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Abstract

Subject-driven image generation models face a
fundamental trade-off between identity preser-
vation (fidelity) and prompt adherence (editabil-
ity). While online reinforcement learning (RL),
specifically GRPO, offers a promising solu-
tion, we find that a naive application of GRPO
leads to competitive degradation, as the sim-
ple linear aggregation of rewards with static
weights causes conflicting gradient signals and
a misalignment with the temporal dynamics
of the diffusion process. To overcome these
limitations, we propose Customized-GRPO,
a novel framework featuring two key inno-
vations: (i) Synergy-Aware Reward Shaping
(SARS), a non-linear mechanism that explicitly
penalizes conflicted reward signals and ampli-
fies synergistic ones, providing a sharper and
more decisive gradient. (ii) Time-Aware Dy-
namic Weighting (TDW), which aligns the op-
timization pressure with the model’s tempo-
ral dynamics by prioritizing prompt-following
in the early, identity preservation in the later.
Extensive experiments demonstrate that our
method significantly outperforms naive GRPO
baselines, successfully mitigating competitive
degradation. Our model achieves a superior
balance, generating images that both preserve
key identity features and accurately adhere to
complex textual prompts.'

1 Introduction

In recent years, subject driven image generation,
which aims to create customized images that align
with both a textual prompt and the specific subjects
in reference images, has garnered substantial inter-
est across both academic and industrial communi-
ties (Li et al., 2023; Ruiz et al., 2023; Gal et al.,
2022; Ye et al., 2023; Zhang et al., 2024; Huang
et al., 2025a; Wu et al., 2025). Unlike standard text-
to-image (T2I) generation (Rombach et al., 2022;
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Figure 1: Customized-GRPO achieves a state-of-the-
art balance between ID Preservation and Prompt Fol-
lowing on DreamBench. Our method and Naive GRPO
are built upon UNO.

Podell et al., 2024; He et al., 2024), which focuses
solely on text—image alignment, this task demands
a dual capability: maintaining high-fidelity iden-
tity preservation from reference images and ensur-
ing accurate prompt adherence in novel contexts.
This dual objective introduces a critical general-
ization challenge: the model must learn a subject
representation that is robust enough to preserve
its core identity, yet adaptive enough to integrate
seamlessly into new contexts as indicated in the
prompt. Achieving this balance between identity
fidelity and prompt adherence is central to realizing
practical personalized generation.

To address this challenge, current research has
primarily evolved along two main paradigms:
finetuning-based and adapter-based customization.
Finetuning-based approaches, such as Dream-
Booth (Ruiz et al., 2023) and Textual Inversion (Gal
et al., 2022), enable subject-specific customization
by fine-tuning model parameters using a small set
of reference images to learn the specialized repre-
sentation of single subject. However, these meth-
ods are computationally intensive and requires re-
training for each new subject, making it impracti-
cal for scalable customization. Instead, Adapter-
based approaches (Wu et al., 2025; Ye et al., 2023;
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Figure 2: Comparison of Naive GRPO with fixed linear weights against our Customized-GRPO. The (a, b)

training curves show that Naive GRPO with 1:1 weights (
) prevents this collapse at the cost of poor identity learning. Our method

following while 1:1.5 weights (

) overfits to identity, causing a collapse in prompt

( ) improves both capabilities concurrently. The qualitative results (bottom) confirm these findings.

Tan et al., 2024; Xiao et al., 2025; Kumari et al.,
2025) introduce lightweight cross-modal adapters
to bridge text and visual representations without
requiring per-subject fine-tuning. However, in prac-
tice, they often exhibit poor generalization when
confronted with complex prompts or novel subjects.
To mitigate this, recent methods have explored
more generalized strategies, ranging from large-
scaled pre-training (Kumari et al., 2025) to sophis-
ticated attention calibration and network designs
that attempt to disentangle identity and prompt
representations (Kang et al., 2025; He and Yao,
2025; Huang et al., 2025a). Nonetheless, essen-
tially, all of the above methods rely on Supervised
Fine-Tuning (SFT), which operates as a form of
behavior-cloning paradigm that lacks the capac-
ity to generalize beyond the observed examples.
This limitation becomes more pronounced when
the model encounters novel prompts or unseen sub-
jects, where the training distribution no longer pro-
vides reliable guidance.

To move beyond the behavior-cloning by super-
vised learning, we adopt the paradigm of online
Reinforcement Learning (RL). Recent advances,
Group Relative Policy Optimization (GRPO) (Xue
et al., 2025; Liu et al., 2025; Yuan et al., 2025),
have shown that directly optimizing generation
policies against learned reward functions can signif-
icantly enhance text-to-image (T2I) alignment and
perceptual quality. However, extending GRPO to
the subject-driven domain introduces new complex-
ity. Unlike general T2I settings that pursue a single

goal such as text—image consistency, subject-driven
generation task requires multi-objective alignment
between identity fidelity and prompt adherence,
two competing goals as illustrated in Figure 2. We
find that naive GRPO with fixed linear weighting
fails to reconcile these competing rewards: heavier
identity weighting causes the model to overfit the
subject and ignore the prompt, while increasing
prompt weight restores editability at the cost of
fidelity. This imbalance arises because linearly ag-
gregated rewards produce weak and ambiguous gra-
dients, while static weighting neglects the coarse-
to-fine dynamics of diffusion. Consequently, the
optimization oscillates between objectives and re-
sult in competitive degradation, where improving
one capability inevitably degrades the other.

In this work, to overcome competitive degrada-
tion, we introduce Customized-GRPQO, a novel ap-
proach featuring two synergistic innovations. First,
to address the issue of reward conflict, we intro-
duce Synergy-Aware Reward Shaping (SARS), a
Pareto-inspired mechanism that provides a sharp
and decisive learning signal by explicitly penaliz-
ing misaligned advantage signals and rewarding
synergistic ones. Second, to tackle the problem
of static optimization pressure, we develop Time-
Aware Dynamic Weighting (TDW). Motivated by
a Fourier analysis of the denoising process, this
method aligns the optimization objective with the
model’s coarse-to-fine generation trajectory by dy-
namically allocating weights to each reward based
on the current timestep.
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Through extensive experiments, we demonstrate
that Customized-GRPO successfully achieves a
superior balance and generating images that are
both faithful to the subject’s identity and accurately
aligned with complex textual prompts, as validated
by the improvements shown in Figure 1 and 2.

2 Related Work

2.1 Subject-Driven Generation

Subject-driven image generation aims to synthe-
size novel images of a specific concept provided
through a few reference images, while adhering to
the guidance of a textual prompt. Early finetuning-
based methods like DreamBooth (Ruiz et al., 2023)
and Textual Inversion (Gal et al., 2022) achieve
per-subject customization through fine-tuning, but
this process is computationally expensive and must
be repeated for each new concept.

To overcome this limitation, a significant body
of work has focused on adapter-based methods.
A popular approach involves training lightweight
adapters to inject visual conditions into the model’s
attention layers (Ye et al., 2023; Tan et al., 2024;
Wu et al., 2025; Huang et al., 2025a; Zhang et al.,
2024). More recently, a distinct inference-time
paradigm has emerged. These methods (Shin et al.,
2025; Kang et al., 2025; He and Yao, 2025) require
no additional training and typically operate by re-
framing the task as a form of guided inpainting
or by directly manipulating the model’s attention
maps to mitigate concept confusion.

2.2  GRPO in Text-to-Image Generation

Reinforcement Learning (RL), particularly meth-
ods designed for aligning Large Language Mod-
els (LLMs) with human feedback, has recently
emerged as a powerful paradigm for enhancing
visual generation models. Among these, Group
Relative Policy Optimization (GRPO) (Guo et al.,
2025) has become prominent due to its training
stability and efficiency.

GRPO in Autoregressive Models. The applica-
tion of GRPO to autoregressive (AR) visual models
is a natural extension of its success in the text do-
main. AR-GRPO (Yuan et al., 2025) adapt the
framework to fine-tune AR image generators for
better alignment with human perceptual prefer-
ences. Subsequent research has leveraged GRPO to
unlock more complex capabilities. T2I-R1 (Jiang
et al., 2025) and GoT-R1 (Duan et al., 2025) intro-
duce Chain-of-Thought-inspired planning stages,

using GRPO with sophisticated reward systems
to guide the model towards discovering superior
semantic-spatial reasoning strategies for complex
compositional generation.

GRPO in Diffusion and Flow Matching Mod-
els. Applying online RL to non-autoregressive
models like diffusion and flow matching poses a
greater challenge, as their standard deterministic
sampling processes lack the stochasticity required
for exploration. A key breakthrough is the introduc-
tion of an ODE-to-SDE conversion during train-
ing, which injects controllable noise to enable pol-
icy learning. DanceGRPO (Xue et al., 2025) and
Flow-GRPO (Liu et al., 2025) are foundational in
this area, establishing a stable and scalable frame-
work for applying GRPO across diverse generative
paradigms and tasks. Building upon this, Mix-
GRPO (Li et al., 2025a) further enhance training
efficiency by proposing a hybrid mixed ODE-SDE
sampling strategy, confining the computationally
intensive SDE exploration to a small sliding win-
dow of timesteps.

3 Problem Formulation

Diffusion Model. A diffusion process gradually
destroys an observed datapoint x over timestep ¢,
by mixing data with noise, and the forward process
of the diffusion model can be defined as (Ho et al.,
2020):

z; = ayx + o€, where e ~ N(0,I), (1)

and o; and o denote the noise schedule. The noise
schedule is designed in a way such that zg is close
to clean data and z; is close to Gaussian noise. To
generate a new sample, we initialize the sample
z1 and define the sample equation of the diffusion
model given the denoising model output € at time
step ¢:

Zs = X + 04€, 2)

where X can be derived via Eq.(1) and then we can
reach a lower noise level s.

Flow Matching. One drawback of this iterative
denoising process is it can be computationally ex-
pensive and slow. To address this, Flow Matching
models (Liu et al., 2022) directly learn the veloc-
ity field of the data transformation, enabling faster
generation without relying on slow step-by-step
denoising. In the rectified flow (Liu et al., 2022), a
specific form of flow matching, the forward process
is defined as a linear interpolation between the true
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data sample zg ~ X and x; ~ X; denote a noise
sample:
z; = (1 — t)xo + tx1 3)

Then a transformer model is trained to directly
predict the velocity field vg(z,t) by minimizing
the Flow Matching objective:

‘C(e) = IEl‘/,X0~X07X1~X1 ||U - 'UG(Zt’t)”Q 4)

where v is the ground-truth velocity field.

Subject-Driven Image Generation. Subject-
driven image generation aims to generate images
conditioned on both a textual prompt, and a refer-
ence image, which provides the visual information
defining the subject’s unique identity. By incorpo-
rating visual reference information, subject-driven
image generation not only enhances personaliza-
tion and identity coherence but also allows the
model to retain key appearance details of the sub-
ject, even when the scene undergoes significant
changes. Formally, we denote this image genera-
tion process as:

o= g(cprompta Lref; 9) o)

where G is the generative model parameterized by
0, Cprompt and Zer represent the textual prompt and
the reference image, respectively. o is the gener-
ated image. In existing literature, G is commonly
implemented using diffusion models or flow match-
ing models, both of which are based on iterative
processes of noising and denoising.

Optimization with Reinforcement Learning.
Recent work has framed this iterative visual gen-
eration process as a Markov Decision Process
(MDP) (Black et al., 2023) and employing rein-
forcement learning to maximize a given reward
function (Xue et al., 2025; Liu et al., 2025; Liet al.,
2025a). Specifically, in the context of image gen-
eration, the MDP is a five-tuple (S, A, po, P, R),
each state s; € S at timestep t is represented as
s = (c,t, z;) where c is the conditioning informa-
tion (e.g., text prompt Cprompe and reference image
Tref), t 1s the current diffusion timestep, and z; de-
notes the corresponding noisy latent representation
of the image. The action a; € A corresponds to
predicting the subsequent, less noisy latent z;_ ;.
The generative policy model G parameterized by
0 serves as the the transition dynamics P which
determines the transition between latent states:

W@(at \ St) = g9(3t>7 (6)

po is the initial state distribution and R is the reward
function to measure the image quality.

Based on the MDP formulation, reinforcement
learning, specifically Group Relative Policy Opti-
mization (GRPO) (Guo et al., 2025), is employed
to optimize the policy model 7y by maximizing the
following objective function:

1 1 .
j(@) = E{Oq,}iG:1~7reold(<\c) |:5 Z T Z min (Pt,iAz‘,

at,i~mo, (+[8¢,1) =1 " t=1

clip(pm7 1—¢1+ e)Ai)

(N
where p; = mg(as|st)/mo,,(at|s:) is the proba-
bility ratio between the new and old policies at
timestep ¢ for sample ¢, and ¢ is the clipping hy-
perparameter to stabilize training. The expecta-
tion [E is taken over groups of samples generated
by the old policy g, ,. For a given condition c,
generative models will sample a group of outputs
{01,02,...,0q} from the model 7y . Then, the
advantage A; for each sample o; is then computed
through intra-group normalization:

r; —mean({ry,...,rg})
A; = 8
Sd({rrorah) e

where r; is the reward score for sample o;, €44 iS a
small constant to prevent division by zero. Follow-
ing prior work (Xue et al., 2025; Liu et al., 2025),
we omit the KL-regularization term by default, as
it yields minimal performance differences in our
experiments.

4 Pilot Experiments and Analysis

However, when applying reinforcement learning to
subject-driven image generation, we encounter a
key challenge: optimizing the policy model simul-
taneously with respect to two distinct objectives:
identity preservation and prompt adherence. A
straightforward approach is to aggregate these in-
dependent reward signals into a single composite
reward function. In this formulation, the aggre-
gated advantage for a batch of generated outputs
{01,09,...,0c} is expressed as:

naive id rompt
Ai e = wiq - Ai ~+ Wprompt * Af P )

where Al and A‘;mmpt denote the advantage de-
rived from their respective reward Riq and Rpromp-
wiq and Wprompt are hyper-parameters that control
the trade-off between the two objectives.
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To evaluate the effectiveness of Eq. 9, we con-
duct a series of preliminary experiments in this sec-
tion. Specifically, we adopt UNO (Wu et al., 2025)
as the base model and train it using Naive GRPO
on a filtered subset of Syncd dataset (Kumari et al.,
2025). We investigate two weighting strategies: a
balanced strategy (wiq : Wprompt = 1 : 1) and a
prompt-biased configuration (wjq : Wprompt = 1 :
1.5). We use DINO and HPS-v3 (Oquab et al.,
2023; Ma et al., 2025) as respective reward models
for ID preservation and prompt following.

As shown in Figure 2, when using the balanced
weighting strategy, the model achieves a notable
improvement in ID preservation, but at the cost of
significantly impaired prompt-following capabil-
ity. In contrast, the imbalanced weighting strategy
(wig © Wprompt = 1 : 1.5) alleviates the degrada-
tion in prompt-following objective, but substan-
tially compromises the model’s ability to preserve
the subject identity. Our experiments highlight a
critical learning challenge: where optimizing for
one objective (e.g., identity preservation) signifi-
cantly conflicts with performance on the other (e.g.,
prompt following), leading to suboptimal overall
subjective-driven image generation.

5 Method

Building on the pilot analysis presented in Sec-
tion 4, we propose Customized-GRPO, a variant
of GRPO designed to overcome the limitations of
linear advantage aggregation. Specifically, we in-
troduce a synergy term to mitigate reward conflicts
(Section 5.1) and a dynamic weighting strategy to
address temporal misalignment (Section 5.2).

5.1 Synergy-Aware Reward Shaping

As established in our pilot analysis, the linear aggre-
gation of advantages is prone to suffer from signal
cancellation under conflicting rewards. To address
this, we introduce a non-linear term to shape the
reward inspired by the principles of Pareto Opti-
mization (Agnihotri et al., 2025; Li et al., 2025b).
Instead of tolerating a trade-off, our goal is to guide
the policy towards discovering solutions that the
generated images excel in both ID preservation and
prompt following simultaneously.

To address this issue, we introduce a synergy
term S that quantifies the alignment between the
two advantage signals, Ajq and Aprompe. We define
S via the hyperbolic tangent

S = tanh(Aiq - Aprompt) (10)

which is bounded in [—1, 1] and saturates for large
magnitudes, thereby acting as a stabilizing mech-
anism that limits gradient growth. The final ad-
vantage, ASARS is then computed as a piecewise
aggregation based on the polarity of the individual
advantages:

ASARS _ wid Aid + WpromptAprompt + - S, if Ajg > 0 or Aprompt > 0,
Wi Aid + Wprompt Aprompt — @+ S, if both Ajg < 0 and Aprompr < 0,

(11)
where o« > 0 controls the influence of the synergy
term. This formulation yields a more informative
learning signal than simple linear aggregation.
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Figure 3: Cross-section of the SARS function, illus-
trating how it reshapes the linear reward landscape.
We plot the final advantage as a function of A;q while
holding Apromp: constant at 1.0.

As visualized in Figure 3, our SARS function
(solid curve) fundamentally reshapes the naive lin-
ear baseline (dashed curve). It non-linearly ampli-
fies the reward in the Synergy region (A;jq > 0) and
applies a decisive penalty in the Conflict region
(Ajq < 0). This non-linear transformation creates
a sharper gradient around the decision boundary.

By incorporating the synergy term, our method
replaces ambiguous, linearly combined feedback
with sharper, decision-consistent signals. This alle-
viates cancellation and better aligns optimization
with the goal of producing well-balanced, high-
quality images.

5.2 Timestep-Aware Dynamic Weighting

Previous work has established that the diffusion
denoising process is not static but exhibits distinct
functional phases (Ho et al., 2020; Li et al., 2023;
Salimans and Ho, 2022; Balaji et al., 2022). As
confirmed by our FFT analysis in Figure 4, the
early stages are dominated by the formation of low-
frequency global structure, presenting an oppor-
tune window to prioritize prompt following as the
model makes high-level compositional decisions.
Conversely, the later stages are characterized by
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Figure 4: Temporal Dynamics of Feature Synthesis
during the Denoising Process. (Right) The plots show
that low-frequency energy (structure) converges early,
whereas high-frequency energy (details) accumulates
steadily over all phases. (Left) The visual progression
from pure noise (t=T) to the final image (t=0) corrobo-
rates this finding.
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the steady accumulation of high-frequency local
details, making this phase critical for refining ID
preservation. Static weighting strategy, however,
suffers from Temporal Misalignment, fundamen-
tally conflicting with the dynamic nature of the
denoising process.

To address this, we propose Timestep-Aware
Dynamic Weighting (TDW), which replaces static
optimization with a curriculum-inspired strategy
that adapts weighting over time. The core idea is
to align the optimization pressure with the model’s
transient focus. We partition the denoising trajec-
tory into three distinct stages: an early Prompt-
Centric Phase to establish global structure, a late
Identity-Refinement Phase to perfect local details,
and a smooth Transition Phase bridging them.

Specifically, we design the following function
for wprompt (£):

if T >t > Tians
if Ttrans >t> Tid

Wmin + (wmax - wmin)'
(L=o(Alt—1)))

Wmin

Wprompt (t) =

ifTig >t>0

(12)
where the weight for ID preservation is wiq(t) =
1 — Wprompt (t). To ensure stability, the weights
are constrained by upper and lower bounds wmax
and Wy, and a Sigmoid function o(-) provides a
smooth interpolation during the transition phase,
preventing abrupt policy shifts.

By temporally decoupling the competing objec-
tives, TDW enables a more principled optimization.
It transforms the learning problem from navigating
a static, inefficient trade-off into a curriculum-like
process, allowing the policy to allocate its limited
gradient budget to the most critical task at each
timestep.

6 Experiments

6.1 Experiment Setup

Implementation details. Our main experiments
are conducted on the subject-driven generation
model UNO (Wu et al.,, 2025), a Diffusion
Transformer (DiT) based architecture built upon
FLUX.1-dev (Andreas Blattmann, 2024). We
freeze the pretrained DiT backbone and the im-
age encoder, training only the injected LoRA (Hu
et al., 2022) matrices. We provide training details
in Appendix A.

Dataset and Reward Models. We use a high-
quality, filtered subset of 10k samples from the
large-scale Syncd dataset (Kumari et al., 2025) for
training. To guide our policy optimization, we
define two reward functions corresponding to our
core objectives. For ID preservation, we use a
segmentation-masked DINOv2 (Oquab et al., 2023)
score, termed DINO-Seg, to measure the fidelity
between the subject in the generated image and
the reference. It remove the background variations
when computing the image similarity to better re-
flect the faithfulness to the reference subject. For
prompt following, we use the Human Preference
Score v3 (HPS-v3) (Ma et al., 2025), a powerful re-
ward model trained on a large dataset of human
preferences to evaluate alignment with the text
prompt.

Evaluation Protocol. We conduct a compre-
hensive evaluation on the widely-used Dream-
Bench (Ruiz et al., 2023). Our method is compared
against a suite of state-of-the-art baselines, includ-
ing both fine-tuning-based methods: Textual Inver-
sion (Gal et al., 2022), DreamBooth (Ruiz et al.,
2023); finetuning-free methods BLIP-Diffusion (Li
et al., 2023), ELITE (Wei et al., 2023), SSR-
Encoder (Zhang et al., 2024), OminiControl (Tan
et al.,, 2024), OmniGen (Xiao et al.,, 2025),
FLUX IP-Adatper (team, 2025) and RL methods
RPO (Miao et al., 2024). Performance is measured
using established metrics: CLIP-T (Radford et al.,
2021) for prompt adherence, CLIP-I and DINO
Score (Hessel et al., 2021; Caron et al., 2021) for
identity preservation, and the HPS-v3 (Ma et al.,
2025) for text-image alignment and aesthetics.

6.2 Main Results

Table 1 reports the main quantitative results of
our method and against state-of-the-art baselines
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Method | DINOT CLIP-It CLIP-Tf HPS-v3{

Textual Inversion 0.569 0.780 0.255 -

DreamBooth 0.668 0.803 0.305 -

BLIP-Diffusion 0.670 0.805 0.302 -

ELITE 0.647 0.772 0.296 3.12
SSR-Encoder 0.612 0.821 0.308 4.82
OmniGen 0.693 0.801 0.315 6.67
OminiControl 0.684 0.799 0312 8.28
FLUX.1 IP-Adapter 0.582 0.820 0.288 7.68
UNO (Base) 0.760 0.835 0.304 7.87
UNO (RPO) 0.852 0.898 0.237 447
UNO (Customized-GRPO) 0.812 0.862 0.301 8.32

Table 1: Quantitative Results for subject-driven genera-
tion on Dreambench.

on Dreambench. Our Customized-GRPO demon-
strates superior overall performance. It achieves
the highest scores with a DINO score of 0.812 and
a CLIP-I score of 0.872. While the CLIP-T score
(0.301), which measures strict text-image similar-
ity, remains on par with top-performing baselines
like OmniGen (0.315) and DreamBooth (0.305),
our method attains the highest Human Preference
Score (HPS-v3) of 8.32, which evaluates both text-
image alignment and overall aesthetic quality. It
indicates that while maintaining a strong textual
alignment, our policy optimization has successfully
learned to generate images with higher overall aes-
thetic quality and are better aligned with human
perception.

Overall, Customized-GRPO improves upon our
UNO base model by 6.8% in the DINO score for
ID preservation while simultaneously increasing
the HPS-v3 score for prompt following and human
preference by 5.7%. The concurrent improvement
across both ID preservation and prompt following
metrics provides clear evidence that our method ef-
fectively mitigates the competitive degradation ob-
served in naive approaches and successfully learns
a more balanced policy.

We conduct a pairwise human evaluation com-
paring Customized-GRPO against the base UNO
model. As shown in Figure 5, our method is
strongly preferred by human annotators, winning in
Prompt Following and ID Preservation by decisive
margins of 50% vs. 22% and 54% vs. 21%, re-
spectively. In both criteria, our method is preferred
more than twice as often as the base model.

We provide qualitative comparisons in Ap-
pendix C.3, which further visualize our method’s
superior ability to preserve identity while adhering
to complex prompts.

6.3 Ablation Study

We conduct ablation studies to validate the efficacy
of our method: Synergy-Aware Reward Shaping

Method | DINOT CLIP-It CLIP-Tt HPS-v3f
UNO (Base) | 0.760 0.835 0.304 7.87
SFT 0.762 0.846 0.307 7.43
RPO 0.852 0.898 0.237 4.47
Naive GRPO (1:1) 0.861 0.912 0.235 4.12
Naive GRPO (1:1.5) | 0.801 0.842 0.298 7.56
Customized-GRPO 0.812 0.862 0.301 8.32
w/o Synergy Term 0.795 0.838 0.295 7.95
w/o TDW 0.811 0.852 0.278 7.23

Table 2: Ablation Results on Dreambench. The best
performance is marked in bold. We highlight the row in
to denote the competitive degradation.

Base preferred Same

Customized-GRPO preferred

Prompt Following 22% 28% 50%.

ID Preservation 21% 25% 54%

=50 =25 0 25 50

Figure 5: Human evaluation. Pairwise comparison
between our Customized-GRPO and the base model.

and Time-Aware Dynamic Weighting. We compare
our full Customized-GRPO method against ablated
versions where each component is removed. The
results are presented in Table 2.

Effect of Synergy-Aware Reward Shaping. We
evaluate a model with only TDW active (w/o Syn-
ergy Term), which applies dynamic weights but
relies on a simple linear advantage sum. It success-
fully prevents the catastrophic performance col-
lapse seen in prompt following observed in the
Naive GRPO ( HPS-v3 = 7.95 vs. 4.12) but all
metrics remain notably lower than our full model.
This indicates that while TDW correctly allocates
optimization pressure across timesteps, it is insuf-
ficient to resolve the underlying reward conflict at
each individual output in the generated group. The
synergy term is therefore critical for providing a
sharper, more decisive learning signal that leads to
a superior final policy.

Effect of Time-Aware Dynamic Weighting. We
evaluate a model with only SARS active (w/o
TDW), which uses our conflict-aware advantage
function with fixed 1:1 weights across all timesteps.
While this model also improves upon the naive
baseline by penalizing conflicted outputs, its per-
formance on prompt following metrics is substan-
tially weaker than full method. This result confirms
our hypothesis: without dynamically shifting the
focus from prompt following to ID preservation,
the static optimization pressure still leads to an im-
balanced policy that over-emphasizes fidelity in the
later, detail-focused stages of denoising.
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Method | DINOT CLIP-It CLIP-T? HPS-v31

UNO (Base) \ 0.760 0.835 0.304 7.87
Naive GRPO 0.801 0.842 0.298 7.56
Min(Aid, Aprompt) 0.785 0.848 0.298 7.81
Max(Aid, Aprompt) 0.884 0.899 0.276 6.26
Harmonic Mean 0.778 0.812 0.291 8.22
Tanh(Aig - Aprompt) \ 0.812 0.862 0.301 8.32

Table 3: Analysis on the choice of Synergy Term. The
best performance is marked in bold. We highlight the

row in to denote the competitive degradation.
Wimas : Wmin DINOT CLIP-If CLIP-Tt HPS-v3{
1.0:0 0.832 0.874 0.272 6.39
0.9:0.1 0.821 0.866 0.285 7.27
0.8:0.2 0.814 0.864 0.296 7.68
0.7:0.3 0.812 0.862 0.301 8.32
0.6:0.4 0.795 0.848 0.292 7.88

Table 4: Analysis on the choice of Dynamic Weight.
The best performance is marked in bold.

6.4 Analyses

Analysis on the choice of Synergy Term. We
conduct a comparative analysis of linear function
(wig : Wprompt = 1 : 1.5) and four non-linear
functions to determine the most effective function
for synergy term. The results are presented in Ta-
ble 3. Max function exhibits classic reward hack-
ing, achieving high fidelity scores by sacrificing
prompt following, where the model learns to max-
imize one objective at the severe expense of the
other. Min function, conversely, proves too conser-
vative and fails to deliver significant improvements.

While Harmonic Mean and Tanh functions both
designed to encourage balance, yielding promising
results by successfully avoiding reward hacking,
Tanh function proves superior, attaining the highest
HPS-v3 score of 8.32 while maintaining a strong,
balanced performance across all metrics.

We attribute the success to its ideal mathematical
properties for this task: its bounded and symmet-
ric nature provides a stable and consistent signal.
Therefore, we adopt it as the synergy function.

Comparison with RL and SFT. To further val-
idate the efficacy of our online RL approach, we
conduct a direct comparison against Supervised
Fine-Tuning (SFT) and a recent offline preference
optimization baseline, RPO (Miao et al., 2024).
We fine-tune the UNO (base) model using SFT
and RPO on the same 10k high-quality data cu-
rated for our experiments. The results, presented
in Table 2, show that SFT yields only marginal or
even negative changes compared to the base model.
Since the base model is already well-trained on
a similar data distribution, simply continuing to
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Figure 6: Analysis of the Synergy Coefficient and TDW
Schedule.

imitate this static dataset offers no clear path to
resolving the complex trade-off. Conversely, while
offline RPO significantly improves identity fidelity
(DINO: 0.852), it incurs severe competitive degra-
dation in text alignment, with the HPS-v3 score
dropping drastically to 4.47. This indicates that
RPO tends to overfit the reference image, failing
to balance conflicting objectives due to its static
harmonic mean aggregation and the inherent chal-
lenge of constructing balanced offline preference
pairs (implementation details in Appendix A). In
contrast, our Customized-GRPO method demon-
strates significant performance gains across both
objectives.

Dynamic Weight Bounds Analysis. For dy-
namic weight bounds w4z, Winin, We evaluate the
impact of different dynamic ranges on model per-
formance while keeping other hyper-parameters
fixed. The results are presented in Table 4. Our
observations reveal two notable trends: overly ag-
gressive decay (w,,;, < 0.1) causes semantic col-
lapse in the final denoising stages, where the model
tends to overfit the reference image and fails to
adhere to textual constraints. Conversely, insuffi-
cient dynamic range(w,qz : Wmign = 0.6 : 0.4)
fails to resolve competitive degradation, resulting
in drops for both DINO (0.795) and HPS-v3 (7.88)
compared to the optimal setting. Based on these
results, we adopt Winaz © Wmian = 0.7 : 0.3 as the
default configuration in this work.

Synergy Coefficient Analysis. We analyze the
impact of the synergy coefficient , which controls
the strength of the SARS adjustment. As shown in
Figure 6 (a), the results reveal a clear optimal bal-
ance. When « increase from O to 0.5, we observe
a steady improvement on both objectives, demon-
strating the effectiveness of SARS in transforming
conflicted signals into a productive gradient. How-
ever, further increasing o to 0.8 and 1.0 leads to a
significant performance degradation. This indicates
that an overly large o induces a risk-averse policy
that excessively penalizes conflict, thereby failing
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" | Standard TDW | Inverted TDW
ynergy Coef. ()
| DINOT HPS-v3{ | DINOT HPS-v3t
a=0.0 0.795 7.95 0.605 5.65
a=02 0.801 8.04 0.609 5.62
a=0.5 0.812 8.32 0.613 5.58
a=08 0.835 7.61 0.616 5.49
a=1.0 0.858 6.73 0.620 5.41

Table 5: Analysis of the interaction between Synergy
Coefficient and TDW schedules.

to achieve a good balance. Based on this analysis ,
we adopt a = 0.5 for all subsequent experiments.

Validation of TDW Weighting Schedule. We
conduct an analysis comparing our standard TDW
against two critical ablations: a Naive GRPO us-
ing static weights, and an Inverted TDW that re-
verses the curriculum. As shown in Figure 6(b), the
Inverted TDW suffers a severe collapse in perfor-
mance, empirically confirming that our schedule
is essential and aligns with the model’s coarse-to-
fine generation process. Meanwhile, Naive GRPO
demonstrates the inefficient trade-off inherent in
static weighting. Our standard TDW is positioned
distinctly in the top-right corner, demonstrating its
superior ability to mitigate the trade-off and suc-
cessfully improve both objectives simultaneously.

Interaction between SARS and TDW. To sys-
tematically analyse the hyperparameter interactions
within our framework, we find that SARS and
TDW address competitive degradation from dis-
tinct dimensions. We propose that TDW acts as
the performance foundation, while SARS acts as
the performance amplifier. Consequently, the ef-
ficacy of SARS depends on a reasonable TDW
schedule. To validate this, we conduct compre-
hensive experiments on DreamBench, varying o €
0.0,0.2,0.5,0.8, 1.0 across both the standard TDW
schedule and the Inverted TDW schedule (which
reverses the curriculum).

As shown in Table 5, aligning the weighting
schedule with diffusion dynamics is the foundation
for success. An inverted schedule leads to a perfor-
mance collapse (DINO 0.6, HPS-v3 0.3) regardless
of the « value, showing minimal sensitivity to pa-
rameter changes. Under the correct Standard TDW,
when « increases from 0 to 0.5, we observe a steady
improvement on both objectives. However, further
increasing « to 0.8 and 1.0 triggers reward hack-
ing, where the model over-optimizes Identity at the
significant expense of Prompt adherence.

7 Conclusion

In this work, we introduce Customized-GRPO, a
novel reinforcement learning framework featur-
ing Synergy-Aware Reward Shaping (SARS) and
Time-Aware Dynamic Weighting (TDW) to resolve
the critical fidelity-editability trade-off in subject-
driven generation. Experiments show that naive
GRPO approaches fail due to reward conflict and
temporal misalignment, while our method suc-
cessfully generates images that are simultaneously
faithful to the subject’s identity and accurately ad-
here to complex prompts.

Limitation

In this section, we discuss the limitation of our
work: (1) Due to computational constraints, our
experiments are conducted exclusively on a Dif-
fusion Transformer (DiT) architecture. While our
framework is theoretically model-agnostic, future
work should involve applying Customized-GRPO
to other generative architectures, particularly auto-
regressive models, to fully validate its generaliza-
tion across different modeling paradigms. (2) Our
current framework focuses on optimizing the gen-
eration of a single subject per image. However,
a significant emerging challenge in personalized
generation is multi-concept composition, which in-
volves generating an image containing multiple,
distinct subjects. We will extend our reinforce-
ment learning framwork to manage and balance the
rewards for multiple, interacting concepts in the
future work.
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The training data used in our experiments is a fil-
tered subset of the publicly available dataset. Dur-
ing the curation process, we applied automated
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a comprehensive manual review to further ensure
the appropriateness of the content.
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A Details on Experimental Setup

A.1 Implementation Details

Our main experiments are conducted on the subject-
driven generation model UNO (Wu et al., 2025),
a Diffusion Transformer (DiT) based architecture
built upon FLUX.1-dev (Andreas Blattmann, 2024).
We freeze the pretrained DiT backbone and the im-
age encoder, training only the injected LoRA (Hu
et al., 2022) matrices. For training-time sampling,
we set T = 25 as the total sampling steps. For
GRPO, the model enerates 12 images for each
prompt and clips the advantage to the range [le-
5, 1le-5]. We use AdamW as the optimizer with
a learning rate of le-5 and a weight decay coef-
ficient of 0.0001. All experiments are conducted
on 8 NVIDIA A100 GPUs with a batch size of 1,
for a maximum of 1250 training steps, resulting in
a total of approximately 80 wall-clock hours (i.e.,
640 GPU hours).

Hyperparameter Configuration. For Synergy-
Aware Reward Shaping (SARS), we set the syn-
ergy coefficient o to 0.5 based on the ablation
study in Section 6.4. For Time-Aware Dynamic
Weighting (TDW), the weights for prompt follow-
ing, Wprompt(t), are bounded by wma = 0.7 and
Wmin = 0.3. The three optimization phases are
partitioned as follows: Prompt-Centric Phase for
t < 6, Transition Phase for 6 < t < 22, and
Identity-Refinement Phase for ¢t > 22.

Training Dataset. We utilize the Syncd
dataset (Kumari et al., 2025), a large-scale dataset
designed for subject-driven generation, including
rigid and deformable categories. To create a
more focused and high-quality subset for our
experiments, we filter 10,000 datasets with the
highest average DINOv2 similarity and aesthetic
scores.

Reward Model. For ID Preservation, we use DI-
NOv2 (ViT-L/14) (Oquab et al., 2023) as the foun-
dation for our fidelity reward. To ensure that the
reward signal is focused specifically on the subject
and not influenced by background, we employ a
object detection and segmentation approach. This
helps remove the background variations when com-
puting the image similarity scores to better reflect
the faithfulness to the reference subject. We call
it DINO-Seg. For Prompt Following, we use the
Human Preference Score v3 (HPSv3) (Ma et al.,
2025) as our reward model. HPSv3 is a powerful

reward model trained on a large dataset of human
preferences, and it provides a reliable score that
reflects how well a generated image aligns with the
semantics of a given text prompt.

A.2 Evaluation Details

Benchmark. To ensure a robust and comprehen-
sive assessment, we evaluate all methods on the
widely-used DreamBench (Ruiz et al., 2023). For
each of the 30 subjects in the benchmark, we use all
associated prompts. To ensure evaluation stability
and account for stochasticity in the generation pro-
cess, we generate 4 images per prompt and report
the average score across all generated images.

Baselines. We compare our method with SOTA
methods including both finetuning-based meth-
ods: Textual Inversion (Gal et al., 2022), Dream-
Booth (Ruiz et al., 2023) and finetuning-free meth-
ods: BLIP-Diffusion (Li et al., 2023), ELITE (Wei
et al., 2023), SSR-Encoder (Zhang et al., 2024),
OminiControl (Tan et al., 2024), OmniGen (Xiao
et al., 2025) and FLUX IP-Adatper (team, 2025).

Regarding the comparison with RPO (Miao et al.,
2024), given that their original data is not pub-
licly available, we strictly replicate their data con-
struction pipeline to curate a paired preference
dataset using our own training data (Kumari et al.,
2025). Specifically, we employ the frozen UNO
base model to generate candidate images condi-
tioned solely on text prompts. Subsequently, we
adopt RPO’s core Harmonic Mean reward aggre-
gation mechanism to distinguish between winning
and losing samples for preference pair construction.
Following RPO protocol, we fine-tune UNO using
the composite objective proposed, which combines
the Offline DPO (Rafailov et al., 2023) loss for
preference optimization with a Similarity Loss to
ensure identity consistency.

We adopted the default hyperparameters speci-
fied for each model by their respective authors.

Evaluation Metrics. We follow previous meth-
ods to adopt three metrics (CLIP-T, CLIP-I, and
DINO) for evaluation. Specifically, CLIP-T eval-
uates the similarity between the generated images
and given text prompts; CLIP-I and DINO evaluate
the similarity between the generated images and the
reference images. To better capture overall quality
and alignment with human perception, we addi-
tionally report the HPS-v3 (Ma et al., 2025). This
metric evaluates not only text-image alignment but
also broader aesthetic qualities.
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A.3 Human Evaluation Details

To complement our quantitative metrics, we con-
duct a comprehensive human evaluation comparing
our Customized-GRPO against base UNO model.
We randomly select 200 diverse subject-prompt
pairs from DreamBench, generating one image
per model (Customized-GRPO and UNO base) for
each pair. We engage eight experienced, English-
fluent annotators on iTAG? platform for the task.
Before evaluation, all annotators completed a de-
tailed tutorial to align their understanding of the
criteria. As illustrated in Figure 8, the evaluation
interface present annotators with the text prompt
and two sets of images. For each model being
compared (Model 1 and Model 2), we display its
generated image alongside the corresponding refer-
ence image. The positions of Model 1 and Model 2
were randomized to prevent positional bias. Anno-
tators perform a pairwise comparison, answering
two question: "which model performs better based
on the visual similarity between the generated im-
age and the reference image of the object/animal?"
and "which model performs better by evaluating
both (1) how well the generated image align with
the provided prompt, and (2) the overall visual qual-
ity (aesthetics) of the generated image?" For each
question, annotators could choose one of the two
models or select "Tie" if they are of similar quality.

B Additional Methodological Details

B.1 ODE-to-SDE for Exploration

A fundamental challenge in applying GRPO to rec-
tified flow models is that their standard sampling
process is deterministic Ordinary Differential Equa-
tion (ODE) (Song et al., 2020): dz; = w,dt. This
deterministic nature prevents the stochastic explo-
ration required for the policy to discover multiple
trajectory. The key insight from prior work(Xue
et al., 2025; Liu et al., 2025) is to convert this deter-
ministic ODE into a Stochastic Differential Equa-
tion (SDE) during training. This is achieved by
introducing a controlled noise term into the reverse-
time generative process:

1
dz; = <ue(zt,t) — 56?V10gpt(zt) dt + g dw
(13)
where dw is a Brownian motion, and &; introduces
the stochasticity during sampling. The SDE specif-

Zhttps://www.alibabacloud.com/help/en/pai/user-
guide/itag/

ically designed to preserve the marginal distribu-
tions p;(z;) of the original ODE, enabling valid
stochastic exploration for GRPO.

Q) Distributi ional | (b) Prompt: The rabbit is wearing red and blue plaid overalls in a clearing
(@) Distribution of Reward Signal ! ©) e pine forest with scattered pinecones and patches of sunlight.
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Figure 7: The Impact of Reward Conflict and Our
Synergy-Aware Reward Shaping. (a) Distribution of
advantage alignment, showing that reward conflict is
the most common outcome, affecting 50.2% of samples.
(b) Comparison of final advantage calculation. Our
method amplifies the signal for perfect outputs while
correctly penalizing conflicted cases (Poor Prompt/ID)
where Naive GRPO provides a weak, misleading signal.

B.2 Detailed Analysis of Reward Conflict and
SARS

This section provides a detailed empirical analysis
that motivates our Synergy-Aware Reward Shap-
ing (SARS). As discussed in the main paper, a
naive application of GRPO leads to Competitive
Degradation. Our central hypothesis is that this
macroscopic, policy-level failure stems from a mi-
croscopic, sample-level issue: a fundamental con-
flict in the reward signals themselves.

To validate this, we conducted a rigorous analy-
sis of 300 training groups, each comprising 12 im-
ages, reveals a pervasive and fundamental issue we
term Reward Conflict. As quantified in Figure 7,
we find that within a typical group, approximately
50.2% of the samples exhibit conflicting reward
signals.

This high incidence of conflict leads to two crit-
ical failures in the learning process. The linear
aggregation causes the positive and negative advan-
tages from these conflicted samples to neutralize
each other. This consistently pushes the final ad-
vantage A towards zero, providing a weak and,
more critically, misleading learning signal.

This misalignment with non-compensatory
human preferences—where a single flaw is
unacceptable—is evident in Figure 7(b). Naive
GRPO assigns similarly low, positive advantages
to a "Prompt Failure" (A™"¢ = (.1) and "ID Fail-
ure" (A™V¢ = 0.08), failing to distinguish between
these critically flawed outputs. Consequently, the
model receives an ambiguous gradient that incor-
rectly signals these "specialist" failures are accept-
able, impeding effective policy optimization.
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Algorithm 1 Customized-GRPO Training for Subject-Driven Generation

Require:
Require:

Require:
Ensure: Optimized policy model g
1: for training iteration = 1 to M do

Initial policy model 7g; ID reward model Riq; Prompt reward model Rprompt;
Paired dataset D = {(Z;,c;)}}_, of reference images and prompts;
Require: Total sampling steps 1'; Synergy hyperparameter o;

Dynamic weighting function f(¢) — (wia(t), Wprompt(t))

2 Sample a batch of (reference image, prompt) pairs {(Z;, ¢;)}2, ~ D
3 Update old policy: mg, < e
4 for each pair (Z, ¢) in the batch do
5: Generate a group of G outputs: {0;}%, ~ g, (-|Z, c)
6 Compute advantages A, AP°™" for each sample i: A; < > r_, i - -
7 for each output s € {1,...,G} do
8 Si + tanh(Al? . AP > Synergy-Aware Shaping
9: end for
10: Subsample a subset of training timesteps T C {1,...,7}
11: for ¢ € Tou do
12: (wia (t), Wprompt (t)) + f() > Timestep-Aware Weighting
13: for each output i € {1,...,G} do
14: if A > 0 or A" > ( then
15: Al (1) < wig () AL 4 Wprompt (1) AT™ + o - S;
16: else
17: Al (1) < wig () AL 4 Wprompe (1) AT™ — o - S;
18: end if > Combine synergy and dynamic weights
19: end for
20: Compute GRPO objective 7 using time-dependent advantages { AT (1)},
21: Update policy parameters via gradient ascent: 6 <— 0 +nVeJ
22: end for
23: end for
24: end for

25: return 7y

Our Synergy-Aware Reward Shaping (SARS) is
explicitly designed to resolve this failure mode. As
illustrated in the same case study in Figure 7(b).
For a synergistic ("Perfect") output, SARS signif-
icantly amplifies the learning signal. More criti-
cally, it resolves the signal cancellation issue for
conflicted samples. While Naive GRPO provides
a weak and misleadingly positive signal for both
"Prompt Failure" and "ID Failure" cases, SARS cor-
rectly identifies these as undesirable and transforms
their advantage into a decisive negative penalty.

B.3 Customized-GRPO Algorithm

We provide a detailed training procedure for our
Customized-GRPO framework in Algorithm 25.
The overall process can be summarized as follows:
In each iteration, we first sample a batch of refer-
ence image and text prompt pairs from our training
dataset. For each pair, we use the current policy g
to generate a group of GG candidate images. Next,
we enter the core reward calculation phase. We
compute the initial advantages for ID Preservation
( Ajq ) and Prompt Following ( Apromp: ) for every
generated image in the group. Following this, our
two main contributions are applied:

Synergy-Aware Shaping: We calculate the syn-
ergy term S) for each sample based on the product
of its advantages (Line 8).

Timestep-Aware Weighting: We iterate through
a subset of training timesteps. For each
timestep ¢, we first retrieve the dynamic weights
(wid(t), Wprompt(t)) from our predefined function
f(t) (Line 12). These weights are then combined
with the synergy term S to compute the final,
time-dependent advantage Afi"(¢) for each sample
(Lines 14-18).

Finally, these time-dependent advantages are
used to compute the GRPO objective J.We then
update the policy parameters 6 via gradient ascent
to maximize this objective (Line 21). This entire
process is repeated until convergence.

C Additional Results

C.1 Impact of Reward Model Choice

To further validate the robustness and generaliz-
ability of our Customized-GRPO framework, we
investigate its performance with a diverse suite
of reward models. Beyond our primary DINO-
Seg and HPSv3 combination, we also experiment
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Reward Model ID Preservation Prompt Following
Pers.  Spear.  Pers. Spear.

CLIP-1 0.37 0.48 - -
DINO 0.42 0.65 - -
CLIP-T - - 0.38 0.51
Qwen-VL-Max  0.27 0.42 0.41 0.57
GPT-40-0816 0.38 0.63 0.52 0.69
Gemini-2.5-Pro  0.49 0.68 0.57 0.72
DINO-Seg 0.60 0.75 - -
HPS-V3 - - 0.62 0.76

Table 6: Comparisons of different reward model. Pers.
and Spear. represents Person and Spearman correlations,
respectively.

Reward Model | DINOT CLIP-It CLIP-Tt HPS-V31
UNO (Base) | 0.760 0.835 0.304 7.87
DINO, CLIP-T 0.731 0.782 0.287 7.12
CLIP-1, CLIP-T 0.832 0.849 0.213 5.24
Qwen-VL-Max 0.678 0.732 0.281 6.92
GPT-40 0.752 0.802 0.307 7.44
Gemini-2.5-Pro 0.803 0.842 0.315 8.17
DINO-Seg, HPS-v3 | 0.812 0.862 0.301 8.32

Table 7: Performance on DreamBench after training
with different reward model combinations.

with CLIP-I and CLIP-T as alternative reward sig-
nals. Furthermore, inspired by recent work (Huang
et al., 2025b; Peng et al., 2024; Ku et al., 2023; Hu
et al., 2023; Bi et al., 2025), we evaluate the use
of a powerful Vision-Language Model (VLM) in-
cluding Gemini-2.5-Pro, Qwen-VL-Max and GPT-
40 (Team et al., 2023; Bai et al., 2023; OpenAl,
2024) as an automated evaluator for both ID preser-
vation and prompt following.

Human Alignment of Different Reward Model.
We first assess how well various automated reward
models align with human annotators. To do this,
we created a validation set of 200 generated images,
covering a diverse range of subjects and prompts.
For each image, three expert annotators rated both
ID preservation and prompt following on a scale
of 0 to 5. The final human score for each crite-
rion is the average of these three ratings, ensuring
robustness. For the same set of images, we calcu-
lated scores from each automated reward model,
using carefully designed prompts for the Vision-
Language Models (VLMs). We then measured
the agreement between the models’ scores and the
averaged human scores using both Pearson and
Spearman correlation coefficients.

The results present in Table 6. For ID preserva-
tion, our proposed DINO-Seg achieves the highest
correlation with human annotators (Speraman =
0.75), significantly outperforming both standard vi-

sion models like DINO and the best-performing
VLM, Gemini-2.5-Pro. For prompt following,
HPS-V3 demonstrates the strongest human align-
ment (Spearman = 0.76). Therefore, we choose
DINO-Seg and HPS-V3 as reward models for
Customized-GRPO training.

Performance with Different Reward Model
Combinations. Following the alignment analy-
sis, we trained Customized-GRPO using various
combinations of reward models and evaluated their
final performance on DreamBench. The results,
detailed in Table 7, reveal several key insights.

First, the choice of reward model is critical to the
final generation quality. Using reward models with
lower human alignment, such as the CLIP-I, CLIP-
T combination, leads to a significant degradation
in performance, particularly in Prompt Following
(HPS-V3 score drops to 5.24). This highlights that
a reward signal misaligned with human preference
can actively harm the policy optimization process.

Second, while powerful VLMs like Gemini-2.5-
Pro can serve as effective reward models and yield
strong results (HPS-V3 of 8.17), they do not sur-
pass our specialized combination. We hypothesize
this is because VLMSs, while excellent at under-
standing high-level semantics, may be less sensitive
to the fine-grained details crucial for ID Preserva-
tion. For instance, they might overlook subtle dif-
ferences in texture, color shades, or small patches
that are easily discernible to humans.

Ultimately, our primary combination of DINO-
Seg and HPS-v3, which exhibited the highest hu-
man alignment in the previous analysis, also yields
the best-balanced performance on the final bench-
mark.

C.2 Computational Efficiency Analysis

To comprehensively evaluate the computational ef-
ficiency of our proposed method, we conduct a
wall-clock time analysis using 8 NVIDIA A100
GPUs on the 10k subset of the Syncd dataset. The
comparison setup is configured as follows:

» SFT: Batch size = 8, trained for 2 epochs.

e GRPO (Naive & Ours): Batch size = 1,
Group size = 12, trained for 1 epoch.

The quantitative results regarding training and
inference efficiency are summarized in Table 8.
Based on these results, we derive two main obser-
vations:
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Method Training Paradigm Iteration Time (s) Training Time (h) Sampling Time (s) Performance (DINO / HPS-v3)
UNO (Base) SFT 2.32 3 8.1 0.762/7.43
Naive-GRPO Online RL 291.28 80 8.1 0.801/7.56
Customized-GRPO  Online RL + SARS + TDW 311.82 30 8.1 0.812/8.32

Table 8: Wall-clock time analysis and computational efficiency comparison evaluated on 8 NVIDIA A100 GPUs.

Training Efficiency: While RL-based train-
ing (~80h) involves higher computational costs
than standard SFT (3h) due to the inherent na-
ture of online exploration and reward evaluation,
it yields substantial performance gains across both
objectives (DINO score increases from 0.762 to
0.812; HPS-v3 increases from 7.43 to 8.32). Cru-
cially, compared to the Naive-GRPO baseline,
our Customized-GRPO incurs negligible addi-
tional overhead. This demonstrates that our
core contributions—Synergy-Aware Reward Shap-
ing (SARS) and Time-Aware Dynamic Weighting
(TDW)—are computationally lightweight and do
not burden the overall RL training process.

Sampling Efficiency: Our method maintains a
sampling latency (8.1s) identical to the base UNO
model and Naive-GRPO. Since our optimization
strictly updates model weights without altering the
architecture, it introduces zero additional cost dur-
ing inference.

C.3 Qualitative Results

Figure 9 presents a qualitative comparison of our
Customized-GRPO against several state-of-the-art
methods to visually substantiate the effectiveness
of our approach. The examples highlight our
model’s superior ability to improve both demands
of ID Preservation and Prompt Following. In the
first two rows, our method demonstrates the best
ID Preservation. For the "dog" subject, our method
is the only one that accurately captures the specific
facial structure and dense fur texture of the refer-
ence dog. Similarly, for the "bowl of blueberries,"
our model faithfully reproduces the text and the
shape.

The following three rows showcase performance
on more complex compositional prompts. Our
method consistently excels at both ID Preserva-
tion and Prompt Following. For instance, in the
"vase with a tree" example, our model correctly
places the vase within an autumn scene, avoid-
ing the common hallucination of generating a tree
growing out of the vase itself. In the final row, it
successfully renders both the subject backpack and
the specified "blue house" in the background, in-

stead of a blue backpack. Furthermore, a consistent
qualitative improvement is observed in the overall
aesthetic quality of our generations. Beyond sim-
ply satisfying the core objectives, the outputs from
Customized-GRPO tend to be more coherent, with
better lighting and composition.
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Prompt: Model1: Model2:

a toy on top of a mirror

(#5%) Please evaluate which model performs better based on the visual similarity between the generated image and the reference image of the object/animal. @

Model1 Win  Model2 Win  Tie

(83%) Please determine which model performs better by evaluating both (1) how well the generated image align with the provided prompt, and (2) the overall visual quality (aesthetics) of the generated image.

Model1 Win  Model2 Win  Tie

Figure 8: iTAG Interface for human evaluation.

Reference Image  Prompt Customized-6RPO  Naive GRPO  yNO(Base) OmniGen OminiControl FLUX IP-Adapter
(OLIFS) (VVid: Wprompt = 1:1~5)

y
A bowl floating [

on top of water acgies

A dog wearing a
rainbow scarf
.‘* 23

N\

A vase with a tree
and autumn leaves
in the background

A toy on top of a
mirror

blue house in the
background

Figure 9: Qualitative comparison of Customized-GRPO with state-of-the-art baselines. Our method consistently
generates higher-quality images that better balance identity preservation and prompt following.
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Reference Image Customized-GRPO

Prompt: A photo of a grasshopper leaping from one blade of grass to another

Figure 10: Comparison of the visualization results of UNO and Customized-GRPO
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Reference Image Customized-GRPO

Prompt: A photo of a lion roaring majestically atop a rocky outcrop during sunset

Figure 11: Comparison of the visualization results of UNO and Customized-GRPO

41136



