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Abstract

Text-to-Image (T2I) generation has long been an open prob-
lem, with compositional synthesis remaining particularly
challenging. This task requires accurate rendering of com-
plex scenes containing multiple objects that exhibit diverse
attributes as well as intricate spatial and semantic rela-
tionships, demanding both precise object placement and
coherent inter-object interactions. In this paper, we propose
a novel compositional curriculum reinforcement learning
framework named CompGen that addresses compositional
weakness in existing T2I models. Specifically, we leverage
scene graphs to establish a novel difficulty criterion for
compositional ability and develop a corresponding adap-
tive Markov Chain Monte Carlo graph sampling algorithm.
This difficulty-aware approach enables the synthesis of train-
ing curriculum data that progressively optimize T2I models
through reinforcement learning. We integrate our curricu-
lum learning approach into Group Relative Policy Optimiza-
tion (GRPO) and investigate different curriculum scheduling
strategies. Our experiments reveal that CompGen exhibits
distinct scaling curves under different curriculum schedul-
ing strategies, with easy-to-hard and Gaussian sampling
strategies yielding superior scaling performance compared
to random sampling. Extensive experiments demonstrate
that CompGen significantly enhances compositional genera-
tion capabilities for both diffusion-based and auto-regressive
T2I models, highlighting its effectiveness in improving the
compositional T2I generation systems.

1. Introduction

Text-to-Image (T2I) generation has achieved remarkable
progress in synthesizing visually compelling content from
textual descriptions [2, 19, 49, 52, 55]. Despite these ad-
vances, current T2I models face significant limitations in
compositional synthesis, particularly in accurately rendering
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Figure 1. Overall performance of our CompGen, indicating that
CompGen achieves state-of-the-art performance among models of
the same scale.

complex scenes containing multiple objects with diverse at-
tributes and intricate spatial relationships [40, 46]. Thus,
compositional T2I generation with complex instructions
[26, 28] is still an open problem. To cope with this challenge,
plenty of literature focuses on developing new network ar-
chitectures such as attention models [8, 30, 43, 53], or intro-
ducing intermediate structures like object layout [9, 13, 64].

Unlike recent methods that require synthesized ground-
truth images [22, 44, 58] or intermediate skeletons [46]
for supervised fine-tuning, our approach adopts a data-
centric perspective that enhances compositional generaliza-
tion through synthetic curriculum. Crucially, our method
requires only textual prompts and applies reinforcement
learning (RL) without the need for ground-truth image out-
puts. However, large-scale RL training for compositional
T2I generation faces significant stability challenges due to
the heterogeneous nature of compositional capabilities re-
quired [35, 45], which encompass object existence, attribute
binding, relational understanding, and numerical counting.
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Figure 2. Overview of our CompGen framework, which is incentivized to construct a curriculum through end-to-end reinforcement learning
without requiring ground-truth images.

To address this challenge, we propose CompGen, a novel
compositional curriculum-based RL framework for T2I gen-
eration. CompGen draws inspiration from human cognitive
development, which follows a curriculum learning progres-
sion: first mastering the recognition and generation of indi-
vidual objects and their attributes within simple relational
contexts, then gradually learning to understand and create
complex multi-object compositions involving multiple re-
lations. Specifically, our approach leverages scene graphs
[31] as a compositional representation of visual scenes to
systematically generate training data with controllable diffi-
culty. We introduce a novel difficulty criterion that quantifies
compositional complexity based on scene graph structural
properties, including entity count, attribute diversity, and
relational interconnectedness. Leveraging this difficulty met-
ric, we then develop an adaptive Markov Chain Monte Carlo
(MCMC) sampling algorithm [23] to systematically generate
scene graphs at specific difficulty levels, thereby enabling
precise curriculum control throughout the training process.
For each sampled scene graph, we synthesize corresponding
input text prompt for T2I generation and construct com-
prehensive visual question-answer pairs for assessments,
namely object existence, object counting, attribute recogni-
tion, and relational understanding. These question-answer
pairs subsequently serve as reward metrics within our RL

framework, guiding the model toward improved composi-
tional generation performance.

As presented in Figure 1, our extensive experiments
demonstrate that CompGen significantly strengthens com-
positional generation capabilities across both diffusion and
auto-regressive T2I architectures. On five established compo-
sitional generation benchmarks — GenEval [24], DPG [26],
TIFA [27], T2I-CompBench [28], and DSG [12] — our ap-
proach consistently outperforms baseline models, achieving
an average improvement of 11.72% when applied to Stable-
Diffusion-1.5 and 7.61% when applied to SimpleAR. More-
over, our analysis reveals that curriculum scheduling criti-
cally impacts scaling behavior in curriculum-based GRPO
training: easy-to-hard and Gaussian sampling strategies
demonstrate superior performance and extended scaling po-
tential compared to random sampling approaches.

2. Related Work

Large text-to-image (T2I) generative models have attracted
considerable attention in recent years and can be broadly
categorized into two main families: diffusion-based mod-
els [2, 49, 52, 54] and auto-regressive models [7, 51, 71].
Beyond purely improving visual quality, recent investiga-
tions [61, 62] have focused on enhancing prompt-following
capabilities, particularly for compositional prompts. How-
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ever, existing T2I models often struggle with compositional
understanding, leading to issues such as object omission
and incorrect attribute binding [28, 47]. To address these
limitations, recent efforts to improve compositional align-
ment can be grouped into three main categories. Attention-
based methods modify attention maps within the UNet
architecture to enforce object presence and spatial separa-
tion [8, 18, 30, 43, 53]. For instance, DenseDiffusion [30]
adjusts attention scores in both cross-attention and self-
attention layers to ensure object features align with spec-
ified image regions, while CONFORM [43] strengthens as-
sociations between relevant objects and attributes through
contrastive objectives. However, these approaches face scal-
ability and computational efficiency limitations as they oper-
ate only during inference. Planning-based methods utilize
intermediate structures such as object layouts — either man-
ually defined [9, 13, 64] or generated by large language mod-
els [21, 34] — to guide image synthesis. Some approaches in-
corporate additional modules like visual question-answering
models or captioning models for refinement [66, 67, 70];
however, these additions increase inference costs and may
still suffer from incorrect attribute bindings due to inher-
ent model limitations. Learning-based methods focus on
training-time improvements, including fine-tuning diffusion
models with vision-language supervision [16, 64, 65] or em-
ploying reinforcement learning techniques [3, 16]. Caption-
guided optimization represents another promising direction
in this category [17, 42].

Unlike previous approaches that require additional inputs
or architectural modifications, our method adopts a data-
centric strategy to enhance compositional generalization
through synthetic curriculum-based RL, without increasing
inference costs or altering model architecture.

3. Scene Graph as a Difficulty Measurer
The core principle of CompGen is to progressively develop
compositional generation capabilities through curriculum
learning, advancing from simple to complex samples. The
central challenge in this approach lies in establishing a prin-
cipled framework for defining and quantifying the difficulty
of compositional samples. Following the formalized image
representation framework introduced by Krishna et al. [31],
scene graphs (composed of three types of nodes: objects,
attributes, relationships, and directed edges) provide a struc-
tured approach to capturing compositional complexity. We
therefore propose to measure sample difficulty through the
compositional complexity inherent in scene graph structures.
Formally, we provide the definition of difficulty based on
scene graphs as follows:

Definition 1 (Scene Graph Formulated Difficulty). Given a
scene graph G = (O,A,R) whereO is the set of objects, A
is the set of attributes associated with the objects, andR is
the set of relations, we measure the difficulty of G as:

Diff(G) = ∥O∥ ·max

(
1,
∥A∥
∥O∥

)
·max

(
1,
∥R∥
∥O∥

)
, (1)

where, the total number of objects is ∥O∥, the average at-
tribute density is ∥A∥/∥O∥, and the average relational con-
nectivity is ∥R∥/∥O∥ per object.

Eq. (1) demonstrates that the computational difficulty of
G is determined by three key factors identified by the total
number of objects, the average attribute density, and the
average relational connectivity. Consequently, the overall
difficulty exhibits a positive correlation with the intrinsic
complexity of the scene graph, reflecting both its structural
density and semantic richness. We provide an illustrated case
of our scene graph of a specific difficulty level in Figure 3.
We also empirically compare the CompGen performance of
using Eq. (1) with other formulations in Section 5.4.

4. RL Training with Synthetic Curriculum
Given the difficulty measure introduced in Definition 1, we
can construct a mapping function {G} → R+ over the space
of scene graphs G. Building upon this foundation, we for-
malize our problem as follows:

Definition 2 (Synthetic Curriculum-based RL). Given a tar-
get difficulty range [Diffmin,Diffmax] where 0 < Diffmin ≤
Diffmax, a synthetic curriculum for T2I can be formulated as
a T2I task with an input text T and a reward r corresponding
to the output image I . Therefore, our methodology follows a
structured pipeline: we first construct a scene graph G satis-
fying the difficulty constraint Diffmin ≤ Diff(G) ≤ Diffmax,
then derive the corresponding input text T from this graph.
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These text prompts are processed by a T2I model to generate
images Is, which are subsequently evaluated by the reward
function R. The resulting rewards enable optimization of the
T2I model within a RL framework, ensuring adherence to
the specified difficulty constraints.

Based on the aforementioned problem formulation, our
CompGen framework operates through a two-stage method-
ology, as demonstrated in Figure 2. Specifically, the frame-
work first generates a scene graph with a specific range of
difficulty levels to construct a synthetic curriculum, and sub-
sequently trains T2I models through curriculum-based RL.

4.1. Scene Graph Generation via Adaptive Markov
Chain Monte Carlo Sampling

Given the target range of difficulty levels Diffmin and Diffmax,
we define the constrained generation problem as the task of
sampling scene graphs G such that Diffmin ≤ Diff(G) ≤
Diffmax. A brute-force enumeration of all possible scene
graphs to identify those satisfying the difficulty constraints
is computationally intractable due to the exponentially large
and high-dimensional nature of the graph space. To effi-
ciently navigate this combinatorial landscape, we reformu-
late the task as an iterative sampling problem and employ a
targeted sampling strategy based on Markov Chain Monte
Carlo (MCMC) [5].

Our approach begins with an initial scene graph G0 and
iteratively refines it through systematic modifications to dis-
cover graph structures that satisfy the specific difficulty con-
straints. In practice, we initialize G0 as a minimally complex
baseline graph, typically comprising a randomly selected
small number of object nodes, thereby establishing a neutral
starting point for the MCMC sampling process. To enable
this graph sampling process, we define a set of two kinds
of reversible graph transformation operations, namely Tadd
and Tdelete. The addition operation, Tadd, introduces a new
element (i.e., an attribute/relation node and its associated
edges), while its inverse, the delete operation Tdelete, elim-
inates an existing element (i.e., a node and all its incident
edges). At each MCMC sampling step, a candidate graph
G′ is proposed from the current state G by randomly se-
lecting and applying one of these transformations, thereby
defining our proposal distribution q(G′|G). Crucially, these
operations are designed to maintain detailed balance through
symmetric transition probabilities; specifically, the proba-
bility of proposing to add a particular element to graph G
equals the probability of proposing to delete that identical
element from the resulting graph G′.

To systematically guide the MCMC sampling process
toward the target difficulty range, we define an energy func-
tion Energy(G) that quantifies the extent to which a graph’s

difficulty deviates from the specified constraints:

Energy(G) := Dist(Diff(G), [Diffmin,Diffmax])

=


Diffmin − Diff(G), if Diff(G) < Diffmin

Diff(G)− Diffmax, if Diff(G) > Diffmax

0, otherwise
(2)

The energy function evaluates to zero when a graph’s diffi-
culty falls within the target range and assumes positive values
otherwise, thereby establishing the optimization objective
of identifying graphs with minimal (ideally zero) energy.
We subsequently employ the Metropolis-Hastings algorithm
[11] to make stochastic acceptance decisions for proposed
transformations. Transitions to lower-energy states (i.e.,
configurations closer to the target difficulty range) are uncon-
ditionally accepted, while transitions to higher-energy states
are accepted with probability determined by the Metropolis
criterion to facilitate exploration and prevent convergence
to suboptimal local minima. The acceptance probability is
formally defined as:

Acc(G′|G) = min

(
1,

π(G′)q(G|G′)
π(G)q(G′|G)

)
, (3)

where π(G) ∝ exp(−Energy(G)/τ) is the target distribu-
tion that favors low-energy graphs. Due to the symmetric
design of our proposal distribution q(G′|G), the proposal
ratio q(G|G′)

q(G′|G) is unity, simplifying the acceptance probabil-
ity to depend only on the change in energy Acc(G′|G) =

min
(
1, exp

(
Energy(G)−Energy(G′)

τ

))
. Here, temperature pa-

rameter τ governs the trade-off between exploration and
exploitation, thereby rendering our sampling algorithm adap-
tive to the current graph state and energy landscape.

Concretely, we employ an adaptive temperature schema
analogous to simulated annealing. We initialize with a high
temperature τ to facilitate extensive exploration of the graph
space and progressively reduce it throughout the sampling
process. This annealing schedule enables the sampler to
initially identify promising regions of the solution space
before progressively refining the search to achieve precise
convergence on graphs that satisfy the specified difficulty
constraints. Our empirical evaluation demonstrates that this
approach outperforms baseline methods in both sampling ef-
ficiency and graph diversity, as detailed in Appendix H.1. We
additionally investigate the effects of various initialization
strategies on sampling performance and node type diversity
in Appendix H.2. The complete algorithmic procedure is
presented in Algorithm 2 in Appendix A.

4.2. Curriculum-based Group Relative Policy Op-
timization

Having obtained a scene graph G through the constrained
sampling process described above, we instantiate the abstract
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graph structure by randomly sampling concrete semantic val-
ues from our comprehensive library of scene graph assets.
This library comprises diverse objects, attributes, and rela-
tionships constructed using an LLM with implementation
details provided in Appendix B and specific prompts detailed
in Appendix I.1.

Upon instantiation of the scene graph, we generate the
corresponding input text T for the T2I model and formulate
an appropriate reward function for the subsequent training
phase (as exemplified in Figure 2). The reward function
R takes as input the binary question-answer pairs and the
generated images, then outputs a scalar reward value r ∈ R
to guide the compositional learning process.
Generation of Input Text T . CompGen transforms struc-
tured scene graphs into natural language prompts while
preserving their original compositional difficulty. Given
a scene graph G = (O,A,R) with associated difficulty
Diff(D) ∈ [Diffmin,Diffmax], we employ constrained LLM
based generation with strict constraints to produce descrip-
tions that exactly match the graph’s specifications. The gen-
eration process integrates the linguistic capabilities of LLMs
with systematic validation mechanisms to maintain strict
fidelity to the source graph. This is achieved through three
core components: (i) mandatory inclusion constraints that
ensure exact matching of all objects and attributes, (ii) struc-
tural validation that preserves relational dependencies, and
(iii) multi-stage content verification that maintains semantic
integrity. This approach guarantees that the generated text
prompt comprehensively reflects all elements of the original
scene graph while preserving its compositional difficulty.
In our implementation, we utilize Deepseek-V3 model [37]
as the underlying LLM, with detailed prompts provided in
Appendix I.2.
Generation of Curriculum. Given input text prompts T ,
any T2I model generates corresponding images Is. We eval-
uate the compositional accuracy of these generated images
through structured question-answer pairs that are systemat-
ically constructed from the sampled scene graphs. Specifi-
cally, we adopt a programmatic approach [22] to generate
precise and comprehensive binary questions that exhaus-
tively cover all structural elements of the scene graphs.
Since each scene graph G = (O,A,R) encodes objects,
attributes, and relations, with object cardinality representing
an additional critical dimension, we design four complemen-
tary question categories to achieve comprehensive cover-
age: (i) object verification questions (Qobject) to assess the
presence of each object o ∈ O; (ii) count verification ques-
tions (Qcount) to verify the correct number of occurrences
for repeated objects in O; (iii) attribute validation questions
(Qattribute) to confirm the presence of each attribute a ∈ A
for its corresponding objects; (iv) relation confirmation ques-
tions (Qrelation) to verify the existence of each relation r ∈ R
between specific object pairs.

Generation of Reward r ∈ R. Building upon the binary
question-answer pairs constructed above and inspired by
VQAScore [36], we develop an automated reward mecha-
nism for T2I model training. Specifically, we leverage a
multimodal LLM (MLLM) to evaluate image-text alignment
by computing the predicted probability of answering “yes” to
each binary question as a fine-grained reward score. We take
the average of the VQA scores for all questions correspond-
ing to each image as the reward signal for reinforcement
training, enabling the T2I model to perform policy updates.
For ease of notation, we use preward(·) to denote the MLLM in
use. In our implementation, we adopt LLaVA-v1.6-13B [38]
as the reward model due to its robust performance on visual
question answering tasks. To validate the generalizability of
our approach, we conduct comprehensive ablation studies
with alternative MLLMs in Section 5.3.
Model Training. During training, we integrate Curriculum
Learning with Group Relative Policy Optimization (GRPO)
to progressively enhance the T2I model’s compositional gen-
eration ability. The core idea of Curriculum-based GRPO
(C-GRPO) is to dynamically adjust the emphasis on dif-
ferent compositional difficulty levels throughout training,
enabling the model to first master simpler concepts before
tackling more complex compositions. For each generated
image I(i), we evaluate its compositional quality using bi-
nary question-answer pairs through our reward model as
r
(i)
j = preward(answerj |I(i), questionj), where r

(i)
j ∈ [0, 1]

represents the reward model’s confidence that image I(i)

correctly answers the j-th binary question corresponding to
a specific compositional difficulty level.

Following Parashar et al. [48], we employ curriculum
scheduling strategies to weight these rewards based on train-
ing progress. We explore two scheduling approaches (as de-
tailed in Appendix C), namely Easy-to-Hard scheduling and
Gaussian scheduling. The curriculum-weighted reward at
training step t is computed as r̂(i)j (t) =

∑||Diff||
j′=1 p̂(t, j′)·r(i)j ,

where ||Diff|| denotes the number of compositional difficulty
levels, and p̂(t, j′) represents the curriculum sampling prob-
ability for difficulty level j′ at step t. We derive the detailed
formulation for p̂(t, j′) in Appendix C. The overall reward
for image I(i) is computed as the average score across all
the sampled questions: r̂(i)(t) = 1

M

∑M
j=1 r̂

(i)
j (t), where M

is the number of samples. This reward design ensures that
at each training stage, the model focuses on the appropri-
ate difficulty level while gradually progressing toward more
complex compositions.

The curriculum-aware advantages at step t are normalized
within each group of G images as:

Ai(t) =
r̂(i)(t)−Mean({r̂(k)(t)}Gk=1)

Std({r̂(k)(t)}Gk=1)
, (4)

where Mean({r̂(k)(t)}Gk=1) and Std({r̂(k)(t)}Gk=1) denote
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Table 1. Comparison of different T2I models on compositional generation benchmarks. Models with gray background are the baseline

models that our method builds upon, while those with yellow background are our trained models. The best performance among all models
are marked in red and the performance improvement of our trained models over the baseline models are marked in ↑green.

Model # Params GenEval DPG TIFA T2I-CompBench DSG Avg.

Diffusion

Stable-Diffusion-1.4 0.9B 42.04% 61.89% 79.14% 30.80% 61.71% 55.12%

Stable-Diffusion-1.5 0.9B 42.08% 62.24% 78.67% 29.94% 61.57% 54.90%

Stable-Diffusion-2.1 0.9B 50.00% 65.47% 82.00% 32.01% 68.09% 59.51%

Playground-V2 2.6B 59.00% 74.54% 86.20% 36.13% 74.54% 66.08%

Stable-Diffusion-XL 2.6B 55.87% 74.65% 83.50% 31.30% 83.40% 65.74%

Lumina-Next 1.7B 46.00% 75.66% 79.98% 34.57% 70.61% 61.36%

AutoRegressive

LlamaGen 0.8B 31.28% 42.92% 75.03% 33.26% 58.30% 48.16%

Show-o 1.3B 56.00% 67.27% 86.28% 29.00% 77.00% 63.11%

SimpleAR-SFT 0.5B 53.00% 78.48% 81.06% 33.76% 71.98% 63.66%

Emu3 14B 54.00% 74.19% 81.86% 31.20% 70.31% 62.31%

minDALL-E 1.3B 23.00% 55.23% 79.40% 18.98% 45.63% 44.45%

Ours

Stable-Diffusion-1.5 w/ ours 0.9B 53.88% (↑11.80%) 78.67% (↑16.43%) 85.71% (↑7.04%) 37.68% (↑7.74%) 77.16% (↑15.59%) 66.62% (↑11.72%)

SimpleAR w/ ours 0.5B 63.24% (↑10.24%) 81.20% (↑2.72%) 85.53% (↑4.47%) 40.27% (↑6.51%) 86.11% (↑14.13%) 71.27% (↑7.61%)

the mean and standard deviation of rewards within the group.
For each sampled input text prompt T , C-GRPO generates

G distinct images {I(1), I(2), . . . , I(G)} using the current
policy pθold . The policy at step t is optimized by maximizing:

JC-GRPO(θ) = ET

[
1

G

G∑
i=1

(
min

( πθ

πθold

Ai(t),

clip
( πθ

πθold

, 1− ϵ, 1 + ϵ
)
Ai(t)

)
− β KL

(
pθ(·|T )

∥∥∥pref(·|T )
))]

(5)
where πθ = pθ(I

(i)|T ) denotes the probability of generat-
ing image I(i) given text prompt T under the current policy,
πθold = pθold(I

(i)|T ) is the probability under the old policy, ϵ
and β are hyperparameters for clipping and KL regulariza-
tion respectively, and pref is the reference policy.

5. Experiment

5.1. Experimental Setup
Benchmark Datasets and Metrics. To thoroughly assess
the compositional generation capability of models trained
with our CompGen framework, we evaluate on the following
five compositional T2I benchmarks: (i) Geneval [24], (ii)
T2I-CompBench [28], (iii) TIFA [27], (iii) DPG-Bench [26],
(iv) DSG [12]. Specifically, for T2I-CompBench, we report
the performance on its complex compositions task, while
for the remaining benchmarks, we report the average perfor-

mance across their respective subtasks. Further details on
the datasets and metrics are available in Appendix D.
Baseline Models. To validate the effectiveness of our pro-
posed CompGen method, we conduct comprehensive com-
parisons against several state-of-the-art T2I generation mod-
els. These include diffusion-based T2I models such as Stable
Diffusion 1.4/1.5/2.1 [54], Playground v2 [32], Stable Dif-
fusion XL [49] and LUMINA-NEXT [72]; as well as auto-
regressive T2I models such as Show-o [68], Emu3 [60], Sim-
peAR [63], LLamaGen [59] and minDALL-E [29]. We pro-
vide detailed descriptions for each baseline in Appendix E.

We provide the implementation details of CompGen in
Appendix F.

5.2. Performance Comparisons and Analysis

CompGen significantly improves T2I compositional gen-
eration capabilities across both diffusion and auto-
regressive architectures. As shown in Table 1, CompGen
delivers substantial improvements on compositional gener-
ation benchmarks. Applied to Stable-Diffusion-1.5 (0.9B
parameters), it achieves +11.72 percentage points average
improvement, surpassing both the stronger Stable-Diffusion-
2.1 (59.51%) and the larger Playground-V2 (66.08%, 2.6B
parameters). On auto-regressive models, CompGen demon-
strates similar versatility. Applied to SimpleAR, it improves
performance from 63.66% to 71.27% (+7.61 points), estab-
lishing a new state-of-the-art that outperforms all evaluated
models, including the 14B-parameter Emu3 (62.31%), with
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Two golden-brown spring rolls with a  crispy texture sit  on a woven bamboo mat. The setting sun casts a warm, orange hue over the scene, highlighting the glistening
sheen of the freshly fried appetizers. Near the spring rolls, a small dish of dipping sauce reflects the sunset's glow, enticing one to indulge in the savory treat.
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Figure 4. Qualitative comparison of our CompGen with other strong text-to-image generation models (SD1.5, SD2.1, SDXL, and Lumina-
Next). Within each prompt, we color the elements for which at least one model makes an error: the object in blue, the attribute in brown,
the relationship in green, and the count in purple. O , A , R , C denote Object, Attribute, Relationship, and Count, respectively. A
indicates correct generation, while a indicates an error. Additional examples appear in Appendix J.

Table 2. Investigation on reward models using Stable-Diffusion-1.5 as backbone. Our adopted model is highlighted in yellow . The best
performance is marked in red.

Model Reward Model GenEval DPG TIFA T2I-CompBench DSG Avg.

Stable-Diffusion-1.5 – 42.08% 62.24% 78.67% 29.94% 61.57% 54.90%

Stable-Diffusion-1.5 w/ VQAScore [36] LLaVA-v1.6-13B 44.02% 73.41% 80.19% 36.36% 73.23% 61.44%

CompGen (Stable-Diffusion-1.5)

CLIP-FlanT5-XXL 45.11% 71.26% 81.42% 31.60% 73.74% 60.63%

InstructBLIP 42.04% 64.00% 76.29% 39.21% 64.58% 57.22%

LLaVA-v1.5-13B 49.23% 74.54% 84.84% 37.43% 75.97% 64.40%

LLaVA-v1.6-13B 53.88% 78.67% 85.71% 37.68% 77.16% 66.62%

best performance across most individual benchmarks.

CompGen improves compositionality without sacrificing
visual quality or overfitting. Figure 4 demonstrates Comp-
Gen’s superior compositional capabilities. While strong
baselines (SDXL, Lumina-Next) frequently misinterpret ob-
ject counts (e.g., “two spring rolls”), fail to bind attributes
correctly (e.g., a squirrel “in a studded leather jacket”), or
miss complex relationships (e.g., “shouting into a micro-
phone”), CompGen accurately renders these details while
maintaining visual quality without artifacts.

Additional examples appear in Appendix J.

5.3. Impact of Reward Model

Here, we investigate the impact of reward model ca-
pability on CompGen’s performance by comparing four
vision-language models as reward models: LLaVA-v1.6-
13B [38], LLaVA-v1.5-13B [38], CLIP-FlanT5-XXL [50],
and InstructBLIP-FlanT5-XXL [14]. Table 2 shows a strong
positive correlation between reward model capability and
CompGen performance. The strongest model (LLaVA-v1.6-
13B) achieves 66.62% average score, outperforming the
weakest (InstructBLIP) by 9.4 percentage points (57.22%).
This scaling behavior indicates that CompGen’s effective-
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Table 3. Investigation on different difficulty measures using Stable-
Diffusion-1.5 with 10K training data. Our proposed difficulty mea-
sure is marked with yellow background. The best performance
for each benchmark is marked in red. ∥O∥ is the number of objects
in the scene graph, ∥A∥ is the number of attributes and ∥R∥ is the
number of relations.

Difficulty Measure GenEval DPG TIFA T2I-CompBench DSG

(|∥O∥ + ∥A∥ + ∥R∥) [22] 50.12% 72.59% 79.40% 37.00% 71.21%

(∥O∥ + ∥R∥)/2 [10] 48.83% 72.91% 75.24% 35.59% 74.33%

Ours 53.88% 78.67% 85.71% 37.68% 77.16%

ness improves directly with vision-language model advance-
ments, pointing to a clear path for future improvements via
better reward models. We offer a visualization in Figure 7.

We also provide additional reward function analysis in
Appendix G.1. Our findings indicate that a fine-grained,
multi-aspect reward function provides more effective guid-
ance for complex compositional generation than a coarse-
grained reward function.

5.4. Impact of Difficulty Measures
We evaluate the effectiveness of different difficulty measures
in Table 3 by training Stable-Diffusion-1.5 on 10K prompts
uniformly sampled across difficulty levels 1-10. Existing
methods [10, 22] typically employ additive metrics that sum
or average compositional components. In contrast, our pro-
posed difficulty measure uses a multiplicative formulation
to better capture the combinatorial explosion in composi-
tional complexity as the number of components increases.
Results demonstrate that curriculum learning guided by our
difficulty measure achieves superior performance across all
benchmarks, yielding an average score of 66.62% — a 4.56
percentage point improvement over the strongest additive
baseline. This substantial gain underscores the importance of
accurately modeling the exponential nature of compositional
T2I difficulty.

We further investigate the impact of data difficulty distri-
bution in Appendix G.2. Our results show that a balanced
training curriculum covering a wide range of data difficulties
is crucial for robust RL training, as training exclusively on
skew-easy or skew-hard samples [57] leads to poor composi-
tional generalization.

5.5. Analysis of Curriculum Scheduling Strategy
We investigate how curriculum scheduling strategies impact
model performance and scaling behavior. Using Stable-
Diffusion-1.5 on the GenEval [24] benchmark, we compare
three scheduling strategies [48]: (i) Random Scheduling,
uniform sampling across all difficulty levels as a baseline; (ii)
Easy-to-Hard Scheduling, a deterministic sequential pro-
gression from easiest to hardest samples; and (iii) Gaussian
Scheduling, a smooth transition where sampling follows a
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Figure 5. Scaling trend of CompGen with different curriculum
scheduling strategies.

bell-shaped curve that gradually shifts from easy to hard data.
Models are trained with batch size 32 for up to 660 steps.
Further implementation details appear in Appendix C. Fig-
ure 5 demonstrates that curriculum strategies substantially
improve CompGen performance. While the baseline model
without curriculum learning stagnates at 42% accuracy, all
curriculum approaches achieve significant gains. Random
sampling provides strong improvement, peaking at 52.1%
accuracy. The structured curriculum strategies yield even
larger gains: Gaussian scheduling achieves the highest accu-
racy of 54.6% at 500 steps — a 30% relative improvement
(12.6 percentage points) over the baseline. Beyond absolute
performance gains, curriculum learning extends the scaling
regime compared to conventional training. While the base-
line plateaus early, curriculum strategies continue improving
beyond 500 training steps before gradually declining.

Notably, Gaussian scheduling demonstrates the most
efficient scaling trajectory, reaching optimal performance
with fewer steps, while easy-to-hard scheduling exhibits
the most extended scaling range, maintaining competitive
performance the longest during prolonged training.

6. Conclusion
In this work, we introduced CompGen, a novel composi-
tional curriculum reinforce learning framework that lever-
ages scene graphs and incorporates a principled difficulty
criterion with an adaptive Markov Chain Monte Carlo sam-
pling algorithm. Our approach free from the requirements
of need of ground-truth images, systematically improves the
ability of T2I models to generate complex compositional
scenes with multiple objects, diverse attributes, and intricate
spatial-semantic relationships. In the future, it would be
interesting to explore more sophisticated metrics that incor-
porate semantic complexity, visual realism requirements, and
cross-modal alignment challenges. Additionally, developing
adaptive curriculum strategies that dynamically adjust diffi-
culty based on model performance might further optimize
training efficiency.
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