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Figure 1. Qualitative comparison across different diffusion backbones and RDRL frameworks. (Top): SD1.5[38] results on Draft-LV[6]
and AlignProp[35] (Middle-Bottom): Larger backbones (SDXL[34] and SD3[9]) on ReFL[52] and DRTune[50]. Each panel compares
the vanilla model, the baseline RDRL method, and the same method combined with RSA-FT (Ours). RSA-FT is compatible with diverse

reward-centric diffusion reinforcement learning frameworks and
improvements in visual quality and text—-prompt alignment.

Abstract

Reinforcement learning from human feedback (RLHF) has
proven effective in aligning large language models with
human preferences, inspiring the development of reward-
centric diffusion reinforcement learning (RDRL) to achieve
similar alignment and controllability. While diffusion mod-
els can generate high-quality outputs, RDRL remains sus-
ceptible to reward hacking, where the reward score in-
creases without corresponding improvements in perceptual
quality. We demonstrate that this vulnerability arises from
the non-robustness of reward model gradients, particularly

*Equal Contribution.

backbones, effectively mitigating reward hacking and producing clear

when the reward landscape with respect to the input image
is sharp. To mitigate this issue, we introduce methods that
exploit gradients from a robustified reward model—without
requiring its retraining. Specifically, we employ gradients
from a flattened reward model, obtained through parameter
perturbations of the diffusion model and perturbations of
its generated samples. Empirically, each method indepen-
dently alleviates reward hacking and improves robustness,
while their joint use amplifies these benefits. Our result-
ing framework, RSA-FT (Reward Sharpness-Aware Fine-
Tuning), is simple, broadly compatible, and consistently en-
hances the reliability of RDRL.
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1. Introduction

Recent advances in diffusion based Text-to-Image (T2I)
models have enabled the generation of remarkable high-
quality content, spanning from images to videos [3, 9, 38,
51], positioning them at the forefront of modern generative
Al To further enhance generative capability and text align-
ment, training-free guidance methods, such as Classifier-
Free Guidance and variants [1, 15-17, 20] have been pro-
posed. While effective, these methods lack direct alignment
with human preferences, limiting their applicability in real-
world scenarios.

Motivated by the success of reinforcement learning from
human feedback in aligning large language models, recent
studies have explored extending such strategies to diffusion
models through fine-tuning. These approaches include dif-
fusion policy optimization in the Proximal Policy Optimiza-
tion (PPO) [41] family [2, 10] and Direct Preference Opti-
mization (DPO) [36]-style variants [45, 54, 58] that lever-
age data-driven preferences. Since collecting human feed-
back during training is impractical, reward models (RMs)
trained on human annotations [5, 18] serve as scalable sur-
rogates for human evaluation, enabling reward-centric dif-
fusion reinforcement learning (RDRL) to effectively align
generations with human preferences [6, 35, 50, 52].

However, RDRL remains vulnerable to reward hack-
ing, where reward scores rise without corresponding im-
provements in perceptual quality. Despite its importance,
this phenomenon in diffusion-based RL has not been sys-
tematically analyzed. We draw an analogy between reward
hacking and adversarial attacks [13, 31, 32, 43], where
small input perturbations can drastically inflate classifier
logits without meaningful visual content. Prior studies show
that such non-robust classifiers degrade sample quality un-
der classifier guidance [15, 19], whereas robust classifiers
trained via adversarial training alleviate this issue [19].
However, constructing an equally robust reward model is
impractical for human preference alignment, as it requires
an extensive expressive model and labeled data [4, 28, 33].

We draw additional inspiration from randomized
smoothing [7, 24], which enhances classifier robustness
without retraining by smoothing predictions of a fixed
model. Analogously, we aim to robustify the reward model
without retraining. Empirically, we observe that reward
models tend to be non-robust in regions where their loss
landscape is sharp, motivating the use of gradients from a
flattened reward model. We therefore propose a method that
leverages gradients from this robustified reward model to al-
leviate reward hacking in diffusion RL.

As illustrated in Fig. 2, training with the original reward
model often leads to reward hacking: the primary reward
score (e.g., HPS v2.1) increases while other reward met-
rics and perceptual quality deteriorate. In contrast, incorpo-
rating feedback from the flattened reward model constrains
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Figure 2. Illustration of reward hacking in RDRL (Draft-LV).
The original reward model raises the HPS v2.1 score but degrades
other metrics and visual quality, whereas our flattened model im-
proves all metrics with consistent visuals.

the learning dynamics, resulting in consistent improvements
across multiple rewards and visually enhanced generations.

Formally, the flattened reward is defined as the minimum
reward score within a local neighborhood, which can be ap-
proximated by considering the worst-case perturbation of
the reward model’s input:

) N o Vkr(x)
min, T(x +€) ~ ’”(X , ||vxr<x>|) W

where r(x) is the reward model, p the perturbation size, and
€ the input perturbation. Interestingly, this flattening strat-
egy naturally induces worst-case parameter perturbations,
sharing the same underlying philosophy as Sharpness-
Aware Minimization (SAM) [12]. We further extend this
principle to the parameter space, drawing inspiration from
the recently identified duality between SAM and adversarial
robustness [57]. We rediscover this connection in the con-
text of reward-centric diffusion RL and demonstrate that ap-
plying flattening jointly in both input and parameter spaces
most effectively mitigates reward hacking.

Although SAM has recently been explored indepen-
dently in reinforcement learning [25] and diffusion mod-
els [26], to the best of our knowledge, we are the first to
unify these perspectives within the RDRL framework.

Finally, we show that our method is fully compatible
with existing RDRL frameworks and can be seamlessly de-
ployed as a plug-and-play module. We refer to the integra-
tion of SAM (weight perturbation) with adversarial training
(input perturbation) in RDRL as RSA-FT, which provides
a principled solution to reward hacking and advances the
robustness and generalization of diffusion RL. Our contri-
butions are summarized as follows:
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* We identify reward hacking in RDRL as a form of adver-
sarial attack and establish a unified perspective that con-
nects AT with SAM.

* We introduce RSA-FT, which integrates input- and
weight-level perturbations to provide a principled and ef-
fective defense against reward hacking.

* We demonstrate that RSA-FT is broadly compatible
with diverse reward-centric methods and consistently im-
proves their performance as a plug-and-play module.

2. Preliminaries

Diffusion Models. Given samples X ~ qgata(X), the for-
ward diffusion process is formulated as a Markov chain
that gradually perturbs the data with Gaussian noise:
q(xt‘xt—l) = N(\/lfﬂtxt—laﬂt]:% t = 1,...,T,
where the sequence {f3;};—1,. 1 specifies the predeter-
mined noise schedule. Accordingly, the marginal distribu-
tion at timestep t is ¢(x;) = N (y/@rxo, (1 — a;)I), where
& = [1._,(1 — B;). The reverse diffusion process is mod-
eled as pg(xi—1|x¢) = N(pg(x,1), Xo(x¢, 1)), where 0
are learned via the denoising score matching [44]:

mein Exo e [l€a(v/@rxo + V1 — aze, t) — €3], )

where € ~ N(0,I). After training, sampling is performed
by iteratively reversing the diffusion process, starting from
an isotropic Gaussian noise sample. For instance, the De-
noising Diffusion Implicit Model (DDIM) [42] generates
samples through the iterative update:

Xi—1 = /@_1%0(t) +

1 _dtflee(xtat)a (3)

where the denoised estimate Xo(t) = E[xo|x;] :=
Ry o Zfe\Xel) %W is obtained via Tweedie’s formula [8, 21].

This sampling procedure is then applied recursively from
timestep 7" to timestep 1 to generate a final sample.

Reward Centric Diffusion Reinforcement Learning
Among various approaches for RL-based diffusion model
finetuning, a representative family, RDRL [6, 35, 50, 52],
fine-tunes the pretrained diffusion parameters 6 to maxi-
mize a differentiable reward model r(-) as follow:

J(0) = max Ee, xrnro,n [7(X0(x7,€50),¢)] . (4)

where xo(x7, c; 0) denotes the final sample generated by
the denoising process as the timestep approaches from 7" —
0, conditioned on a text prompt c. This optimization encour-
ages the model to generate samples that align more closely
with human judgments by performing gradient ascent on the
reward signal, i.e., Vr (XO(XT, c;0), c).

However, since r only approximates the true human pref-
erence function r*, the fine-tuned models often overfit to

optimizing the reward function, producing images that score
highly under r yet remaining misaligned with genuine hu-
man intent.

Adversarial Robustness. Deep learning models are well
known to be vulnerable to small, imperceptible pertur-
bations. A classic example is the adversarial attack, in
which tiny input perturbations can drastically alter classi-
fier predictions—even when the visual content remains un-
changed [13, 31, 32, 43].

Formally, let fy : RP — RC denote a C-class classi-
fier producing logits fo = (f1, fo, ..., fc). An adversarial
example x + J satisfies

arg_max_fi(x) =1,

7 é ‘7
pa arg max _fi(x+0) # i
where 9 is a perturbation bounded by ||d]] < p.

A widely used defense strategy for improving robustness
is Adversarial Training (AT) [30]:

mein Ex~p[¢(0;x)], (standard) ®)

min EXND{HI?H&SX;) é(G;x—i—d)}, (Adversarial) (6)

where £(0;-) denotes the cross-entropy loss associated
with fp. Adversarial training minimizes the worst-case loss
within a p-ball around each input. Although effective, AT is
computationally expensive and often requires more expres-
sive models [4, 28, 33, 56].

Beyond training, another line of work explores post-
hoc robustness estimation and training-free defense mech-
anisms. Several studies [11, 37, 40] show that an input is
robust to adversarial perturbations when the loss function
or classifier is locally smooth around that input. Building on
this observation, randomized smoothing [7, 24, 27] provides
a non-training defense that certifies robustness by smooth-
ing classifier outputs through Gaussian averaging:

iGIE%%C Psnr(0,021)[arg max fo(x + &) = 1] .
Here o the standard deviation of the added Gaussian noise.
Intuitively, predictions are stabilized by averaging outputs
over Gaussian-perturbed inputs, yielding certified robust-
ness guarantees under bounded noise [7].

Inspired by this idea, we introduce a measure of reward
robustness (based on surface flatness) in Sec. 3 and propose
a method for obtaining feedback from a flattened reward
model in Sec. 4, analogous to randomized smoothing but
applied to reward landscapes.

Sharpness-Aware Minimization (SAM). While adver-
sarial training and randomized smoothing improve robust-
ness in the input space, SAM [12] enhances generalization
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Figure 3. Geometry of reward fine-tuning and our proposed

method. Reward models are inherently sharp and prone to adversarial

perturbations. Flattening these reward landscapes alleviates their sensitivity and reduces the occurrence of adversarial gradients. (a) Prior
methods directly maximize rewards along adversarial gradients from sharp reward surfaces, which often leads to reward hacking. (b) Our

method instead leverages gradients from flattened reward models,

by promoting flat minima in the parameter space. Motivated
by the observation that flatter loss landscapes yield better
generalization, SAM jointly minimizes the loss value and
its local sharpness around the parameters via a min—max
formulation:

(sam) @)

min Ex.p| max £(0 + €;x)|,
6 o e, )

where £(-) is the loss function, p controls perturbation mag-
nitude, and 6 denotes the model parameters. The inner max-
imization quantifies the sharpness of the loss surface—how
rapidly the loss increases within a local neighborhood of 6.
To make this explicit, Eq. (7) can be rewritten as:

[ max £(0+€) — £(0)] + £(0),

llell<p

®)

where the bracketed term measures the sharpness, reflecting
how steeply the loss grows around 6. This formulation pe-
nalizes sharp minima and promotes flatter regions that tend
to generalize better.

In practice, SAM approximates the inner maximization
through a two-step update at each iteration ¢:

V()

—p I g =0, — VO :
N AT

©))
where 7 is the learning rate. By descending on the worst-
case perturbed loss, SAM encourages convergence toward
flat minima, yielding improved robustness.

By jointly inspecting Eq. (6) and Eq. (7), we can observe
a clear duality between AT and SAM [57]: both follow a
min—-max formulation but operate in different domains: AT
pursues robustness in the input space, while SAM enforces

mitigating hacking by flattening both the image and parameter spaces.

flatness in the parameter space. Building on this insight,
several works have introduced flatness regularization into
AT [47, 55, 57]. Notably, Adversarial Weight Perturbation
(AWP) [47] combines both input and weight perturbations,
enhancing robustness in image classification.

In contrast, our work is the first to extend this princi-
ple to a RDRL framework, applying dual perturbations for
stable training and effectively overcoming reward hacking.
An overview and geometric intuition of our method are pre-
sented in Fig. 3.

3. Analyzing Reward Sharpness

Problem Formulation. A key challenge in RDRL is re-
ward hacking, where generated images achieve high scores
from the reward model r despite being perceived as low-
quality by humans. This phenomenon can be interpreted
as a generalization failure of r, wherein the reward surface
misaligns with the true human preference function r* (see
Fig. 3(a) for an intuitive illustration).

Hypothesis. Inspired by studies linking model smooth-
ness to adversarial robustness, we hypothesize that a sim-
ilar relationship holds for reward models. Specifically, we
posit that the reward model r generalizes best where its
reward landscape is locally flat, while sharp regions indi-
cate misalignment with the true human preference r*. (see
Fig. 3(b).) As illustrated in Fig. 3, reward hacking can be
interpreted as the generative model exploiting sharp direc-
tions in 7, where small image perturbations lead to large re-
ward gains without genuine quality improvement. Accord-
ingly, we expect a negative correlation between the sharp-
ness of r and its generalization ability.
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Quantifying Reward Sharpness. To characterize this re-
lationship, we define a reward sharpness indicator:

S1 =Eyxup [r(x) — min r(x + e)} , (10)
lel<p

Here, 51 measures the reward drop within a local neighbor-

hood, which can be efficiently approximated by a one-step

update *:

Sy ~ By {r(X) —T(X_pmﬂ '

A larger S; indicates a sharper reward landscape, while a
smaller value implies a flatter one.

Empirical Validation. To validate our hypothesis, we
fine-tuned Stable Diffusion 1.5 with DRaFT-K using
HPSv2 as the reward model, while tracking both reward
sharpness (57) and true human preference throughout train-
ing. Since the true preference function r* cannot be di-
rectly measured for all generated samples, we instead adopt
PickScore [22] and ImageReward [53] as proxy evaluators.
This proxy-based assessment is meaningful only when the
reward models exhibit complementary generalization be-
haviors, so that the weaknesses of one model can be com-
pensated by the other.

As shown in Fig. 4, reward sharpness exhibits a
strong negative correlation with preference quality (Pear-
son 7oy = —0.802 for PickScore and 7.y = —0.669 for
ImageReward), confirming that sharper reward landscapes
correspond to poorer generalization to human preference.

Interpretation. Specifically, when the reward landscape
is sharp, r increases along adversarial directions that lead
updates into isolated non-preference regions, deviating
from the true preference r* and resulting in reward hack-
ing. In contrast, flattening the reward surface eliminates
such spurious regions, suppresses adversarial gradients, and
guides updates toward the genuine preference direction.

4. Reward Sharpness-Aware Fine-Tuning

In Sec. 3, we showed that reward sharpness is closely re-
lated to both generalization and reward hacking. Build-
ing on this insight, we propose Reward Sharpness-Aware
Fine-Tuning (RSA-FT) (illustrated in Fig. 3), which fine-
tunes the diffusion model using a robustified (or flattened)
reward function that penalizes locally sharp reward regions
as follows:

J(0) = max Ee o [F (Xo(xr, ¢;0),€)], (A1)

* Although multi-step perturbations are possible, we find that a single-
step approximation correlates best with generalization performance.
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Figure 4. Negative correlation between reward sharpness and
human preference. Higher sharpness in the reward model corre-
lates with lower preference quality (Pearson reor = —0.802 for
PickScore, reorr = —0.669 for ImageReward), supporting the hy-
pothesized negative relationship.

where we define the flattened reward function as

7(x,c):= min

r(x/,c), (12)
d(x,x")<p ( )

where d(-, -) denotes a distance metric on the image mani-
fold. We consider two metrics: one in the image space and
another induced by the diffusion models’ parameter space.

* Image space

llall<p }
13)

max Ec, 7~ (0,1) [ min r(xo(xr,c;6) + 8,c¢)
e Parameter space

max Ee¢, xz~Ar(0,1) [l Iﬁlin ’/‘(Xo(XT, c;0+¢€), c)}
€||<pu
(14)

For the Euclidean metric Eq. (13), flattening r resembles
applying adversarial perturbation with respect to the reward
model. Using a one-step approximation, we define:

VXUT(XO (XT7 C; 0)7 C)
P Vo (Xo(xz, ¢ 0), )]

Sy = — (15)

resulting in
max Ee¢, s~ (0,1) [r(xo(xT, c;0) + dx,, c)} . (1e6)

Similarly, for the parameter-induced metric in Eq. (14),
we perform a one-step update in the parameter space, lead-
ing to SAM-like formulation:

Vo 7(Xo(x7,¢;80),c)
|Vo r(x0(x7,¢;0), )|

~pa ] (17)
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Algorithm 1: RSA-FT

Input: Diffusion model parameters 8, reward model
r, input perturbation radius p, weight
perturbation radius p,,, learning rate 7

1 for each training step do

2 Sample noise x7 ~ p(x7) and condition c;

3 Generate image Xo < Xo (X, C; 0);

// Input-space perturbation

4 Compute perturbed input: x¢ + dx, by Eq. (15)
// Weight-space perturbation

5 Initialize weight perturbation €g < 0;

6 Compute perturbed weights: 8 + €g by Eq. (17)
// Parameter update

7 Update 6 via Eq. (19).

and
max Ee¢, sz~ (0,1) [T(Xo(XT, c;0+eq), c)] . (18)

In the formula, €9 depends on €, but we detach €g (i.e.,
stop-gradient) without applying the chain rule for outer op-
timization, following the practice in [12].

RSA-FT We find that both approaches—image-space and
parameter-space flattening—are effective at mitigating re-
ward hacking and improving human preference alignment
(Sec. 5.2). Moreover, combining both provides complemen-
tary benefits. The final joint objective is:

max Ee¢, xr~A7(0,1) [r(xo(xT, c;0+¢€p)+ 6XO,C)] )
(19)

This formulation jointly enforces smoothness in both image
and parameter spaces, leading to a doubly robust reward op-
timization. The overall algorithm is shown in Algorithm 1.

5. Experiment

5.1. Experiments Settings

Datasets and Baselines. To rigorously evaluate our
method, we adopt multiple backbone models, including Sta-
ble Diffusion v1.5 (SD1.5), SDXL, and Stable Diffusion 3
(SD3), Flux.1-dev [23] and integrate our proposed RSA-
FT into existing RDRL frameworks: ReFL [52], DRaFT-
K [6] (K=1), AlignProp [35], and DRTune [50]. In all
cases, models are optimized using the HPSv2 reward model
as the training signal. This unified setup enables a consis-
tent assessment of RSA-FT’s effectiveness across diverse
reinforcement objectives. For evaluation, we use the Draw-
Bench dataset [39] and the HPSv2 benchmark test set [49].

Table 1. Quantitative results of various RDRL methods on SD 1.5
(512 x 512) with our proposed method. Bold text indicates the
best performance for each metric.

Dataset Method HPSV2.1 1 PickScore 1 ImageReward 1
Vanilla 24.02 21.02 -0.147
Draft-LV 25.59 20.96 -0.062
+Ours 26.67 (+1.08) 21.12 (+0.16) 0.035 (+0.09)
Drawbench  Ajjonprop 25.12 20.98 -0.033
+Ours 29.59 (+4.47) 21.51 (+0.53) 0.268 (+0.301)
ReFL 31.08 21.57 0.536
+Ours 31.67 (+059)  21.70 (+0.13) 0.671 (+0.135)
DRTune 30.63 21.34 0.477
+Ours 31.16 (+0.53) 21.52 (+0.18) 0.540 (+0.63)
Vanilla 23.57 20.55 -0.069
Draft-LV 26.87 20.67 0.126
+Ours 28.28 (+1.41) 20.91 (+0.24) 0.191 (+0.07)
HPD Alignprop 24.93 2021 0.032
+Ours 32.02 (+7.09) 21.53 (+1.32) 0.528 (+0.49)
ReFL 34.95 21.96 0.794
+Ours 35.81 (+0.69) 22.13 (+0.17) 0.903 (+0.136)
DRTune 3493 21.91 0.842
+Ours 35.57 (+0.64) 21.92 (+0.01) 1.452 (+0.61)

Evaluation Metrics. To evaluate the alignment with
human preferences, we primarily employ state-of-the-
art reward model-based metrics, including HPSv2 [49],
PickScore [22], and ImageReward [53]. To further validate
these automated measures, we complement them with a
small-scale human evaluation involving 17 independent an-
notators. For fair comparison, all methods generate samples
using the default hyperparameters of each backbone model,
such as scheduler and guidance scale. Baseline methods
(ReFL, DRaFT-K, AlignProp, and DRTune) are reimple-
mented following their official code releases.

Implementation Details. All experiments are conducted
using NVIDIA H100 GPUs and the AdamW optimizer with
B1 = 0.9, B = 0.999, and a weight decay of 0.0001.
For training, we fine-tune SD1.5 and SDXL with 50 sam-
pling steps and SD3 with 28 steps. The learning rate is set
to 2 x 10~° with a batch size of 32. The number of itera-
tions and epochs follows the original protocol of each cor-
responding algorithm, as our goal is not to improve their
performance through hyperparameter tuning. For perturba-
tion scales in image space and parameter space, we searched
0, pw € 1071,1072,1072 and found both optimal at 10~2.
Additional detail is provided in Appendix D.

5.2. Evaluation on SD1.5

Quantitative Results. As shown in Tab. 1, our method
consistently improves all RDRL baselines across both
DrawBench and HPD benchmarks. While existing ap-
proaches often exhibit reward-specific overfitting, our
method achieves balanced enhancement across all prefer-
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Table 2. Quantitative results of various RDRL on SDXL (1024 x
1024). Bold text indicates the best performance for each metric.

Table 3. Quantitative results of various RDRL on SD3 (1024 x
1024). Bold text indicates the best performance for each metric.

Dataset Method  HPSV2.11  PickScore © ImageReward 1
Vanilla 27.41 22.31 0.619
Drawbench ReFL 29.45 2241 0.705
+Ours  30.31 (+0.86)  22.60 (+0.19) 0.719 (+0.014)
DRTune 30.04 22.49 0.804
+Ours  31.58 (+1.54)  22.61 (+0.12) 0.944 (+0.140)
Vanilla 28.92 22.56 0.921
HPD ReFL 31.21 22.66 1.039
+Ours  32.66 (+1.45)  23.08 (+0.42) 1.111 (+0.072)
DRTune 32.36 22.78 1.095
+Ours  33.74 (+1.38)  22.94 (+0.16) 1.208 (+0.093)

ence metrics without altering any model architecture or us-
ing multiple reward functions.

For example, Draft-LV and AlignProp originally show
increased HPSv2.1 but decreased auxiliary rewards, reflect-
ing mild reward hacking. When combined with our method,
however, these models exhibit simultaneous improvement
across all metrics — AlignProp, for instance, improves its
HPSv2.1 from 24.93 to 32.02 and its ImageReward from
0.032 to 0.528. Even strong baselines such as ReFL and
DRTune benefit further, with DRTune’s ImageReward ris-
ing from 0.842 to 0.903. These results highlight that our
method not only boosts overall performance but also effec-
tively mitigates reward hacking, leading to genuine align-
ment gains rather than metric-specific overfitting.

Moreover, our approach is fully plug-and-play, integrat-
ing seamlessly with diverse RDRL frameworks. Its broad
compatibility highlights strong generalization and robust-
ness, making it a universal enhancement module for RDRL

Ablation Studies. We conduct comprehensive ablation
studies within the existing RDRL framework by selectively
applying perturbations to the image space, the parameter
space, or both. Our results demonstrate that while each com-
ponent independently improves performance, their combi-
nation yields the most significant gains, indicating a clear
synergistic effect. Due to space constraints, the detailed ex-
perimental results are provided in Appendix E (Table 6).

5.3. Generalization to Larger Backbones

In Sec. 5.2, we observed that our method is compatible with
all RDRL frameworks. To further validate its generaliza-
tion, we extend experiments to larger backbones, including
SDXL, SD3, and Fluxl.dev, using stable RDRL variants
such as ReFL and DRTune.

Quantitative Results. As shown in Tab. 2, our method
consistently boosts the performance of both ReFL and DR-
Tune even at higher resolutions (1024x1024) on SDXL.

Dataset Method  HPSV2.11  PickScore T ImageReward 1
Vanilla 28.77 22.45 0914
Drawbench ReFL 29.45 22.38 0.921
+ Ours 29.81 (+0.86)  22.51 (+0.13) 0.953 (+0.014)
DRTune 29.48 2241 0914
+Ours  29.89 (+1.54)  22.61 (+0.20) 0.979 (+0.140)
Vanilla 30.48 22.40 1.123
HPD ReFL 31.22 22.37 1.151
+O0urs  31.43 (+1.45)  22.41 (+0.04) 1.168 (+0.072)
DRTune 31.31 22.33 1.162
+Ours  31.86 (+1.38)  22.41 (+0.08) 1.212 (+0.093)
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Visual Preference Text Preference

SDXL ReFL 42.9% | 57.2% 38.1% |

58.3% 32.2% |

61.9%

DRTune 41.8% | 67.9%
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DRTune 60.8% 56.9%

39.2% |
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Figure 5. Human preference study results. The dashed line indi-

cates the 50% mark; crossing it demonstrates a strict preference
over the baseline.

Both models outperform their vanilla counterparts, and
when combined with our approach, the performance im-
proves even further—particularly the combination with DR-
Tune shows the strongest synergy. To verify architectural
robustness beyond the UNet-based backbone, we also ap-
plied the same training setup to SD3, and Flux which adopts
an MMDIT Transformer structure. As presented in Tab. 3
and Tab. 11, our method again yields consistent improve-
ments across all reward metrics, confirming that the pro-
posed reward-flattening strategy effectively enhances ex-
isting diffusion RL algorithms regardless of architecture,
backbone scale, or resolution.

Qualitative Comparison. Fig. 6 illustrates the qualitative
improvements achieved by RSA-FT on text-to-image gener-
ation with SDXL and SD3 across both ReFL and DRTune.
Across diverse prompts, models enhanced with RSA-FT
produce images that are not only sharper and more visually
coherent but also appear more natural to human perception,
with fewer cases of distorted text or malformed body parts.
Compared to their original counterparts, RSA-FT consis-
tently improves text-image alignment and perceptual qual-
ity, demonstrating its robustness across different backbones
and RDRL frameworks. In summary, RSA-FT provides a
simple yet effective strategy that delivers contextually ac-
curate and visually reliable generations across RDRL meth-
ods. Additional examples are provided in Sec. L.
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Text Prompt

+RSA-FT (Ours)

“A young woman
wearing golden
earrings.”

SDXL

“An astronaut riding
a horse on Mars.”

“A storefront with
'Deep Learning’
written on it.”

SD3

“A domesticated
carnivorous
mammal that
typically has a long
snout, an acute
sense of smell,
nonretractable
claws, and a barking.
howling, or whining
voice.”

Text Prompt

dogs sitting on the
grass.”

“A magnifying glass
over a page of a
1950s batman comic.

“A cat in a tutu
dancing to Swan
Lake.”

“A shark stranded in [*
the middle of a vast
desert, surrounded
by endless dunes
under the scorching
suns”

Figure 6. Qualitative comparison with and without our method. Each image is generated using the same text prompt and random seed
across all methods. Models equipped with our method (RSA-FT) produce images with more accurate text-image alignment and higher

visual quality compared to their baselines.

6. Discussion

We showed that the sharpness of the reward landscape is in-
versely correlated with human preference and that gradients
from a flattened reward model consistently improve align-
ment. Our study focuses on mitigating reward hacking un-
der a single reward model, but the same principle naturally
extends to multi-reward settings, where the flattening can
help compensate for individual model weaknesses.

We acknowledge that our evaluation primarily relies on
model-based metrics, which are imperfect proxies for hu-
man preference. While we complement these results with a
human study, it is limited in scale (17 evaluators) and not
statistically powered for definitive conclusions. We there-
fore view it as supporting evidence rather than a compre-
hensive assessment of human alignment.

Alternative smoothing techniques—such as Gaussian av-
eraging instead of local minimization—may enhance ro-
bustness, though we adopt a one-step minimization for effi-
ciency. Our framework can also extend to PPO- and DPO-
based optimization for diffusion model fine-tuning [36, 41],
where separate reward evaluation enables more flexible
smoothing, which we leave for future work.

Finally, while our current approach uniformly applies

flattened rewards, future research may explore selective
sharpness-aware weighting that down-weights overly sharp
regions to further improve robustness and interpretability.

7. Conclusion

We propose Reward Sharpness-Aware Fine-Tuning (RSA-
FT), a framework for mitigating reward hacking in RDRL
without retraining the reward model, by leveraging gradi-
ents from a flattened reward function. We identify a con-
nection between reward hacking and adversarial behavior,
both arising from sharp regions of the reward landscape,
and show that flattening these regions improves robustness.

RSA-FT achieves this via joint perturbations in input
and parameter spaces, leading to consistent improvements
across multiple RDRL frameworks and diffusion backbones
(SD1.5, SDXL, SD3). While evaluation primarily relies on
proxy reward metrics, our results are supported by a limited
human study.

Overall, this work provides a principled perspective on
reward hacking in diffusion RL and highlights reward land-
scape flattening as an effective direction for improving ro-
bustness and alignment.
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