularity of prompt-based alignment.
Experiments demonstrate that PromptLoop achieves effec-
tive reward optimization, generalizes seamlessly to unseen
diffusion backbones, composes orthogonally with existing
alignment techniques, and mitigates over-optimization and
reward hacking. These results position PromptLoop not
only as a structurally sound but also as a practically robust
complement to weight-level tuning. Overall, PromptLoop
provides a simple yet effective path toward more reliable
and adaptable generative models, while its plug-and-play
nature facilitates integration into user-facing applications,
underscoring strong potential for real-world deployment.
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