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Abstract

Recent progress in Multimodal Large Language Models
(MLLMs) demonstrates that Chain-of-Thought (CoT) rea-
soning enables systematic solutions to complex understand-
ing tasks. However, its extension to generation tasks re-
mains nascent and limited by scenario-specific mechanisms
that hinder generalization and adaptation. In this work, we
present ThinkGen, the first think-driven visual generation
framework that explicitly leverages MLLM’s CoT reasoning
in various generation scenarios. ThinkGen employs a de-
coupled architecture comprising a pretrained MLLM and a
Diffusion Transformer (DiT), wherein the MLLM generates
tailored instructions based on user intent, and DiT produces
high-quality images guided by these instructions. We fur-
ther propose a separable GRPO-based training paradigm
(SepGRPO), alternating reinforcement learning between
the MLLM and DiT modules. This flexible design enables
joint training across diverse datasets, facilitating effective
CoT reasoning for a wide range of generative scenarios.
Extensive experiments demonstrate that ThinkGen achieves
robust, state-of-the-art performance across multiple gener-
ation benchmarks.

1. Introduction
Recent advances in Large Language Models (LLMs) [41,
58, 63] and Multimodal Large Language Models (MLLMs)
[16, 36, 45] have demonstrated the effectiveness of Chain-
of-Thought (CoT) reasoning, where models generate ex-
plicit intermediate steps to systematically solve complex
tasks. CoT reasoning has significantly improved perfor-
mance in areas such as mathematics, coding, and vision-
language understanding. Building on these successes, re-
searchers are now increasingly exploring how CoT reason-
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Figure 1. Comparison between BAGEL [10] and our ThinkGen.
ThinkGen achieves superior performance when adopting CoT rea-
soning (w/ think) across a wide range of generation scenarios.

ing can be leveraged to enhance generation tasks.
Currently, CoT for generation remains at a preliminary

stage. Pioneering work [17] conceptualizes the progressive
generation of image tokens as a form of CoT like textual
token generation, and focuses on optimizing this process.
Recent studies [10, 21, 39, 50] advance the field by refin-
ing generation instructions [10] or decomposing the genera-
tion process into distinct steps [21, 39, 50], thereby improv-
ing image quality in specific tasks. Despite these advances,
current methods are constrained by a significant challenge:
their CoT mechanisms are typically tailored to a single sce-
nario, e.g., reasoning generation, and may degrade perfor-
mance when applied to broader tasks (Fig. 1 left). As a
result, these approaches typically require manual interven-
tion to activate CoT reasoning for different generation tasks,
preventing their flexibility across diverse scenarios.

We attribute the aforementioned challenges to the fact
that current frameworks often lack advanced reasoning ca-
pabilities. In this work, we introduce ThinkGen, the first
think-driven visual generation framework that explicitly
leverages a Multimodal Large Language Model (MLLM)
with <think> formatting, endowing the system with ro-
bust reasoning abilities. This is followed by a dedicated Dif-
fusion Transformer (DiT) for high-quality image synthesis.
A key challenge lies in filtering out redundant information
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A spooky night when children dress up and 
collect sweet treats

</think> Okay, the user wants an image of a spooky night when 
children dress up and collect sweet treats. Let me break this down. 
First, “spooky night” suggests Halloween, so the setting should 
be nighttime with Halloween elements. Collecting sweet treats 
implies candy, so there should be kids holding bags filled with 
sweets. The atmosphere should be … </think>

Generate a vibrant nighttime Halloween 
scene with children in colorful costumes 
trick-or-treating on a cobblestone street 
lined with glowing jack-o'-lanterns, 
haunted houses, and flickering porch 
lights, while holding overflowing candy 
bags and buckets under a moonlit sky 
with swirling fog and autumn leaves.

Draw an image showing the provided 
object completed into a full car.

<think> Got it, the user provided an image of a car that’s missing the rear 
wheel. So the task is to add the rear wheel to make it a complete car. I 
should describe the edit instruction clearly. The car is a sedan, silver, side 
view. The rear wheel is missing, so I need to add a matching wheel. The 
wheel has a white rim, so the rear wheel should match that style. Make sure 
the wheel is properly attached The background is a plain beige wall
and concrete floor. Make sure it's one sentence as 
per the user's example. </think>

Add a matching silver alloy wheel with white 
accents to the rear of the sedan, ensuring proper 
alignment with the car's body and maintaining 
the existing side profile, front wheel, and 
background elements.

Re
fle

ct
io

n

<user> A painting 
of one blue birds 
and a blue nest.

<think>…</think> 
Remove one blue 
bird, and change 
the yellow nest to 
blue.

<user> Matte 
ceramic mug on the 
right; clear glass 
vase with a delicate 
rose on the left.

<think>…</think> 
Replace the 
eucalyptus leaves 
in the glass vase 
with delicate roses.

Figure 2. ThinkGen enables think-driven generation across a wide range of scenarios, including text-to-image generation, text rendering,
image editing, reasoning generation, reasoning editing, and reflection.

from the chain-of-thought (CoT) reasoning process to make
it suitable for guiding the DiT. To this end, we introduce the
Visual Generation Instruction refinement (VGI-refine) mod-
ule, which extracts concise instruction information from the
MLLM’s reasoning chain and concatenates it with learnable
Prepadding States. This enables adaptive adjustment of the
MLLM’s representation distribution, ensuring better align-
ment with the requirements of the DiT.

Our training paradigm combines supervised learning
with reinforcement learning. In the supervised learning
stage, we develop a data-template to generate pseudo-
CoT annotations from image-text pairs, addressing the lack
of explicit <think> labels in most existing generation
datasets, enabling the DiT to be optimized in a reasoning-

driven manner. In the RL stage, we introduce a sepa-
rable GRPO-based training paradigm (SepGRPO), where
GRPO is applied separately to the MLLM and DiT mod-
ules. SepGRPO first freezes DiT while optimizing the
MLLM, and then reverses the process by training DiT with
the MLLM held fixed. To enhance generalization, we in-
corporate multi-scenario training data, jointly training the
entire model across diverse datasets to achieve robust CoT
reasoning in a wide range of generation tasks. By per-
forming the separable design, several advantages are pro-
vided: 1) Flexible Reward Design: Distinct rewards can
be tailored for each module, enabling more targeted and
effective optimization. 2) Reduced Learning Complexity:
The MLLM focuses on providing instructions that are well-
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aligned with DiT’s preferences, while DiT specializes in
producing high-quality images based on these tailored in-
structions. 3) Lower Training Cost: The separate design
significantly reduces GPU memory usage during training,
greatly enhancing computational efficiency.

We evaluate ThinkGen across various generation sce-
narios. Extensive experiments demonstrate that ThinkGen
achieves robust performance on diverse generation bench-
marks, e.g., GenEval (0.89), CVTG (0.84), and ImgEdit
(4.21). Notably, enabling CoT reasoning in ThinkGen
yields substantial improvements on reasoning benchmarks:
WISE: 0.55→0.76, RISEBench: 3.6→13.0.

2. Related Work
Unified Model for Generation and Understanding. Re-
cently, building unified models for both generation and
understanding has attracted significant attention. Lever-
aging the strong multimodal understanding capabilities of
MLLMs across images and text, image generation has seen
further improvements. One line of work [9, 49, 52] adopts
VQGAN-style tokenizers [12] and trains MLLMs to gener-
ate discrete visual tokens, producing images via next-token
prediction in an autoregressive manner. [8, 26, 37, 53, 54]
integrates MLLMs with text-to-image diffusion models
[23, 38]. The powerful MLLMs are used to extract se-
mantic features, which are then fed as conditions to a dif-
fusion model for image generation. [54] uses the last hid-
den states as conditional features for generation, while [37]
introduces learnable queries to extract informative features
for conditioning. However, these methods primarily treat
the MLLM as a feature extractor, without fully leveraging
its CoT reasoning capabilities. Additionally, some works
[4, 10, 33, 60] fuse autoregressive and diffusion modeling.
This paradigm autoregressively generates text tokens while
producing image tokens via a multi-step diffusion process,
combining the strengths of both approaches.
Reinforcement Learning. Recently, reinforcement learn-
ing (RL) has been used to enhance MLLMs and diffusion-
based generative models. Online RL [16, 20, 40] for
MLLMs has been effective at improving MLLMs reasoning
capabilities and aligning outputs with human preferences.
In particular, [16] shows that rule-based reward functions
can elicit human-like, complex chain-of-thought reasoning,
while also being memory-efficient by removing the need for
a separate value model. [68] utilizes a two-stage training
pipeline to enable textual planning in autoregressive gen-
erators. Similarly, [21] introduces BiCoT-GRPO to collab-
oratively optimize high-level semantic planning and low-
level token generation. A number of works [28, 31, 62] also
apply GRPO to flow-matching models [13, 23] with task-
specific rewards. This yields a stable approach for aligning
visual outputs with human preferences, improving aesthet-
ics, text rendering, and image–prompt consistency.

3. Model Architecture
We introduce ThinkGen, a think-driven unified model de-
signed for various visual generation tasks, with its archi-
tecture shown in Fig. 3. Our model utilizes decoupled
MLLM and DiT modules, dedicated to understanding and
generation, respectively. This design ensures optimal per-
formance for each component while maintaining both scal-
ability and modularity within the system. For generation
tasks, the MLLM receives an image caption or reference im-
age(s) along with editing instructions as input, and outputs
rewritten generation instructions tailored to the preferences
of DiT. The DiT module then uses these refined instructions
to generate high-quality images.

3.1. Multimodal Large Language Model
As shown in Fig. 3, ThinkGen leverages an MLLM to pro-
cess both visual and textual inputs, employing autoregres-
sive generation for CoT reasoning. The MLLM is initial-
ized with Qwen3-VL-8B-Think [45]. For image generation
tasks, we design a specialized system prompt ([SYS]) to
encourage the MLLM to understand user intent and provide
appropriate rewrite instructions. We then extract the final
two layers of hidden states generated after the </think>
token as conditional inputs for DiT. Empirical results indi-
cate that using the last two layers of hidden states signifi-
cantly benefits visual generation.

3.2. Diffusion Transformer
ThinkGen employs a standard DiT architecture [26, 54]
initialized with OmniGen2-DiT-4B [54], where the output
from the MLLM is used as conditional textual input for gen-
eration. In image edit task, additional reference image(s)
are processed by a VAE [47] and incorporated as condi-
tional visual inputs. The visual and textual inputs are con-
catenated with the noisy latent features, enabling joint at-
tention across modalities. We employ a simple linear layer
as a connector to align features from multiple conditional
inputs. We experimentally find that this straightforward
linear projection outperforms MLP-based or more complex
transformer-based connectors.
VGI-refine. To address the redundancy in the MLLM’s
autoregressive chain-of-thought (CoT) outputs [56, 61], we
introduce Visual Generation Instruction Refinement (VGI-
refine), which consists of two steps. First, instruction tokens
following the special token </think> are extracted from
the text tokens generated by the MLLM, thereby isolating
the essential CoT results for downstream image generation.
Second, we concatenate K learnable Prepadding States to
the extracted instruction tokens. This concatenation regu-
lates the data distribution of the output hidden states and is
especially beneficial for short instructions (e.g., generate a
dog or remove the cat). The resulting refined instruction
states are then provided as conditional input to the DiT.
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“What if we increase the voltage of 
the bulb in the image?”

<think>When voltage 
increasing, ...</think>
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Figure 3. Overview of ThinkGen. Within ThinkGen, the MLLM and DiT architectures are decoupled for autoregressive CoT generation
and diffusion-based image generation. The MLLM receives text/images as input and outputs generation instructions tailored to the prefer-
ences of the DiT. Through a process called visual generation instruction refinement (VGI-Refine), the hidden states corresponding to these
instructions are extracted and concatenated with Prepadding States, forming the conditional information for DiT’s image generation. For
clarity, we omit the text encoder and vision encoder components within MLLM and DiT.

4. Training Recipe
Our ThinkGen training is divided into five distinct stages.
Initially, we perform Supervised Pre-training on DiT (Stage
1–3) to ensure high-quality image generation. Subse-
quently, we introduce a separable MLLM and DiT rein-
forcement learning approach called SepGRPO (Stage 4–5).
Through SepGRPO training, the MLLM learns to generate
captions or editing instructions that are optimally aligned
with DiT’s preferences, while DiT is further refined to pro-
duce superior images based on these tailored instructions.
The overall training workflow is depicted in Fig. 4.

4.1. Supervised Pre-training
The Supervised Pre-training stages (Stage 1–3) are de-
signed to align the DiT with the MLLM, while simulta-
neously enhancing image generation quality. We adopt
the Rectified Flow [30] training paradigm, which directly
regress the velocity field vθ(xt, t) by minimizing the Flow
Matching objective [27, 30]:

L(θ) = Et, x0∼X0, x1∼X1

[
∥v − vθ(xt, t)∥2

]
, (1)

here v = x1 − x0 denotes the target velocity field.
Input Format. Rewriting each caption or edit instruc-
tion during pre-training would be prohibitively expensive.
Therefore, in Stage 1–3, we construct pseudo-CoT tem-
plates to simulate the MLLM’s CoT process. Specifi-
cally, we leave the content within <think> </think>
empty and simply repeat the original caption or edit
instruction as the answer. The resulting template
is: [SYS]+[C]+<think> </think>+[C], where
[SYS] denotes the system prompt, and [C] denotes the
image caption or editing instruction.
Stage1 Alignment. In this stage, we introduce K Learn-
able prepadding states and align the DiT with the MLLM by

training only the linear connector, while keeping the MLLM
and DiT frozen. Each image is resized to ≤ 512×512px.
Stage2 Pre-training. During this stage, all DiT parame-
ters are trainable. The training corpus comprises 60M im-
age samples, consisting of text-to-image, image edit, text
rendering and in-context generation data. Each image is re-
sized to no more than 512×512 pixels.
Stage3 High-quality fine-tuning. In the supervised fine-
tuning stage, we construct a 0.7M high-quality subset to
enhance DiT’s instruction-following capability and image
aesthetic. The maximum of training resolution is set to
1024×1024 pixels.

4.2. SepGRPO

We propose SepGRPO, an RL training strategy designed
to encourage the MLLM to generate captions/editing in-
structions that are optimally aligned with DiT’s preferences,
while enabling DiT to produce higher-quality images based
on these instructions. SepGRPO decouples the rollout pro-
cess for text and vision: first, DiT is fixed while GRPO
is applied to the MLLM through joint multi-task training;
then, the MLLM is fixed while GRPO is applied to DiT.
Input Format. We design a specialized [SYS] during on-
policy training to facilitate a cold start, allowing the MLLM
to explore text conditions favored by DiT. Specifically, We
concatenate the [SYS], the input sample [C], and a spe-
cial <think> token as the input to the MLLM. The result-
ing template is: [SYS]+[C]+<think>.
Stage4 MLLM-GRPO. In this stage, we apply GRPO to
the MLLM to encourage the generation of rewritten text that
aligns with DiT’s preferences. We optimize the MLLM on
multiple scenarios to enhance the generalization capability
of CoT reasoning. Specifically, we select five representative
generation scenarios: semantic composition, reasoning gen-
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Figure 4. The training recipe of ThinkGen consists of three supervised pre-training stages: Connector training (stage 1), Pre-training (stage
2), and High-quality fine-tuning (stage 3), as well as two SepGRPO stages: MLLM-GRPO (stage 4) and DiT-GRPO (stage 5).

eration, text rendering, image editing, and reflection. For
each scenario, we collect and curate dedicated datasets and
design corresponding rule models to guide the optimization.
The details of the datasets and rule models for each scenario
are summarized in Table 1.

Scenario Dataset Rule Model

Semantic composition 5K semantic prompts GenEval [15]
Reasoning generation 10K reasoning prompts HPSv3 [34]
Text rendering 3K text rendering prompts Word Acc. [11]
Image editing 3K editing samples SigLIP2 [46]
Reflection 3K reflection samples NED

Table 1. Training data and Rule Models in MLLM-GRPO. No-
tably, all training data and evaluation benchmarks are strictly non-
overlapping, ensuring unbiased assessment.

For each input to the MLLM, we perform N1 rollouts
from the policy πθold to generate trajectories {oi}N1

i=1, which
are subsequently used by DiT to produce the corresponding
images. Specifically, DiT generates one image for each tra-
jectory. To mitigate the impact of image generation stochas-
ticity, we ensure that all trajectories corresponding to the
same input share identical latent noise. The corresponding
rule models are then used to calculate a reward Ri for each
trajectory. Subsequently the advantage Âi for the i-th tra-
jectory is computed in a group-relative manner:

Âi =
Ri − mean({Ri}N1

i=1)

std({Ri}N1
i=1)

. (2)

The policy πθold is then updated by optimizing the GRPO
objective, which is a clipped surrogate function with KL-

divergence regularization:

JGRPO(θ) = E
(q,a)∼D,{oi}Gi=1

∼πθold
(·|q)[

1∑G
i=1 |oi|

G∑
i=1

|oi|∑
t=1

(
MIN − βDKL(πθ||πref)

)] (3)

MIN = min
(
ri,t(θ)Âi,CLIP

(
ri,t(θ), 1 − ε, 1 + ε

))
, (4)

where ri,j(θ) denotes the ratio between the probabilities of
πθ and πθold for outputting the current token.

In this process, DiT and the rule models jointly serve
as reward models. This diverse reward design allows our
model to adaptively apply CoT reasoning across a wide
range of generation tasks. We provide detailed descriptions
of the [SYS], training data distribution, and rule model set-
tings in the appendix.
Stage5 DiT-GRPO: In this stage, we apply FlowGRPO
[28] to enhance the instruction-following capability of DiT.
We utilize data from the Simple Scene and Text Rendering
scenarios, along with their corresponding reward calcula-
tion methods. The training data used in this stage is strictly
non-overlapping with that of Stage 4. For each input, the
frozen MLLM first performs a single rollout to generate a
CoT reasoning trajectory, after which DiT conducts N2 roll-
outs to generate N2 corresponding images. We then com-
pute the advantages as defined in Equation 2 and update the
DiT’s policy by maximizing the GRPO objective in Equa-
tion 3. This process encourages the DiT to favor trajectories
that yield higher rewards.
Denoising Reduction: Denoising Reduction [28] (20 steps
with 512px) is employed to accelerate the sampling process.
This approach enables the efficient collection of low-quality
yet informative trajectories during training.
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Model Cultural Time Space Biology Physics Chemistry Overall

GPT-4o [7] 0.81 0.71 0.89 0.83 0.79 0.74 0.80

Gen. Only
SDXL [38] 0.43 0.48 0.47 0.44 0.45 0.27 0.43
SD-3.5-large [12] 0.44 0.50 0.58 0.44 0.52 0.31 0.46
FLUX.1-dev [23] 0.48 0.58 0.62 0.42 0.51 0.35 0.50
PixArt-α [5] 0.45 0.50 0.48 0.49 0.56 0.34 0.47

Und. and Gen.
VILA-U [55] 0.26 0.33 0.37 0.35 0.39 0.23 0.31
Janus-Pro-7B [9] 0.30 0.37 0.49 0.36 0.42 0.26 0.35
Emu3 [49] 0.34 0.45 0.48 0.41 0.45 0.27 0.39
Show-o [60] 0.28 0.40 0.48 0.30 0.46 0.30 0.35
MetaQuery-XL [37] 0.56 0.55 0.62 0.49 0.63 0.41 0.55
BLIP3-o-8B [8] – – – – – – 0.62
BAGEL [10] 0.44 0.55 0.68 0.44 0.60 0.39 0.52
BAGEL* [10] 0.76 0.69 0.75 0.65 0.75 0.58 0.70
OmniGen2 [54] 0.42 0.52 0.64 0.43 0.50 0.34 0.47
STAR [25] 0.61 0.67 0.61 0.74 0.69 0.66 0.66

ThinkGen 0.53 0.55 0.71 0.51 0.58 0.40 0.55
ThinkGen* 0.78 0.73 0.85 0.74 0.74 0.68 0.76

Table 2. Evaluation of reasoning generation ability on WISE benchmark. * denotes that CoT reasoning is utilized during image generation.

5. Experiments
In this section, we first provide a brief overview of the data
composition (Sec. 5.1) and evaluation setup (Sec. 5.2).
Next, we evaluate ThinkGen across a variety of visual gen-
eration benchmarks (Sec. 5.3). Furthermore, we conduct
detailed ablation studies to verify the contribution of each
component and training strategy (Sec. 5.4). We also ana-
lyze the SepGRPO process (Sec. 5.5) .

5.1. Data composition
For text-to-image generation, our training dataset com-
prises 54M image-text pairs sourced from publicly avail-
able datasets [2, 7, 8, 14, 48]. For image editing tasks, we
utilize a diverse set of open-source image editing datasets
[7, 22, 32, 42, 51, 64, 70], totaly 5M samples. Furthermore,
1M high-quality proprietary samples are used to further en-
hance the model’s ability to generate visually appealing im-
ages and text rendering ability, see the appendix for more
details.

5.2. Evaluation setup
Reasoning Generation. We assess reasoning genera-
tion capability on WISEBench [35], a world knowledge-
informed semantic evaluation benchmark (1000 prompts).
Reasoning Editing. Reasoning editing capability is evalu-
ated on RISEBench [71] (360 pairs). RISEBench evaluates
the model’s reasoning editing capability across four funda-
mental types: temporal reasoning, causal reasoning, spatial
reasoning, and logical reasoning.
Text-to-image Evaluation. This task evaluates semantic
consistency on GenEval [15] (553 prompts) and long-form

generation ability on DPG-Bench [18] (1065 prompts), as
well as text rendering capability on CVTG [11] (2000
prompts). In the CVTG benchmark, we report the word
accuracy of text rendering to assess model performance.
Image Editing Evaluation. We assess image editing ca-
pability on ImgEdit [65] (737 pairs), which covers object-
level, background, style, and composite manipulations.

Models Tem. Cau. Spa. Log. Avg.

Closed-source
GPT-4o [7] 34.1 32.2 37.0 10.6 28.9
Gemini-2.0 [44] 8.2 15.5 23.0 4.7 13.3

Open-source
OmniGen [57] 1.2 1.0 0.0 1.2 0.8
EMU2 [43] 1.2 1.1 0.0 0.0 0.5
Step1X-Edit [29] 0.0 2.2 2 3.5 1.9
HiDream-Edit [1] 0.0 0.0 0.0 0.0 0.0
FLUX-Canny [24] 0.0 0.0 0.0 0.0 0.0
BAGEL [10] 3.5 4.4 9.0 5.9 5.8
BAGEL* [10] 5.9 17.8 21.0 1.2 11.9
OmniGen2 [54] 0.0 2.2 7.0 2.3 3.0

ThinkGen 3.5 2.2 7.0 1.1 3.6
ThinkGen* 16.4 17.7 16.0 1.1 13.0

Table 3. Evaluation of reasoning editing ability on RISEBench.

5.3. Comparison with the state of the art methods
We report results of ThinkGen w. and w.o. CoT reasoning.
When generation w.o. CoT reasoning, we simulate the CoT
process by adopting the Input Format described in Sec. 4.1.
Reasoning Generation. We conduct experiments on
WISEBench to evaluate the reasoning generation capa-
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GenEval DPG CVTGModel Counting Position Overall Global Entity Attribute Relation Overall Acc. NED

Gen. Only
SDXL [38] 0.39 0.15 0.55 83.27 82.43 80.91 86.76 74.65 - -
FLUX.1-dev [23] 0.75 0.68 0.82 82.10 89.50 88.70 91.10 84.00 0.49 0.68
PixArt-α [5] 0.44 0.08 0.48 – – – – – –
SD3-Medium [13] 0.72 0.33 0.74 87.90 91.01 88.83 80.70 84.08 0.65 0.84
Sana-1.6B [59] 0.62 0.21 0.66 – – – – – – –
TextCrafter [11] – – – – – – – – 0.76 0.90

Und. and Gen.
Emu3-Gen [49] 0.34 0.17 0.54 85.21 86.68 86.84 90.22 80.60 – –
ILLUME+ [19] 0.62 0.42 0.72 – – – – –
Janus-Pro [9] 0.59 0.79 0.80 86.90 88.90 89.40 89.32 84.19 – –
MetaQuery-XL [37] – – 0.80 – – – – 82.05 – –
BLIP3-o-8B [8] – – 0.84 – – – – 81.60 – –
BAGEL [10] 0.81 0.64 0.82 88.94 90.37 91.29 90.82 85.07 0.35 0.65
BAGEL* [10] 0.78 0.52 0.79 90.13 90.41 88.73 88.22 83.46 0.11 0.39
OmniGen2 [54] 0.88 0.55 0.80 88.81 88.83 90.18 89.37 83.57 0.52 0.77

ThinkGen 0.81 0.79 0.88 90.32 90.86 91.23 92.48 85.14 0.80 0.91
ThinkGen* 0.84 0.80 0.89 90.87 91.36 91.77 91.52 85.87 0.84 0.94

Table 4. Evaluation of text-to-image generation ability on GenEval, DPG and CVTG benchmark.

Model Add Adj. Rep. Rem. BG Sty. Overall

GPT-4o [36] 4.61 4.33 4.35 3.66 4.57 4.93 4.20

Gen. Only
MagicBrush [67] 2.84 1.58 1.97 1.58 1.75 2.38 1.90
Instruct-P2P [3] 2.45 1.83 2.01 1.50 1.44 3.55 1.88
AnyEdit [66] 3.18 2.95 2.47 2.23 2.24 2.85 2.45
UltraEdit [70] 3.44 2.81 2.96 1.45 2.83 3.76 2.70
Step1X-Edit [29] 3.88 3.14 3.40 2.41 3.16 4.63 3.06
ICEdit [69] 3.58 3.39 3.15 2.93 3.08 3.84 3.05

Und. and Gen.
OmniGen [57] 3.47 3.04 2.94 2.43 3.21 4.19 2.96
Janus-4o [6] 3.60 3.25 3.27 2.28 3.32 4.47 3.26
BAGEL [10] 3.56 3.31 3.30 2.62 3.24 4.49 3.20
OmniGen2 [54] 3.57 3.06 3.74 3.20 3.57 4.81 3.44
UniWorld [26] 3.82 3.64 3.47 3.24 2.99 4.21 3.26

ThinkGen 4.64 4.12 4.07 3.95 4.31 4.73 4.14
ThinkGen* 4.75 4.25 4.15 3.49 4.3 4.68 4.21

Table 5. Evaluation of image editing on ImgEdit benchmark.

bility. In Tab. 2, we compare ThinkGen with previ-
ous well-known generative models and unified generation-
understanding models. Our ThinkGen demonstrates a sig-
nificant advantage over methods based on direct generation.
By leveraging CoT reasoning, ThinkGen achieves a sub-
stantial improvement of +21% (0.55 → 0.76), and estab-
lishes a new state-of-the-art performance on WISEBench.
Reasoning Editing. As shown in Tab. 3, activation of
the CoT mechanism significantly increases performance on
RISEBench (3.6→13.0) and achieves results competitive
with the closed-source model Gemini-2.0.
Text-to-image Generation. In Tab. 4, we present the per-
formance of ThinkGen on the GenEval, DPG-Bench, and

CVTG benchmarks. With CoT reasoning, ThinkGen con-
sistently demonstrates improvements across all scenarios,
and achieves the best results among many well-known mod-
els. These results indicate that ThinkGen possesses strong
instruction-following and text-rendering capabilities.
Image Editing. In Tab. 5, we compare the performance
of ThinkGen on ImgEdit. Compared with a range of open-
source models, ThinkGen shows significantly superior met-
rics, achieving performance comparable to GPT-4o.

5.4. Ablation Study
Training stage ablations. To understand the effect of each
training stage in the ThinkGen, including the Supervised
Pre-training and the SepGRPO. We start from a pretrained
MLLM and DiT, and gradually apply each training stage
(see Tab. 6). We present results on GenEval, WISE, and
CVTG, which are used to evaluate instruction-following,
reasoning generation, and text-rendering, respectively.
• Stage1: Training only the connector yields inferior text-

rendering performance (CVTG: 0.28), indicating insuffi-
cient fine-grained alignment between MLLM and DiT.

• Stage2: Large-scale pre-training results in notable im-
provements in image quality, with GenEval increasing by
10%, WISE by 9%, and CVTG by 35%.

• Stage3: High-quality fine-tuning further enhances image
details, resulting in an improvement of +12.0% in CVTG.

• Stage4: GRPO applied to the MLLM introduces some
representation shift in text conditions, slightly affecting
image generation on GenEval (-0.01) and WISE (-0.01).
However, incorporating CoT significantly boosts reason-
ing and generation capabilities (WISE: 0.55 → 0.76).

• Stage5: DiT-GRPO further enhances image generation
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Figure 5. Visualization of the MLLM-GRPO process, the reward score steadily increases.

quality, particularly in fine-grained text rendering tasks.
(CVTG: 0.79 → 0.84)

Training stage GenEval WISE CVTG
Stage1 Alignment 0.78 0.46 0.28
Stage2 Pre-training 0.88 0.55 0.63
Stage3 H.Q. Tuning 0.88 0.55 0.75
Stage4 MLLM-GRPO 0.86 0.54 0.75
Stage4 MLLM-GRPO 0.86* 0.76* 0.79*
Stage5 DiT-GRPO 0.89* 0.76* 0.84*

Table 6. Ablation of training stages of ThinkGen. We use the
GenEval, WISE, CVTG for analysis. * denotes that cot reasoning
is utilized during image generation.

Prepadding States. We compare the results of Stage1
with and without learnable prepadding states in Tab. 7.
Prepadding states significantly improve performance on the
short-prompt benchmarks 0.64→0.78 GenEval, 0.37→0.46
WISEBench, 0.24→0.28 CVTG and 3.46→3.93 ImgEdit,
indicating that prepadding states can effectively adjust the
representation distribution of MLLM output features and
promote alignment between MLLM and DiT.

Short-Prompt Long-Prompt
GenEval WISE CVTG ImgEdit DPG

w.o. 0.64 0.37 0.24 3.46 80.90
w. 0.78 0.46 0.28 3.93 80.86

Table 7. Ablation of the Prepadding States. We divide the eval-
uation metrics into long-prompt (DPG-Bench) and short-prompt
benchmarks (GenEval, WISE, CVTG, and ImgEdit) for analysis.

Training strategy. In Tab. 8, we investigate the perfor-
mance of applying SFT and MLLM-GRPO to the Stage3
model with 10K reasoning data. An interesting phe-
nomenon is observed: directly applying SFT to DiT with
reasoning data does not improve performance on reasoning
benchmarks, indicating that DiT does not possess the ability
to generalize world knowledge to unseen domains. On the
other hand, training the MLLM with MLLM-GRPO greatly
enhances ThinkGen’s reasoning capability (WISE: 0.55 →

0.74). Therefore, the improvement in ThinkGen’s reason-
ing generation capabilities is attributable to the SepGRPO
training strategy rather than the reasoning data itself.

Training data GenEval WISE CVTG

Stage3 - 0.88 0.55 0.75
SFT 10K reasoning data 0.85 −0.03 0.58 +0.03 0.67 −0.08

MLLM-GRPO 10K reasoning data 0.80 −0.08 0.74 +0.19 0.73 −0.02

MLLM-GRPO 24K multitask data 0.86 −0.02 0.76 +0.21 0.79 +0.04

Table 8. Ablation of the Training strategy. GenEval, WISE and
CVTG results are used for analysis. Note: both SFT and Text-
GRPO are initialized with the model weights from Stage3.

5.5. Analysis of the SepGRPO Process

We visualize the intermediate process of SepGRPO in Fig.
5, including reward scores, CoT length, and generated im-
ages. Several key observations emerge: 1) Increasing CoT
Length: The average CoT length gradually grows, suggest-
ing the model develops more sophisticated reasoning dur-
ing training. 2) Unified Reward Growth: As training pro-
gresses, the multi-task reward steadily increases, indicating
ThinkGen learns to adaptively think across diverse scenar-
ios. 3) Image Quality Improvement: Visualizations at 50,
300, and 700 steps demonstrate a clear trend of improving
image generation quality, with generated images exhibiting
richer details and higher fidelity.

6. Conclusion

In this work, we introduced ThinkGen, a novel think-driven
framework that automatically applies CoT reasoning across
diverse generative tasks. Our approach features a decou-
pled MLLM-DiT architecture trained with SepGRPO, en-
abling it to formulate a high-quality plan before generation.
Extensive experiments demonstrate that ThinkGen achieves
significant improvements on reasoning-intensive tasks. Our
work represents a key step towards building more intelli-
gent and versatile generative models that seamlessly inte-
grate reasoning and creation.
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