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Abstract. Text-to-image models produce images that align well with
natural language prompts, but compositional generation has long been
a central challenge. Models often struggle to satisfy multiple concepts
within a single prompt, frequently omitting some concepts and resulting
in partial success. Such failures highlight the difficulty of jointly op-
timizing multiple concepts during reward optimization, where compet-
ing concepts can interfere with one another. To address this limitation,
we propose Correlation-Weighted Multi-Reward Optimization (CMO),
a framework that leverages the correlation structure among concept re-
wards to adaptively weight each attribute concept in optimization. By
accounting for interactions among concepts, CMO balances competing
reward signals and emphasizes concepts that are partially satisfied yet
inconsistently generated across samples, improving compositional gener-
ation. Specifically, we decompose multi-concept prompts into pre-defined
concept groups (e.g ., objects, attributes, and relations) and obtain re-
ward signals from dedicated reward models for each concept. We then
adaptively reweight these rewards, assigning higher weights to conflicting
or hard-to-satisfy concepts using correlation-based difficulty estimation.
By focusing optimization on the most challenging concepts within each
group, CMO encourages the model to consistently satisfy all requested
attributes simultaneously. We apply our approach to train state-of-the-
art diffusion models, SD3.5 and FLUX.1-dev, and demonstrate consis-
tent improvements on challenging multi-concept benchmarks, including
ConceptMix, GenEval 2, and T2I-CompBench.

Keywords: Compositional Image Generation · Diffusion Model · Multi-
Reward for Reinforcement Learning

1 Introduction

Text-to-image diffusion models [6,13,33,35,36,43,44,46] have become the stan-
dard paradigm for text-conditioned image generation, producing images that
align well with natural language prompts. Early breakthroughs in this area
were primarily driven by UNet-based diffusion models [33, 35]. Recently, the
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In the image, there is a single, gray, circle-
shaped spider. Additionally, in the image, there 
are exactly three hammers, clearly visible.
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Q1. Are there hammers ?
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Q4. Is the spider gray in color ?
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Fig. 1: Motivation of Correlation-based Reweighting. Multi-concept composi-
tional generation often yields different partial successes distributed across generated
images. Thus, naively aggregating rewards from each concept tends to focus on con-
cepts that are consistently satisfied across images, while failing to highlight more dif-
ficult concepts. Correlation computes concept interactions among generated instances
to identify difficult concepts, which are then assigned higher weights during normalized
advantage reweighting (i.e., Q3, Q4, and Q5).

field has rapidly evolved with the introduction of scalable flow-matching based
models [6,13,36,43] and autoregressive generative models [44,46]. As model ar-
chitectures and training corpora continue to scale, modern generative models are
increasingly capable of generating diverse visual concepts described in text with
high fidelity.

Despite these advances in generation quality, compositional generation has
long been a central challenge. Real-world prompts often require models to align
multiple concepts simultaneously while correctly binding each attribute to its
intended object and relation. Early generative models struggled with token en-
tanglement, frequently failing when multiple concepts are expressed within a
single prompt [16, 20]. Prior works attempted to mitigate this issue through
inference-time attention control [5,15,19,29] or attention map manipulation us-
ing additional conditioning signals [10,11,50]. More recent architectures, such as
DiT and flow-matching models [6, 13, 23, 32, 43], improve token separation and
partially alleviate this problem.

To further improve compositional generation, recent diffusion reinforcement
learning (RL) approaches [17,26,28,41,49] have successfully optimized a simple
concept generation using evaluation metrics (e.g ., GenEval [16]) as rewards.
However, applying this RL paradigm to multi-concept prompts reveals a critical
bottleneck. Models frequently fail to generate all concepts together, resulting
in partial success (e.g ., correct objects but wrong numeracy) [22, 24, 42, 45].
Existing approaches [17,26,28,41,49] attempt to solve this by naively aggregating
individual rewards for each concept. However, as illustrated in Figure 1, such
naive aggregation tends to overlook difficult or negatively correlated concepts
(i.e., Q3, Q4, and Q5). For example, it may overemphasize easier concepts (Q1),
while optimizing for the gray color (Q4) often leads to the omission of the spider
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(Q3) or the hammers (Q5). Consequently, the model prioritizes easier concepts
and fails to generate all requested attributes simultaneously.

To address this, we propose Correlation-Weighted Multi-Reward Optimization
(CMO), which adaptively reweights concept-wise rewards by leveraging the cor-
relation structure among reward signals across generated samples. Since diffi-
culty varies depending on the specific combination of concepts in each prompt,
manual weight adjustment becomes impractical. To address this, CMO auto-
matically estimates concept difficulty within each sampled group. By assigning
higher weights to these hard-to-align concepts (e.g ., ‘three hammers’ in Fig-
ure 1), CMO encourages the model to generate all requested concepts together.
To enable this optimization, we first design a multi-concept reward that de-
composes multi-concept prompts into fine-grained objectives covering objects,
attributes, numeracy, and spatial relations. Each concept is evaluated with ded-
icated reward functions, producing a set of concept-wise rewards that reflect
different aspects of compositional correctness. These rewards are then used by
CMO to estimate concept interactions and dynamically reweight difficult con-
cepts. For optimization, we build on recent reward optimization recipes that
employ group-wise comparisons for stable learning. In particular, we adopt Mix-
GRPO [26] for efficient mixed ODE–SDE sampling and GDPO [30] for reward-
decoupled normalization across multiple rewards.

We apply CMO to SD3.5 [13] and FLUX.1-dev [23]. Extensive experiments
demonstrate consistent improvements on multi-concept benchmarks such as Con-
ceptMix [45] and Geneval 2 [22], as well as on T2I-CompBench [20], which eval-
uates fine-grained attribute binding. Our contributions can be summarized as
follows:

– We identify a key limitation of existing RL approaches for multi-concept
compositional generation: naive aggregation of concept-wise rewards overem-
phasizes easy concepts while overlooking difficult or negatively correlated
ones.

– We propose Correlation-Weighted Multi-Reward Optimization (CMO), which
estimates concept difficulty from correlations among reward signals across
generated samples and adaptively reweights concept-wise rewards to empha-
size hard-to-satisfy concepts.

– We apply CMO to train state-of-the-art diffusion models (SD3.5 and FLUX.1-
dev), demonstrating consistent improvements on challenging multi-concept
benchmarks (e.g ., ConceptMix, GenEval 2, and T2I-CompBench).

2 Related Work

2.1 Compositional Generation in T2I Models

Compositional generation has long been recognized as a central challenge in text-
to-image (T2I) diffusion models, where early models struggle to render multiple
concepts such as objects, attributes, and spatial relations expressed in a single
prompt [16,20]. To address these issues, prior works have focused on improving
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attribute-level disentanglement through attention manipulation, token interac-
tion control, or additional conditioning mechanisms [5, 11, 15, 19, 29, 50]. While
architectural advancements such as DiT and flow-matching models [13, 23, 32]
have largely mitigated initial entanglement problems, generating multiple con-
cept together remains challenging [22, 42, 45]. Recent efforts have explored dif-
fusion RL to directly optimize reward signals that reflect multi-constraint sat-
isfaction [41, 51]. However, prior works fail to generate images that satisfy all
attributes in a multi-concept prompt simultaneously because they do not con-
sider the relationships between individual attributes within multiple different
concepts. To prevent such failures, we propose CMO, a multi-reward optimiza-
tion framework specifically designed to satisfy multiple concepts simultaneously.
By automatically focusing on the hardest concepts, our method ensures that
every requested concept is generated at the same time.

2.2 Reinforcement Learning for Diffusion Model

Reinforcement learning is widely used to align diffusion/flow-based T2I mod-
els [13, 23, 43] by optimizing rewards along the denoising process under dis-
tributional constraints. Prior work includes PPO-style policy gradient meth-
ods with KL regularization (e.g., DDPO [3] and DPOK [14]), diffusion-adapted
preference learning from win–lose pairs without explicit reward-model train-
ing (e.g., Diffusion-DPO [39]), sampler-based optimization with differentiable
rewards (e.g., DRaFT [8] and AlignProp [34]), and scalable black-box reward
fine-tuning over large prompt sets (e.g., PRDP [12]). Recent work extends RL
alignment to flow-matching and rectified-flow backbones using group-relative op-
timization and stochastic exploration to improve compositional correctness and
preference alignment, as exemplified by Flow-GRPO [28], DanceGRPO [47], Mix-
GRPO [26] and TempGRPO [17]. However, these methods simply average mul-
tiple reward signals without considering the relationships between them, which
can cause optimization to be dominated by easily satisfied concepts while ne-
glecting more difficult or conflicting ones. To address this, we propose CMO,
which dynamically reweights multiple rewards to encourage the model to satisfy
them simultaneously.

3 Method

In this work, we propose Correlation-Weighted Multi-Reward Optimization (CMO),
a new reward optimization framework tailored for multi-concept compositional
generation. The overall pipeline is illustrated in Figure 2. First, we present the
preliminaries in Sec. 3.1. In Sec. 3.2, we design a multi-concept reward, which de-
composes the multi-concept prompt into fine-grained objectives covering objects,
attributes, numeracy, and spatial relations, and evaluates each concept with ded-
icated reward functions. And then in Sec. 3.3, we introduce a correlation-based
reweighting mechanism that dynamically assigns higher weights to hard-to-align,
conflicting concepts to ensure balanced optimization and encourage the model
to satisfy all requested concepts simultaneously.
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Fig. 2: Overview of Correlation-Weighted Multi-Reward Optimization
(CMO). Given a multi-concept prompt, the text-to-image (T2I) model generates a
group of images, which are evaluated using a set of concept-specific reward functions
covering objects, attributes, and spatial relations. The resulting concept rewards form
a Multi-Reward Matrix across generated instances. CMO then computes correlations
among reward signals to estimate concept difficulty based on their interactions, assign-
ing higher weights to concepts that are harder to consistently satisfy. The reweighted
rewards are normalized and aggregated to guide policy optimization, encouraging the
model to jointly satisfy all requested concepts and improving compositional generation.

3.1 Preliminaries

Mixed ODE-SDE Sampling. To mitigate the computational overhead of full-
step SDE sampling, MixGRPO [26] restricts stochastic exploration to a sliding
window S ⊆ [0, T ]. It employs SDE sampling within S for RL exploration, and
deterministic ODE sampling elsewhere:

dxt =

{
[vt − 1

2g
2(t)st]dt+ g(t)dw, t ∈ S

vtdt, t /∈ S
(1)

where vt and st are the velocity field and score function. This concentrates
gradients within S, significantly shortening the optimization timestep.
Multi-Reward Normalization. GRPO [38] often suffers from reward collapse
in multi-reward settings, mapping distinct reward combinations to identical ad-
vantages due to pre-normalization aggregation. GDPO [30] resolves this by de-
coupling the normalization process. For K rewards, the group-relative advantage
A

(i,j)
k for the k-th reward is computed independently, then weighted, summed,
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and batch-normalized to obtain the final advantage Â
(i,j)
total:

A
(i,j)
k =

r
(i,j)
k − µ

(i)
k

σ
(i)
k

, Â
(i,j)
total =

∑
A

(i,j)
k − µB

σB + ϵ
(2)

where µ
(i)
k , σ

(i)
k are the group-level mean and standard deviation for the k-th

reward, and µB , σB are the batch-level statistics of the weighted sum.

3.2 Multi-Concept Reward Decomposition

To evaluate compositional generation, we decompose a multi-concept prompt
into a set of fine-grained concept objectives. Instead of computing a single scalar
reward, our framework evaluates multiple concept-level rewards corresponding
to objects, attributes, numeracy, and spatial relations. This decomposition al-
lows each concept in the prompt to be evaluated independently, providing more
informative supervision for reward optimization. Formally, given a generated
image x and a multi-concept configuration C (e.g .,‘style’:‘graffti’, ‘object’:‘dog’,
‘numeracy’:‘two’ in Figure 2) extracted from the prompt, we compute a set of
concept-wise rewards. Each reward corresponds to a specific aspect of compo-
sitional correctness. Detailed formulations and implementation details for each
reward component are provided in the Appendix.
Object Existence Reward. For each object specification in C, we extract the
specific text corresponding to the ‘object’ key in C and feed it as a prompt into
a segmentation model (e.g ., SAM 3 [4]) to perform text-guided instance object
detection. Let Oi denote the set of detected instances for object i. For each valid
instance, we extract its bounding box b and segmentation mask m. Based on
these detections, we assign a binary existence reward:

rexist
i =

{
1, if |Oi| > 0,

0, otherwise.
(3)

Crucially, the extracted bounding boxes and masks serve as the precise foun-
dation for subsequent localized evaluations, effectively isolating entities from
background noise.
Zero-shot Classifier based Contrastive Reward for Attribute Reward.
For visual attributes such as color, texture, shape, and style, we measure seman-
tic alignment using a zero-shot classifier (i.e., OpenCLIP-H [7]). To isolate the
target object from background noise, we extract the image feature fimg(x⊙ bi)
from the cropped region defined by the bounding box bi, where x is the gener-
ated image and bi is the bounding box of the target object. For each attribute
category k (e.g., color), we maintain a predefined candidate set Vk (e.g., red,
green, blue). Let fv denote the normalized text feature corresponding to candi-
date attribute v ∈ Vk. We compute similarities between the image feature and all
candidate attributes, and use a softmax classifier to estimate the probability of
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the target attribute v∗ specified in the prompt. The attribute reward is defined
as:

rattr
i =

exp (⟨fimg, fv∗⟩)∑
v∈Vk

exp (⟨fimg, fv⟩)
. (4)

Additional details on the construction and normalization of the candidate text
features are provided in the Appendix.
BBox based Reward. For numerical reward, instead of a binary penalty such
as object existence, we propose a differentiable heuristic based on count devia-
tion. Given the detected count ci = |Oi| and the target count c∗i , the reward is
formulated as:

rnum
i =

1

(|ci − c∗i |+ 1)2
. (5)

Similarly, size attributes (e.g ., huge, tiny) are evaluated using a rank-based
inverse squared decay over the areas of all detected objects in the scene. For spec-
ified spatial relations between objects i and j, we formulate geometric heuristics
to assign partial scores (1.0, 0.5, or 0.0) based on alignment constraints.

Notably, for 3D depth relations (e.g ., in front of, behind), we leverage the
depth estimation from Depth Anything 3 [27] to extract a normalized depth map
D(x). We compute the average depth d̄i within the masked region mi:

d̄i =
1

|mi|
∑
p∈mi

D(x)[p]. (6)

The depth-based relation reward seamlessly incorporates a tolerance margin ϵ
to account for estimation noise. For instance, the reward for i being in front of
j is formulated as:

rrel
i,j =


1.0, if d̄i < d̄j − ϵ,

0.5, if d̄i < d̄j ,

0.0, otherwise.
(7)

Conversely, the reward for the behind relation is evaluated using the exact oppo-
site condition. Detailed formulations for 2D spatial relations (e.g ., above, below,
to the left of, to the right of) are provided in the Appendix.

3.3 Correlation-based Reweighting for Multi-Reward Optimization

Motivation. While the multi-concept reward provides fine-grained supervision
for each concept, naively aggregating these rewards can lead to suboptimal opti-
mization. GRPO [31] aggregates multiple rewards through naive summation, and
GDPO [30] decouples with reward normalization, and it aggregates advantages.
As a result, concepts that are easy to satisfy tend to dominate the optimization
process, while difficult or conflicting concepts receive insufficient training signals.
To verify this, we analyze correlations of each concept reward across generated
instances. Using the ConceptMix set, we define a generation group as 10 im-
ages synthesized from a single prompt with different random seeds to analyze



8 J. Wi et al.

SD3.5 SD3.5 + FlowGRPO SD3.5 + Ours
0

2

4

6

8

10
Av

g.
 P

er
ce

nt
ag

e 
of

 N
eg

at
iv

el
y 

Co
rre

la
te

d 
Pa

irs
 (%

)

Impact of Negative Correlation Ratio on Performance

1 2 3 4 5 6 7
Task Complexity Level (K)

0

2

4

6

8

10

12

Pe
rc

en
ta

ge
 o

f N
eg

at
iv

e 
Co

rre
la

te
d 

At
tri

bu
te

 P
ai

rs
 (%

) Negative Correlation Ratio across Task Complexities
Model

SD3.5 
SD3.5 + FlowGRPO
SD3.5 + Ours

0.25

0.30

0.35

0.40

0.45

Co
nc

ep
tM

ix
 Fu

ll 
M

ar
k 

Sc
or

e 
(A

vg
)

0.267

0.313

0.391

SD3.5 Full Mark Score

Fig. 3: Quantitative Analysis on Multi-Concept Generation Conflicts. Left:
The graph compares the average ratio of negative correlations and the overall Full
Mark Score on Conceptmix [45], showing that reducing negative correlations between
concepts directly improves multi-concept generation. Right: The graph tracks the
percentage of concept pairs exhibiting negative correlation as the number of concepts
(task complexity level K) increases. Baselines exhibit increasing negative correlations
as complexity grows, whereas our method maintains a low negative correlation ratio
with correlation-based reweighting.

the relationship between concepts. Figure 3 (left) shows a negative correlation
between concepts and the full-mark score on the ConceptMix [45] benchmark
across baselines (SD 3.5, SD 3.5 + FlowGRPO, and SD 3.5 + Ours). There is a
clear tendency that higher negative correlation leads to lower full-mark scores,
indicating a generation conflict where successfully generating one concept limits
the ability to generate another. Crucially, Figure 3 (right) shows that baseline
models exhibit a sharp increase in the ratio of negatively correlated concept pairs
as the number of concepts (prompt complexity, K) grows. This observation sug-
gests that naive aggregation exacerbates trade-offs between concepts. However,
our correlation-based reweighting shows that prioritizing difficult and negatively
correlated concepts can mitigate generation conflicts and significantly improve
multi-concept compositional generation even at high levels of complexity.
Correlation-Based Concept Difficulty Estimation. For a given prompt i,
we generate a group of G images. In reward optimization for diffusion mod-
els, concept-wise rewards are collected to evaluate generation quality, yielding a
reward matrix R(i) ∈ RG×K , where K is the number of concepts. To stably esti-
mate the difficulty among the concepts, we calculate the Pearson correlation [37]
matrix C ∈ RK×K across the K concepts over the G samples:

Ck,l = Corr(R(i)
k ,R

(i)
l ). (8)

During fine-tuning, certain concepts may be perfectly satisfied across all sam-
ples in a group, resulting in zero variance (std(R(i)

:,k) ≈ 0). In such cases, the
correlation is mathematically undefined. To ensure training stability, we simply
bypass the correlation estimation for these static concepts and assign a default
maximum correlation score to prevent unstable gradient. For each concept k, we
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define a score αk as the average correlation with other attributes:

αk =

{
1.0, if std(R(i)

k ) < ϵ,
1

K−1

∑
l ̸=k Ck,l, otherwise.

(9)

Since Ck,l ∈ [−1, 1], negatively correlated (i.e., difficult to generate simultane-
ously) concepts yield lower scores. To ensure training stability, if the generated
group contains incomplete padding values, we safely bypass this correlation es-
timation.
Correlation-based Reweighting. Concepts with high scores are easier to sat-
isfy jointly and therefore receive lower gradient emphasis. Conversely, weakly
correlated concepts are considered more difficult and receive higher weights. We
define an correlation-based weighting using a softmax function:

wk =
exp

(
(1− αk))∑K

n=1 exp
(
(1− αn))

, (10)

To compute the final advantage for the j-th sample in group i, we substitute
the aggregation in Eq. 2 with our correlation-based weights. The weighted sum
is then batch-normalized to obtain the final advantage :

Â
(i,j)
total =

∑
wkA

(i,j)
k − µB

σB + ϵ
(11)

This strategy dynamically prioritizes concepts difficult to generate simulta-
neously via weighted averaging, encouraging balanced reward optimization. a

4 Experiment

In this section, we evaluate the effectiveness of Correlation-Weighted Multi-
Reward Optimization (CMO) for improving compositional generation. We first
describe the experimental setup in Sec. 4.1, including the training configura-
tion and evaluation benchmarks. We then compare CMO with existing diffusion
RL baselines across multiple compositional generation benchmarks in Sec. 4.2.
To further analyze the behavior of CMO, we provide detailed ablations on the
correlation-based reweighting mechanism and study its impact on resolving con-
cept conflicts in Sec. 4.3. Finally, we present qualitative examples demonstrating
improved multi-concept generation under increasing compositional complexity in
Sec. 4.4.

4.1 Experimental Setup

Training Prompt Dataset. Our training dataset comprises 5k prompts: 2.5k
complex multi-concept and 2.5k single-attribute prompts. For the complex multi-
concept set, we synthesize prompts binding up to eight concepts per entity
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(K + 1 = 8) using the ConceptMix [45] pipeline and Qwen3-30B [48]. Moti-
vated by recent findings [17,28] that a single-attribute prompt set(e.g ., ‘{color}
{object}’, ‘{color} {object} and {color} {object}) enhances overall composi-
tional generation, we include the single-attribute set. To focus the policy on the
most challenging attributes, we heavily skew their sampling distribution (Color
: Texture : Shape : Size : Spatial : Numeracy) to a 3:3:2:1:10:7 ratio.
Base Models and Training Setup. We fine-tune Stable Diffusion 3.5 [13]
and FLUX.1-dev [23] using our based multi-concept reward optimization with
LoRA [18]. Each training iteration samples 8 prompts, generating 16 images
per prompt across 4 GPUs, yielding a global batch size of 512. The learning
rate is set to 3 × 10−4. During training, we use 10 sampling steps for SD3.5
and 6 for FLUX.1-dev. To balance exploration and computational efficiency, we
employ a mixed ODE-SDE sampling strategy with Coefficient Preserving Sam-
pling (CPS) [40]. Following MixGRPO [26], stochastic SDE updates are confined
strictly to the first 3 timesteps, while the remaining steps rely on deterministic
ODE sampling.
Evaluation Protocol. We evaluate our method on three compositional text-to-
image benchmarks: ConceptMix [45], GenEval 2 [22], and T2I-CompBench [20].
To account for generative stochasticity, we synthesize 10 images per prompt using
different random seeds across all benchmarks and report the averaged metrics.
While following official protocols, we adapt ConceptMix: originally, it relies on
GPT-4o [21] as its primary evaluator and provides DeepSeek-VL-7B-chat [31] as
an open-source alternative. To ensure stable reproducibility, we instead employ
the more capable Qwen3-VL-8B [1]. All baselines are strictly re-evaluated using
this exact setup for fair comparison.
Baselines. We compare our method against a variety of representative compo-
sitional T2I baselines. These include Qwen-Image [43] as a strong open-weight
generator, and recent RL-based alignment methods such as IterComp [51], Flow-
GRPO [28] on SD3.5, and Pref-GRPO [41] on FLUX.1-dev. Due to evalu-
ation costs, NanoBanana [9] is evaluated exclusively on T2I-CompBench. To
demonstrate backbone-agnostic scalability, we report results for both SD3.5 and
FLUX.1-dev in T2I-CompBench. For other benchmarks, we focus on the high-
capacity FLUX.1-dev model to evaluate our method against large-scale baselines
such as Qwen-Image.

4.2 Experimental Results

Results on ConceptMix. We first evaluate our proposed method on the
ConceptMix benchmark, which rigorously tests a model’s ability to handle
mixed-concept prompts without attribute leakage. We report the Full Mark Score
(Table 1) and Concept Fraction Score (Table 2) across varying difficulty levels
(k ∈ [1, 7]), where k represents the number of distinct visual concepts required.
Full Mark Score of T2I Models. As shown in Table 1, CMO consistently
outperforms all evaluated baselines across every difficulty level. While the per-
formance of existing models drops sharply as k increases due to attribute leak-
age and object omission, CMO demonstrates remarkable robustness, achieving
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Table 1: Full Mark Score of T2I Models on ConceptMix. We report full mark
scores across difficulty levels k = 1 to k = 7, where k denotes the number of required
concepts (thus each prompt contains k+1 concepts). As k increases, performance de-
grades for all models, while our method consistently mitigates degradation at higher
complexity. Bold and underline indicate the best and second-best results, respectively.

Models k = 1 k = 2 k = 3 k = 4 k = 5 k = 6 k = 7

Autoregressive Models

Janus [44] 0.5340 0.3063 0.1710 0.0713 0.0383 0.0173 0.0083
Show-o [46] 0.7132 0.4560 0.2747 0.1507 0.1100 0.0583 0.0357
HermesFlow [49] 0.6993 0.4560 0.2690 0.1467 0.1167 0.0540 0.0403

Non-Autoregressive Models

StableDiffusion v1.4 [35] 0.4780 0.1943 0.0717 0.0203 0.0040 0.0007 0.0000
StableDiffusion v2 [33] 0.5170 0.2683 0.1010 0.0437 0.0120 0.0040 0.0010
StableDiffusion XL Turbo [36] 0.5886 0.3073 0.1343 0.0493 0.0190 0.0103 0.0003
PixArt-α [6] 0.6170 0.3133 0.1353 0.0490 0.0207 0.0097 0.0013
StableDiffusion XL [33] 0.6237 0.3517 0.1670 0.0553 0.0273 0.0127 0.0050
Playground V2.5 [25] 0.6963 0.3830 0.1917 0.0690 0.0373 0.0113 0.0017
StableDiffusion 3.5 [13] 0.7003 0.4467 0.3010 0.1673 0.1487 0.0597 0.0430
FLUX.1-dev [23] 0.6647 0.4127 0.2680 0.1620 0.1173 0.0567 0.0372
IterComp [51] 0.6570 0.3790 0.2143 0.0740 0.0417 0.0213 0.0040
FlowGRPO [28] 0.7600 0.5457 0.3517 0.2103 0.1727 0.0827 0.0713
PrefGRPO [41] 0.7037 0.4790 0.3023 0.2120 0.1603 0.0897 0.0647
Qwen-Image [43] 0.8183 0.6583 0.5060 0.3803 0.3353 0.2213 0.1747
CMO 0.8410 0.7063 0.5700 0.3947 0.3560 0.2317 0.1883

Table 2: Concept Fraction Score of T2I Models on ConceptMix. We report
the concept fraction score across difficulty levels k = 1 to k = 7, where k denotes
the number of required concepts. As k increases, the scores of all models decrease,
but at different rates. Bold and underline indicate the best and second-best results,
respectively.

Models k = 1 k = 2 k = 3 k = 4 k = 5 k = 6 k = 7

Autoregressive Models

Janus [44] 0.7385 0.6688 0.6318 0.5681 0.5602 0.5585 0.5285
Show-o [46] 0.8435 0.7663 0.7260 0.6741 0.6691 0.6378 0.6331
HermesFlow [49] 0.8362 0.7668 0.7193 0.6775 0.6705 0.6390 0.6348

Non-Autogressive Models

Stable Diffusion v1.4 [35] 0.7153 0.5897 0.5190 0.4508 0.4105 0.3807 0.3475
Stable Diffusion v2 [35] 0.7397 0.6467 0.5822 0.5086 0.4702 0.4458 0.4228
StableDiffusion XL Turbo [36] 0.7824 0.6782 0.6324 0.5661 0.5330 0.4968 0.4630
PixArt-α [6] 0.7900 0.6858 0.6312 0.5634 0.5262 0.4936 0.4625
StableDiffusion XL [33] 0.8043 0.7169 0.6657 0.5958 0.5727 0.5337 0.5023
Playground V2.5 [25] 0.8399 0.7298 0.6701 0.5962 0.5800 0.5452 0.5000
StableDiffusion 3.5 [13] 0.8367 0.7642 0.7368 0.6937 0.6943 0.6603 0.6565
FLUX.1-dev [23] 0.8162 0.7430 0.7093 0.6706 0.6779 0.6467 0.6576
IterComp [51] 0.8247 0.7293 0.6984 0.6139 0.6038 0.5727 0.5419
FlowGRPO [28] 0.8747 0.8144 0.7726 0.7235 0.7263 0.7010 0.6953
Pref-GRPO [41] 0.8395 0.7819 0.7394 0.7159 0.7129 0.6868 0.6846
Qwen-Image [43] 0.9052 0.8600 0.8403 0.8193 0.8171 0.7869 0.7942
CMO 0.9147 0.8850 0.8635 0.8188 0.8214 0.7917 0.7884
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the highest score of 0.8410 at k = 1. Most notably, at the extreme complex-
ity of k = 7, our model successfully maintains a score of 0.1883. This not only
yields a substantial improvement over the base FLUX.1-dev model (0.0372) but
also decisively surpasses the highly competitive Qwen-Image (0.1747). These re-
sults empirically prove that our approach effectively handles dense multi-concept
prompts, setting a new state-of-the-art for strict multi-concept generation.
Concept Fraction Score of T2I Models. As shown in Table 2, we also re-
port the Concept Fraction Score to evaluate the average proportion of correctly
generated concepts within a prompt, accounting for partial successes. Similar
to the strict exact-match evaluation, our proposed method consistently demon-
strates superior performance across all difficulty levels. Notably, even under the
extreme compositional constraint of k = 7, our model successfully preserves a
high concept fraction score of 0.7884. This result not only significantly improves
upon the base FLUX.1-dev (0.6576) and the RL-aligned Pref-GRPO (0.6846),
but also closely rivals or exceeds the massive Qwen-Image model across most
complexity levels. These findings confirm that difficulty-aware compositional re-
ward effectively prevents catastrophic object omission, enabling the model to
retain strong attribute binding even when densely packed with concepts.

Table 3: Soft-TIFA Evaluation
of T2I Models on GenEval 2.

Model Soft Soft
TIFAAM TIFAGM

Autoregressive Models

Janus [44] 52.9 11.0
Show-o [46] 63.4 16.0
HermesFlow [49] 63.5 16.1

Non-Autogressive Models

SD 2.1 [35] 40.8 5.2
SDXL [33] 50.1 9.1
SD3.5-M [13] 63.7 15.8
FLUX.1-dev [23] 64.1 17.1
IterComp [51] 53.0 8.5
FlowGRPO [28] 70.9 21.8
PrefGRPO [41] 70.3 23.0
Qwen-Image [43] 80.0 31.4
CMO 80.0 34.0

Evaluation on GenEval 2. Table 3
presents the results on GenEval 2 using the
Soft-TIFA metric, which evaluates atom-level
(TIFAAM) and prompt-level (TIFAGM) cor-
rectness. Our method demonstrates superior
generalization by establishing a new state-of-
the-art, achieving 80.0 in TIFAAM and 34.0
in TIFAGM. This decisively outperforms ex-
isting RL-aligned baselines (FlowGRPO, Pre-
fGRPO) and notably surpasses the large-
scale Qwen-Image in prompt-level correctness
(34.0 vs. 31.4). These results confirm that our
fine-grained reward structure successfully en-
forces complex relational reasoning and holis-
tic composition, generalizing robustly to un-
seen prompt distributions rather than merely relying on memorized attribute
associations.
Evaluation on T2I-CompBench. To systematically evaluate fine-grained
compositional capabilities, we present the results on T2I-CompBench in Table 4.
This benchmark assesses models across multiple dimensions, including attribute
binding (color, shape, texture), object relationships (spatial, non-spatial), nu-
meracy, and complex compositions. Our proposed framework achieves state-of-
the-art results in the majority of individual categories and consistently yields the
highest overall averages. Specifically, our method equipped with Stable Diffusion
3.5 records a state-of-the-art Avg score of 0.6141, excelling significantly in fun-
damental attribute binding (Color: 0.8692, Shape: 0.6427, Texture: 0.7959)
and spatial relationships (0.5475). Furthermore, when applied to the FLUX.1-
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Table 4: Evaluation Results on T2I-CompBench [20]. We report attribute
binding, object relationships, numeracy, complex compositions, and their overall Avg
(arithmetic mean over the seven metrics). Bold and underline indicate the best and
second-best results, respectively.

Model Attribute Binding Object Relationship Numeracy↑ Complex↑ Avg↑
Color ↑ Shape↑ Texture↑ Spatial↑ Non-Spatial↑

BLIP-VQA BLIP-VQA BLIP-VQA UniDet CLIPscore UniDet 3-in-1

Stable Diffusion XL [33] 0.5879 0.4687 0.5299 0.2133 0.3119 0.4991 0.3237 0.4192
PixArt-α [6] 0.4123 0.3809 0.4559 0.2057 0.3083 0.5085 0.3604 0.3760
DALL-E 3 [2] 0.7785 0.6205 0.7036 0.2865 0.3003 0.5926 0.3373 0.5170
Stable Diffusion 3.5 [13] 0.7926 0.5617 0.7338 0.2914 0.3139 0.5898 0.3842 0.5239
FLUX.1-dev [23] 0.7358 0.4802 0.5989 0.2461 0.3067 0.6107 0.4281 0.4866
IterComp [51] 0.7295 0.5356 0.6526 0.2471 0.3227 0.5430 0.3883 0.4884
FlowGRPO [28] 0.8263 0.6177 0.7241 0.5237 0.3184 0.6987 0.3905 0.5856
PrefGRPO [41] 0.7895 0.5595 0.6688 0.2846 0.3102 0.6559 0.4661 0.5335
NanoBanana [9] 0.8194 0.6275 0.7159 0.3240 0.3023 0.6321 0.3741 0.5422
Qwen-Image [43] 0.8395 0.5882 0.7407 0.4454 0.3136 0.7553 0.4414 0.5892
StableDiffusion 3.5 + CMO 0.8692 0.6427 0.7959 0.5475 0.3201 0.7200 0.4036 0.6141
FLUX.1-dev + CMO 0.8607 0.6188 0.7206 0.4577 0.3171 0.7066 0.4909 0.5961

Table 5: Ablation on Design Choices. We explicitly isolate the impact of our
baseline optimization, training data, and correlation mechanism. DRO (Decoupled
Reward Optimization) denotes our base multi-reward setup using MixGRPO [26] and
GDPO [30]. Single-Attr. and Multi-Concept represent the inclusion of training sets
consisting of single-attribute binding and multi concepts, respectively. CR denotes
Correlation-based Reweighting.

Method DRO Single-Attr. Multi-Concept CR Avg. Full Mark Avg. Concept Frac.

SD3.5-M (Base) - - - - 0.2667 0.7203

Ours

✓ × × × 0.2713 0.7411
✓ ✓ × × 0.3305 0.7752
✓ ✓ ✓ × 0.3531 0.7993
✓ ✓ ✓ ✓ 0.3913 0.8126

dev backbone, our method demonstrates exceptional proficiency in higher-order
reasoning, achieving the highest score in the Complex category (0.4909) and an
impressive Avg of 0.5961. These comprehensive improvements across diverse and
granular criteria confirm that our difficulty-aware reward optimization avoids
overfitting to specific attributes, ensuring a well-balanced and robust composi-
tional generation capability.

4.3 Ablation Study

To provide a more in-depth discussion of the findings from Table 5 in the main
manuscript, Table 5 delves deeper by explicitly isolating the contributions of
our reward optimization baseline (DRO), training datasets (Single-Attr. and
Multi-Concept), and our core contribution (CR). To comprehensively analyze
the optimization, we evaluate both Avg. Full Mark score and Avg. Concept
Fraction score.

The results clearly demonstrate the necessity of each proposed component.
Applying our advanced optimization (DRO) solely on the standard baseline
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PrefGRPO

Ours

K = 7K = 6K = 5K = 2 K = 4K = 3K = 1

numeracy sizecolortextureobject styleshape spatialConcept Categories : 
The image, styled in 
manga, depicts a metallic-
textured textbook lying 
beside a glass-textured, 
triangle-shaped volcano. 
In the background, a 
highway runs parallel to 
the scene, along which a 
truck is driving.

The image shows three 
blue, heart-shaped, 
glass-textured chairs 
on top of a table.

An expressionist image 
showcases four teddy bears.

The image shows a 
manga-style scene with 
two robots standing near 
a highway. There are 
exactly four dolls, each 
with a glass texture, 
positioned on the road.

Qwen 
Image

FlowGRPO

A tiny fork is placed 
next to a spoon.

The image, done in a 
watercolor style, shows 
three tiny, heart-shaped 
hammers. Also present is 
a bucket

An image in pop art style 
shows exactly three 
highways with a metallic 
texture

Fig. 4: Qualitative comparison across varying prompt complexity (K = 1 ∼
7). Baseline models frequently exhibit concept omission or attribute leakage as com-
plexity increases. In contrast, our method consistently maintains high faithfulness and
accurate attribute binding even under extreme constraints (K = 7).

dataset severely degrades performance (Avg. Full Mark score: 0.2713), prov-
ing that standard datasets lack the structural density required to ground fine-
grained multi-concept rewards. Swapping to our proposed Single-Attr. and
Multi-Concept datasets provides the essential training signals, stabilizing the
optimization and recovering the performance to 0.3531. Ultimately, even with
optimal data and baseline optimization, the breakthrough is strictly driven by
CR. By explicitly resolving the remaining negative correlations among conflict-
ing concepts, CR achieves the state-of-the-art performance (Avg. Full Mark
score: 0.3913, Avg. Concept Fraction: 0.8126).

4.4 Qualitative Result on ConceptMix

Figure 4 illustrates the qualitative performance across complexity levels K = 1 to
K = 7. While baselines often suffer from object omission or misaligned attributes
as K increases, our method consistently generates faithful images by accurately
aligning a diverse categories(e.g ., object, color, numeracy, spatial, size).

5 Discussions

The current design of CMO also suggests several directions for future work. First,
future studies may develop more adaptive training data construction strategies
that adjust the sampling frequency of each concept group based on observed fail-
ure patterns or compositional conflicts. In particular, the sampling ratio could be
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updated according to which reward groups are repeatedly involved in failed gen-
erations, rather than being fixed a priori. This would make the training prompt
distribution itself part of the difficulty-aware optimization loop. Such data-
centric refinement could help determine whether failures in specific attributes
can be mitigated by exposing the model to more targeted concept combina-
tions. Second, CMO may be extended to preference-aware settings by jointly con-
sidering compositional prompts and perceptual-quality constraints during data
construction and reward design. Finally, studying the relationship between pre-
training data scale and post-training multi-reward optimization would further
clarify when structured reward optimization is most effective for compositional
generation.

6 Conclusion

In this work, we address the persistent challenge of multi-concept compositional
generation in text-to-image models,where models often struggle to align mul-
tiple concepts within a prompt simultaneously. To overcome this, we propose
Correlation-Weighted Multi-Reward Optimization (CMO). Crucially, by com-
puting the correlation among concept-wise reward signals across generated sam-
ples, our framework explicitly estimates concept generation difficulty. This allows
the model to dynamically assign higher optimization weights to negatively corre-
lated, hard-to-align concepts. Extensive experiments on state-of-the-art architec-
tures, including Stable Diffusion 3.5 and FLUX.1-dev, demonstrate that CMO
significantly mitigates negative correlations among multi-concepts even under ex-
treme prompt complexities. By establishing new state-of-the-art performance on
challenging benchmarks like ConceptMix, Geneval 2, and T2I-CompBench, our
findings demonstrate that designing a structured, difficulty-aware multi-reward
landscape is the definitive key to mastering true compositional generation.
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