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Figure 1: As shown in (a), we illustrate an example of Interleaving Reasoning Generation (IRG).
Given a prompt, the model first produces a text-based reasoning process and then generates an
image conditioned on that reasoning. Next, building upon the initial image, the model reflects on
how to improve its quality and produces a refined image through this reflection process. IRG can
substantially enhance image generation quality. For instance, in the top case of (a), IRG improves
upon the previous generated image via multi-turn reasoning, enhancing rendering textures, shadow
realism, and other visual properties. In the bottom case of (a), IRG significantly improves fine-grained
details, such as the delicate structures of fingers—highlighted within the red box (as detailed in (b)).
As shown in (c), compared to current SoTA models, our proposed IRG achieves clearly superior
performance across multiple mainstream T2I benchmarks.
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ABSTRACT

Unified multimodal understanding and generation models recently have achieve
significant improvement in image generation capability, yet a large gap remains
in instruction following and detail preservation compared to systems that tightly
couple comprehension with generation such as GPT-4o. Motivated by recent ad-
vances in interleaving reasoning, we explore whether such reasoning can further
improve Text-to-Image (T2I) generation. We introduce Interleaving Reasoning
Generation (IRG), a framework that alternates between text-based thinking and
image synthesis: the model first produces a text-based thinking to guide an initial
image, then reflects on the result to refine fine-grained details, visual quality, and
aesthetics while preserving semantics. To train IRG effectively, we propose Inter-
leaving Reasoning Generation Learning (IRGL), which targets two sub-goals: (1)
strengthening the initial think-and-generate stage to establish core content and base
quality, and (2) enabling high-quality textual reflection and faithful implementation
of those refinements in a subsequent image. We curate IRGL-300K, a 300K-scale
dataset organized into six decomposed learning modes that jointly cover learning
text-based thinking, and full thinking–image trajectories. Starting from a unified
foundation model that natively emits interleaved text–image outputs, our two-stage
training first builds robust thinking and reflection, then efficiently tunes the IRG
pipeline in the full thinking–image trajectory data. Extensive experiments show
SoTA performance, yielding absolute gains of 5–10 points on GenEval, WISE,
TIIF, GenAI-Bench, and OneIG-EN, alongside substantial improvements in visual
quality and fine-grained fidelity. As an early exploration, our results demonstrate
that interleaving reasoning is a powerful paradigm for advancing T2I.

1 INTRODUCTION

Unified multimodal understanding and generation models consolidate image/text understanding and
image synthesis capabilities within a single foundation model, and have recently emerged as a focal
point of interest in the research community (Sun et al., 2024; Team, 2024; Tong et al., 2024; Wu et al.,
2025a; Xie et al., 2024; Chen et al., 2025a; Xiao et al., 2025b;a; Liao et al., 2025; Xie et al., 2025b;
Wu et al., 2025b; Deng et al., 2025). Representative efforts in this line of research, exemplified by
GPT-4o (OpenAI, 2025c), seamlessly integrate comprehension and generation capabilities. This
enables a pronounced performance gap relative to existing unified models, particularly in instruction-
following for image generation and in the preservation of visual details (Deng et al., 2025).

Motivated by recent advances in text-based reasoning, notably test-time scaling techniques for
(Multimodal) Large Language Models ((M)LLMs) (Jaech et al., 2024; Guo et al., 2025a; Huang
et al., 2025; Chen et al., 2025b), a growing body of work has explored whether incorporating such
text-based reasoning processes can yield improvements in the fidelity and overall quality of image
generation (Fang et al., 2025; Xiao et al., 2025b; Deng et al., 2025; Jiang et al., 2025). These
works underscore this perspective and seek to exploit large-scale interleaved text–image corpora to
learn subtle cross-modal interaction patterns, thus enabling seamless knowledge transfer between
the understanding and generation stages of the model. However, in Text-to-Image (T2I) tasks,
they employ only a single textual segment as auxiliary supervision in T2I generation, with the
objective of producing outputs that more faithfully adhere to the original prompt. Recently, some
works in (M)LLM field have focused on the interleaving reasoning, i.e., multi-turn interactions
and exhibits sophisticated reasoning dynamics (Huang, 2025), while this reasoning modality has
empirical demonstrated superior accuracy in addressing complex problems (OpenAI, 2025b;a). This
observation motivates the exploration:

Whether interleaving reasoning can further enhance T2I generation quality?

As shown in Fig 1, in generating a prompt-aligned image, the model is typically able to produce
content that is broadly correct in terms of semantics, yet it remains challenging to attain superior
visual quality and fine-grained fidelity (e.g., in rendering textures, shadow realism, and delicate
structures such as fingers). The idea is intuitive: if high-quality image synthesis is considered a hard
problem, adopting a multi-step reasoning strategy to tackle it is both reasonable and necessary. To
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solve this, a straightforward idea is to have the model first produce a text-based thinking process
and generate an image based on that reasoning. Then, building on the initial image, the model
reflects on how to improve its quality, and produces an improved image through reflection. We
denote this process as Interleaving Reasoning Generation (IRG). Thus, we argue two points, 1)
an additional text-based reasoning process can serve as auxiliary supervision for image generation,
thereby alleviating the difficulty of direct generation, and 2) producing one image that simultaneously
attains high visual quality and precise instruction following is non-trivial, whereas a multi-turn
generation strategy can incrementally refine the output toward the desired goal. While these positions
are aligned with prior reflection-based T2I generation approaches, the key distinction lies in their
goals: prior methods (Tian et al., 2024; Zhuo et al., 2025; Wu et al., 2025b; Chern et al., 2025)
generally employ reflection to rectify major semantic or structural errors in the generated content, with
some adopting non-end-to-end frameworks, whereas our approach focuses on leveraging reflection
to refine fine-grained details and improve overall visual quality in an end-to-end manner, with the
main subject matter established during the initial generation. Specifically, through IRG, we not only
enhance the semantic correctness of the generated content, but also focus on improving the quality,
fine-grained details, and aesthetic aspects of the generated images.

Based on the insights, we firstly select a unified multimodal understanding and generation model
as the base model, given its capability to produce interleaved text–image outputs. To facilitate
interleaving reasoning-based generation with reflection, we propose the Interleaving Reasoning
Generation Learning (IRGL) paradigm and formulate the objective as two sub-goals. The first is
to strengthen the model’s initial thinking and generation stage, which establishes the core content
and base quality of the generated image. The second is to equip the model with the ability to
produce detailed, high-quality text-based reflections, and to generate enhanced images that faithfully
implement those reflections. In particular, we propose the IRGL-300K dataset, which refines the
aforementioned two objectives into two complementary focuses: learning text-based thinking and
mastering the image generation with thinking pipeline. It comprises six decomposed learning modes
that jointly target comprehensive enhancement of model performance throughout the IRG process,
while ensuring optimal exploitation of data resources. In the training pipeline, the model is first trained
to generate accurate initial thinking given a prompt, as well as to produce text-based reflections based
on the initial reasoning step that improve quality. Furthermore, we incorporate full thinking–image
trajectories to mitigate potential degradation in the model’s core generative ability in this training
stage. Then, leveraging the acquired thinking generation capability, we utilize the full thinking–image
trajectory data to efficiently train the entire IRG pipeline.

Extensive experiments demonstrate that our proposed IRG achieves State-of-The-Art (SoTA) bench-
mark performance, delivering absolute improvements of 5–10 points across multiple benchmarks,
including GenEval, WISE, TIIF, GenAI-Bench, and OneIG-EN. In addition, IRG significantly en-
hances visual quality and fine-grained fidelity. As an early effort to introduce Interleaving Reasoning
into the T2I domain, we hope our work can inspire future research in this direction.

2 METHOD

2.1 PRELIMINARIES AND NOTATIONS

Unified multimodal understanding and generation models based on an integrated transformer ar-
chitecture, e.g., BAGEL (Deng et al., 2025), jointly perform image understanding and generation
within a single architecture, facilitated by large-scale training on interleaved text–image data. Such
models can naturally handle both interleaved inputs and interleaved outputs. Let Tin and Iin represent
the input text and image, respectively, while T

(1)
out and I

(1)
out denote the initial output text and image,

respectively. The standard image understanding and T2I generation with self-CoT reasoning process
can be formulated as:

Image understanding: Tin + Iin → T
(1)
out,

T2I generation with self-CoT: Tin → T
(1)
out → I

(1)
out.

(1)

Previous works that adopt self-CoT (Deng et al., 2025; Fang et al., 2025; Xiao et al., 2025b; Jiang
et al., 2025) typically focus solely on text-based reasoning to improve image generation, while
overlooking the potential of leveraging the initially generated image to further enhance visual quality
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Figure 2: Overview of our proposed IRG training and inference pipeline. IRG learns the text-based
thinking process and the complete high-quality image generation pipeline under six decomposed
learning modes. During inference, we introduce a dedicated CFG condition design (Ho & Salimans,
2022) for IRG’s improved image generation steps. The “Input part” denotes the inputs to the IRG
module, comprising the original prompt, ViT and VAE features of the image, and our constructed
queries. “The Generated part” refers to the outputs produced by IRG, including the intermediate text-
based reasoning process and the synthesized image. “Computing loss” indicates which components
participate in the loss computation during training.

and perform multi-step information fusion for better results. Thus, to conduct additional T2I reasoning
step conditioned on the previously generated text and image, we first encode the generated image into
Vision Transformer (ViT) features and Variational Autoencoder (VAE) features, which are defined as
If . Then, based on the full information cache, the multi-turn generation can be conducted and the
pipeline denoted as follows:

Tin → T
(1)
out → I

(1)
out

enc−−→ I
(1)
f → T

(2)
out → I

(2)
out

enc−−→ I
(2)
f → · · · → T

(n)
out → I

(n)
out, (2)

where n means the total turn number and enc−−→ represents the image feature encoding process, and note
that for intermediate images generated at the k-th turn (e.g., I(k)out ), only their encoded representations
I
(k)
f are propagated to the subsequent computation stages. During the generation of the final image

I
(n)
out , the model exchanges and exploits multiple segments of interleaved text–image representations,

a process we term Interleaving Reasoning Generation (IRG). By formulating the synthesis of
the final image as the ultimate goal, the model employs multi-stage progressive generation and
cross-modal information fusion to maximize output quality. We note that an inherent strength of
unified models lies in their capacity to process and generate interleaved inputs and outputs, inherently
supporting multi-turn generation with self-CoT reasoning. This property enables us to investigate
how interleaving reasoning within the generation pipeline can further extend the achievable limits of
generative capability.

2.2 INTERLEAVING REASONING GENERATION

2.2.1 OVERVIEW

As mentioned above, IRG can be defined as comprising two components: (1) an initial text-based
reasoning process followed by image generation based on that reasoning, and (2) repetition of the
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first component to produce an improved image. In this work, we focus solely on a single refinement
iteration, i.e., limiting the second component to one turn (set n in Eq. 2 to 2), in order to validate
our hypothesis on whether Interleaving Reasoning can effectively enhance text-to-image generation
quality.

In the following sections, we detail the Interleaving Reasoning Generation Learning (IRGL)
framework and explain how different forms of interleaving reasoning data can be effectively utilized
to perform hierarchical learning with distinct emphases, as elaborated in Sec. 2.2.2. Furthermore, in
Sec. 2.2.3, we introduce the data construction pipeline of IRGL-300k dataset, while in Sec. 2.2.4, we
simply describe the inference strategy of IRG, such as the Classifier-Free Guidance (CFG) (Ho &
Salimans, 2022) condition designs.

2.2.2 INTERLEAVING REASONING GENERATION LEARNING

When we set n to 2, Eq. 2 will be reformulate as:

Tin → T
(1)
out → I

(1)
out

enc−−→ I
(1)
f → T

(2)
out → I

(2)
out. (3)

It can be observed that when aiming to enhance the quality of the final image I
(2)
out in IRG pipeline,

we decompose the process into four progressive intermediate steps: (1) ensuring the correctness of
the initial thinking process T (1)

out , (2) improving the quality of the initial generated image I
(1)
out , (3)

generating an accurate improving-thinking step T
(2)
out based on the first image to guide the production

of a better image, and (4) synthesizing the final high-quality image I
(2)
out by integrating all preceding

decision steps. Evidently, as shown in Fig 2, various decomposed learning modes can be designed to
improve the model’s intermediate reasoning capacity. We begin with the enhancement of the initial
reasoning step, i.e., above steps (1) and (2), which can be instantiated as the following tasks:

• Initial Thinking Understanding Learning: In this task, we aim for the model to learn how
to generate the correct initial thinking process given original prompt Tin and prior image
features I(1)f . The design insight behind this task is as follows: when the model is provided
with both a prompt and an image consistent with that prompt, we construct an auxiliary
question Tq in which the model learns, through image-understanding supervision, how to
produce a reasoning process aligned with the prompt and to recognize what kind of image
such a reasoning process would yield.

Tin + I
(1)
f + Tq → T

(1)
out. (4)

• Initial Thinking Generation Learning: This task directly imitates the reasoning process
for generating initial thinking given the original prompt, and can be considered a more
challenging task compared to Initial Thinking Understanding Learning.

Tin → T
(1)
out. (5)

• Initial Full Learning: In this full initial reasoning learning setting, the model learns from
both text-based reasoning sequences and high-quality image data to enhance the quality of
its initial image generation, thereby providing a stronger foundation for producing improved
images in subsequent reasoning stages.

Tin → T
(1)
out → I

(1)
out. (6)

Furthermore, we also design three tasks to learning how to generate the improving thinking and
improved image based on the initial reasoning step (the above steps (3) and (4)):

• Improving Thinking Understanding Learning: This task is closely related to Initial
Thinking Understanding Learning, but focuses on enabling the model to, given a prompt,
learn to generate the improving thinking process for enhancing an initial image to an im-
proved image. This is achieved by understanding the prompt Tin, comparing the differences
between the features of the initial I(1)f and improved images I(2)f and by answering carefully
designed questions Tq .

Tin + I
(1)
f + I

(2)
f + Tq → T

(2)
out. (7)
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• Improving Thinking Generation Learning: This task builds on the initial reasoning stage,
focusing on learning how to generate improving thinking.

Tin + T
(1)
out + I

(1)
f → T

(2)
out. (8)

• Improving Full Learning: This task represents a complete IRG process, but we constrain
the model, under the condition that the initial reasoning is already completed, to learn only
the improving reasoning and the high-quality improved image components. As the most
crucial stage of IRG, the model must learn to identify the differences in visual quality and
fine-grained fidelity between the two images, and to leverage this understanding to generate
the optimal image during the improving reasoning step.

Tin + T
(1)
out + I

(1)
f → T

(2)
out → I

(2)
out. (9)

The aforementioned decomposed learning modes can be clearly divided into two training objectives:
(1) learning the text-based thinking process (Initial Thinking Understanding Learning, Initial Think-
ing Generation Learning, Improving Thinking Understanding Learning, and Improving Thinking
Generation Learning), and (2) learning the complete high-quality image generation pipeline under the
auxiliary supervision of the reasoning process (Initial Full Learning and Improving Full Learning).
This design likewise addresses the limited availability of high-quality, full IRG thinking-image
trajectories data, while learning from text-based reasoning serves as a partial remedy to this problem.

Furthermore, we employ a two-stage training pipeline. In stage 1, the model is optimized on all six
tasks to generate accurate initial reasoning from a given prompt and to produce text-based reflections
derived from the initial reasoning step to enhance output quality. The main goal of this stage is to
strengthen the text-based reasoning capability, while incorporating full thinking–image trajectories to
avoid degrading the core generative performance. Empirically, we find that this reasoning-focused
training converges relatively rapidly. In the second stage, leveraging the thinking generation ability
learned in Stage 1, we employ full thinking–image trajectory data (i.e., data in Initial Full Learning
and Improving Full Learning) to efficiently optimize the entire IRG pipeline. In this training stage
involving image generation, convergence demands more iterations, since the model must spend
additional training time learning the fine-grained fidelity transformations from the initial image to the
improved image.

Discussion: Unfortunately, constructing complete interleaving IRG data is non-trivial, even when
considering only the two-turn case, due to the following two challenges. First, obtaining final
high-quality images is inherently difficult, as the quality of existing open-source T2I datasets remains
suboptimal. This limitation has motivated many recent works to distill images generated by powerful
models such as GPT-4o (Chen et al., 2025a; Wu et al., 2025b). Second, although a subset of
high-quality data from GPT-4o is available, IRG requires paired samples linking an initial image
to its improved counterpart. Designing the transformation process from the initial image to the
improved image is itself a challenge, which means that such pairs must be constructed from scratch
and cannot be directly derived from GPT-4o-distilled T2I data. These two issues make it difficult
to obtain complete IRG datasets at scale. To mitigate the scarcity of fully optimized training data,
we design multiple intermediate training objectives. This is because we only learn the text-based
thinking process during intermediate objective training, in order to avoid low-quality image data
pollution. We expect that, when conditions permit, access to a large quantity of complete IRG data
would lead to even better performance.

2.2.3 INTERLEAVING REASONING DATA CONSTRUCTION

This section introduces the IRGL-300k dataset construction pipeline for the aforementioned six
decomposed learning modes. We utilize one MLLM and the strong image generation model to
construct the dataset for training.

Data for learning the initial reasoning step. For the Initial Thinking Understanding Learning task,
we construct training data from open-source T2I datasets containing prompt–image pairs. First, we
design an initial thinking template, and then instruct a large language model (e.g., Qwen2.5-VL (Bai
et al., 2025b)) to generate a reasoning process that is consistent with both the prompt and the
corresponding image from the original T2I data. Finally, we organize the data according to Eq. 4:
the prompt corresponds to Tin, the image is encoded to obtain features I(1)f , a manually designed
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Table 1: Evaluation of text-to-image generation ability on GenEval benchmark. ‘Gen. Only’
stands for an image generation model, and ‘Unified’ denotes a model that has both understanding
and generation capabilities. † refer to the methods using MLLM rewriter. * means we report the
reproducing results using the official Github repository and checkpoint. The best Overall results are
bolded.

Type Model Single Obj. Two Obj. Counting Colors Position Color Attri. Overall↑

G
en

.O
nl

y

PixArt-α (Chen et al., 2024) 0.98 0.50 0.44 0.80 0.08 0.07 0.48
SDv2.1 (Rombach et al., 2022) 0.98 0.51 0.44 0.85 0.07 0.17 0.50

DALL-E 2 (Ramesh et al., 2022) 0.94 0.66 0.49 0.77 0.10 0.19 0.52
Emu3-Gen (Wang et al., 2024b) 0.98 0.71 0.34 0.81 0.17 0.21 0.54

SDXL (Podell et al., 2024) 0.98 0.74 0.39 0.85 0.15 0.23 0.55
DALL-E 3 (Betker et al., 2023) 0.96 0.87 0.47 0.83 0.43 0.45 0.67

SD3-Medium (Esser et al., 2024) 0.99 0.94 0.72 0.89 0.33 0.60 0.74
FLUX.1-dev† (Labs, 2024) 0.98 0.93 0.75 0.93 0.68 0.65 0.82

U
ni

fie
d

Chameleon (Team, 2024) - - - - - - 0.39
LWM (Liu et al., 2024) 0.93 0.41 0.46 0.79 0.09 0.15 0.47

SEED-X (Ge et al., 2024) 0.97 0.58 0.26 0.80 0.19 0.14 0.49
TokenFlow-XL (Qu et al., 2024) 0.95 0.60 0.41 0.81 0.16 0.24 0.55
ILLUME (Wang et al., 2024a) 0.99 0.86 0.45 0.71 0.39 0.28 0.61

Janus (Wu et al., 2025a) 0.97 0.68 0.30 0.84 0.46 0.42 0.61
Transfusion (Zhou et al., 2024) - - - - - - 0.63

Emu3-Gen†(Wang et al., 2024b) 0.99 0.81 0.42 0.80 0.49 0.45 0.66
Show-o (Xie et al., 2024) 0.98 0.80 0.66 0.84 0.31 0.50 0.68

Janus-Pro-7B (Chen et al., 2025c) 0.99 0.89 0.59 0.90 0.79 0.66 0.80
MetaQuery-XL† (Pan et al., 2025) - - - - - - 0.80

BAGEL* (Deng et al., 2025) 0.99 0.95 0.76 0.87 0.50 0.60 0.78
Show-o2 (Xie et al., 2025b) 1.00 0.87 0.58 0.92 0.52 0.62 0.76

BAGEL w/ self-CoT* (Deng et al., 2025) 0.99 0.92 0.75 0.89 0.54 0.63 0.79
IRG (Ours) 0.98 0.94 0.83 0.86 0.74 0.73 0.85

GPT-4o (OpenAI, 2025c) 0.99 0.92 0.85 0.92 0.75 0.61 0.84

understanding question (e.g., “You have been given one prompt and one image ...”) corresponds to
Tq , and the MLLM-generated initial thinking corresponds to T

(1)
out .

For the Initial Thinking Generation Learning, the initial thinking acquisition pipeline is similar to
the Initial Thinking Understanding Learning task. It uses the prompt and MLLM-generated initial
thinking to obtain the train date (as Eq. 5).

For the Initial Full Learning data, to ensure learning from high-quality image information, we input
the original prompt into a high-quality image generation model (GPT-4o (OpenAI, 2025d)) to produce
a high-quality image, which serves as I

(1)
out in Eq. 6. The initial thinking is obtained in a similar

manner to that described above, by providing the prompt and the GPT-4o-distilled high-quality image
to an MLLM.

Data for learning the improving reasoning step. For generating data for the improving reasoning
step, we encounter a key challenge: given access to a high-quality image to serve as the improved
image, we must determine the source of the initial reasoning step data. We choose to use data
generated by the base model (i.e., BAGEL (Deng et al., 2025)) conditioned on the same prompt as the
initial reasoning step data. This design decision is motivated by two considerations: (1) it provides a
simple and efficient way to obtain multi-turn IRG data at scale, and (2) it allows us to improve the
model’s performance without compromising the original capabilities of the base model.

For the Improving Thinking Understanding Learning task, we first input the prompt into the base
model to generate the initial thinking and the corresponding initial image. We then design an
instructional prompt to guide the MLLM in generating improved thinking based on the base model’s
generated image and the image from the T2I dataset. The model is instructed to produce the improving
thinking according to a predefined template. We adopt a stage-level template (Xu et al., 2024), which
requires the model to first generate a part of the analysis of previous generated image issues. Then,
generate the stages in the format “Detailed Explanation of Required Improvements: ...”, “Step-by-Step
Modification Guidance: ...”, and “Final Comprehensive Prompt for the Improved Image: ...”. Finally,
we organize the original prompt Tin and initial image generated by base model I(1)f , the image in

the T2I dataset I(2)f , a manually designed understanding question (e.g., “You have been given one

prompt and two images ...”) Tq , and the improving thinking T
(2)
out by Eq. 7.

7
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Table 2: Comparison of world knowledge reasoning on WISE. WISE examines the complex
semantic understanding and world knowledge for T2I generation. ‘Gen. Only’ stands for an
image generation model, and ‘Unified’ denotes a model that has both understanding and generation
capabilities. * means we report the reproducing results using the official Github repository and
checkpoint. The best results are bolded.

Type Model Cultural Time Space Biology Physics Chemistry Overall↑

G
en

.O
nl

y

SDv1.5 (Rombach et al., 2022) 0.34 0.35 0.32 0.28 0.29 0.21 0.32
SDXL (Podell et al., 2024) 0.43 0.48 0.47 0.44 0.45 0.27 0.43

SD3.5-large (Esser et al., 2024) 0.44 0.50 0.58 0.44 0.52 0.31 0.46
PixArt-Alpha (Chen et al., 2024) 0.45 0.50 0.48 0.49 0.56 0.34 0.47
playground-v2.5 (Li et al., 2024b) 0.49 0.58 0.55 0.43 0.48 0.33 0.49

FLUX.1-dev (Labs, 2024) 0.48 0.58 0.62 0.42 0.51 0.35 0.50

U
ni

fie
d

Janus (Wu et al., 2025a) 0.16 0.26 0.35 0.28 0.30 0.14 0.23
VILA-U (Wu et al., 2024d) 0.26 0.33 0.37 0.35 0.39 0.23 0.31

Show-o-512 (Xie et al., 2024) 0.28 0.40 0.48 0.30 0.46 0.30 0.35
Janus-Pro-7B (Chen et al., 2025c) 0.30 0.37 0.49 0.36 0.42 0.26 0.35

Emu3 (Wang et al., 2024b) 0.34 0.45 0.48 0.41 0.45 0.27 0.39
MetaQuery-XL (Pan et al., 2025) 0.56 0.55 0.62 0.49 0.63 0.41 0.55

BAGEL (Deng et al., 2025) 0.44 0.55 0.68 0.44 0.60 0.39 0.52
Show-o2* (Xie et al., 2025b) 0.64 0.58 0.61 0.58 0.63 0.49 0.61

BAGEL w/ self-CoT (Deng et al., 2025) 0.76 0.69 0.75 0.65 0.75 0.58 0.70
IRG (Ours) 0.78 0.72 0.76 0.81 0.82 0.78 0.77

GPT-4o (OpenAI, 2025c) 0.81 0.71 0.89 0.83 0.79 0.74 0.80

For the Improving Thinking Generation Learning task, the data is same as Improving Thinking
Understanding Learning, while it use the initial thinking generated by base model as T (1)

out in Eq. 8

In the Improving Full Learning setting, GPT-4o is used to produce the improved image in the
IRG trajectory. Given the prompt and the initial image from the base model, GPT-4o generates a
higher-quality, prompt-consistent image, which we adopt as the improved image I

(2)
out in Eq. 9. An

MLLM is then employed to produce stage-level improving thinking detailing the transformation from
the initial image to the improved image.

2.2.4 INFERENCE STRATEGY

As shown in Fig 2, the model produces a “text–image–text–image” trajectory. This poses a chal-
lenge: in conventional diffusion-based generation models, the CFG-conditioning design is typically
straightforward, such as directly comparing the presence versus absence of the prompt. In contrast,
for our proposed IRG under even only two-turn reasoning pipeline, particularly before generating the
improved image—there are four possible condition sources to compare (i.e., the prompt, the initial rea-
soning, the initial image, and the improving reasoning). Therefore, a customized CFG-conditioning
strategy is required. Based on this, we adopt the framework incorporates two complementary CFG
condition schemes: (1) conditioning with versus without the image information from the initial
generation, and (2) conditioning with versus without the reflection text. In practice, we set the the
guidance scale hyper-parameters in CFG Image condition (versus without the image information) and
CFG text condition (versus without the text information) to 2.0. This strategy helps maintain high
visual quality and fidelity in images produced during the improving reasoning steps, with notable
benefits for generation stability (see Fig 5).

3 EXPERIMENTS

Please refer to Appendix B to obtain the detailed data and training settings. We provide the main
results of IRG in Sec. 3.1 and Appendix C, and then we introduce the detailed ablation study, the
result analysis and the visualization in Sec. 3.2 and Appendix D.

3.1 MAIN RESULTS

Across mainstream benchmarks (e.g., GenEval Ghosh et al. (2023) and WISE Niu et al. (2025)),
IRG consistently surpasses strong unified baselines and self-CoT variants, evidencing benefits of
interleaving reasoning with generation beyond any single metric suite. On GenEval (Tab. 1), IRG
achieves the best Overall 0.85 (+0.07/+0.06 over BAGEL w/ self-CoT), with strong subskills in
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Table 3: Ablation study of IRG. The base method is BAGEL w/ self-CoT. “High-quality Images
Training” means that we directly use the image data of Initial Full Learning and Improving Full
Learning (see Sec. 2.2.2) to train the base model. “Interleaving Reasoning Generation” indicates
that using the full IRG thinking-image trajectories during training. “Decomposed Learning Modes”
means that we train the model in decomposed learning modes with two-stage training.

Model WISE TIIF GenAI-Bench
BAGEL w/ self-CoT (Deng et al., 2025) 0.70 68.06/68.78 0.81

+ High-quality Images Training 0.73 70.69/69.85 0.80
+ Interleaving Reasoning Generation 0.76 73.90/71.37 0.83

+ Decomposed Learning Modes (Ours) 0.77 76.00/73.77 0.84

Table 4: Analysis of single-turn and multi-turn IRG pipeline. “IRG reasoning step 1” means that
the initial image generated by IRG as the evaluation images.

Model
WISE TIIF GenAI-Bench

Score Rank score Score Score
Qwen GPT-4o UnifiedReward Avg. Human

IRG reasoning step 1 0.79 29% ↓ 38% ↓ 43% ↓ 36.7% ↓ 17% ↓ 75.84/73.90 0.84
IRG (Ours) 0.77 71% ↑ 62% ↑ 57% ↑ 63.3% ↑ 74% ↑ 76.00/73.77 0.84

Counting 0.83 and Position 0.74. On WISE (Tab. 2), it sets a unified SOTA of 0.77 (+0.07 over
BAGEL w/ self-CoT), with consistent gains across domains (e.g., Biology 0.81, Physics 0.82). For
more benchmark results, such as TIIF (Wei et al., 2025) (Tab. 5), GenAI-Bench (Li et al., 2024a)
(Tab. 6), and OneIG-EN Chang et al. (2025) (Tab. 7), with more detailed experiment analysis, are
presented in Appendix C.

3.2 EXPERIMENTAL RESULTS ANALYSIS

Ablation study. Tab. 3 isolates the contributions of data and training objectives. Adding high-quality
image training on top of a self-CoT baseline brings moderate improvements (WISE 0.70→0.73,
and TIIF 68.06/68.78→70.69/69.85), while when introduce the IRG pipeline (i.e., using the data
of Initial Full Learning and Improving Full Learning) achieve the significant improvement (0.03
benchmark score improvement in both WISE and GenAI-Bench). Furthermore, adopting IRG with
six decomposed learning modes yields the largest jump (WISE 0.77, TIIF 76.00/73.77, GenAI-Bench
0.84). This supports our hypothesis that text-only thinking supervision (Sec. 2.2.2) is a data-efficient
proxy for scarce full IRG thinking-image trajectories, and that mixing text-based thinking learning,
and full learning modes provides complementary signals.

Analysis of single-turn and multi-turn IRG pipeline. As shown in Tab. 4, two-turn IRG and
the initial generated images achieve similar benchmark scores, and on some benchmarks, initial
generated image even attains slightly higher scores. However, this does not imply that multi-turn
IRG offers no benefits. Our proposed IRG leverages image-conditioned reflection to enhance visual
quality and fine-grained fidelity.

We evaluate the initial generated image and improved image generated by IRG on the WISE bench-
mark by prompting a MLLM to directly compare the two images in terms of generation quality,
fine-grained details, aesthetics, and other visual aspects. To eliminate positional bias, we ran-
domly shuffle the order of the two images presented to the MLLM and repeat the evaluation three
times, reporting the averaged results. Multiple MLLMs are employed as evaluators, including
Qwen2.5-VL-72B (Bai et al., 2025b), GPT-4o (OpenAI, 2025c), and UnifiedReward (Wang et al.,
2025) (using its default pairwise comparison protocol, which incorporates the original task text
prompt). This multiple MLLMs as judge method mitigates evaluator-specific biases and indicates
better generalization of perceived quality.

The ranking study in Tab. 4 shows that the full IRG pipeline improves agreement with multiple
automatic raters compared to the first-step-only variant (average rank score: 63.3% vs. 36.7%),
suggesting that two-turn IRG produces images whose improvements are consistently recognized by
heterogeneous MLLM evaluators.

Furthermore, we recruited three professional human annotators to evaluate the image quality generated
by IRG at reasoning steps 1 and 2 on the WISE benchmark. The annotators were instructed to compare
the quality of two images based on the original prompt, with the order of images from the two IRG
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rounds randomly shuffled. They were allowed to select from three options: ”A is better”, ”B is
better”, or ”Equally good”. As shown in Tab. 4, the human evaluation results demonstrate strong
consistency with the MLLM judge results. Notably, human judges exhibit an even stronger preference
for images generated at IRG reasoning step 2, which validates that IRG can significantly enhance
image generation quality through multi-turn reasoning.

4 CONCLUSION

In this paper, we propose the Interleaving Reasoning Generation (IRG) framework, which generates
high-quality images through a “text–image–text–image” process. Specifically, given a prompt, the
model first produces a text-based reasoning sequence and then generates an image conditioned on
that reasoning. Next, building upon the initial image, the model reflects on how to improve its quality
and produces a refined image through this reflection process. Extensive experiments on mainstream
benchmarks demonstrate significant improvements in generation performance.
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A RELATED WORK

A.1 UNIFIED MULTIMODAL UNDERSTANDING AND GENERATION MODELS

Unified Multimodal Understanding and Generation Models has attracted much attention of the
research community. The mainstream research works can be divide into three categories: (1)
Autoregressive (Wu et al., 2025a; Chen et al., 2025c; Lu et al., 2024; Qu et al., 2024; Team, 2024;
Wang et al., 2024b). These methods adopt the next token prediction paradigm to generate the text and
image token in one unified model. (2) Additional Diffusion (Dong et al., 2024; Wu et al., 2024b; Pan
et al., 2025; Tong et al., 2024). They usually combine a pre-trained LLM backbone with an external
diffusion module. The LLM is then used to obtain the semantic conditions that enable the diffusion
module to generate an image. And (3) Unified Integrated Transformer (Deng et al., 2025; Liang et al.,
2024; Ma et al., 2024; Shi et al., 2024; Zhou et al., 2024). In this category, works typically integrate
the LLM and diffusion models in one transformer model. Our proposed IRG based on the unified
integrated transformer model BAGEL (Deng et al., 2025) due to it was pre-trained on the large -scale
interleaved text–image data. In principle, our proposed IRG framework can be effectively applied to
all of the aforementioned types of unified models, as they naturally handle both interleaved inputs
and interleaved outputs.

A.2 REASONING MODELS

Text-based reasoning models have achieved significant progress in solving a wide range of real-world
tasks (Jaech et al., 2024; Guo et al., 2025a; Huang et al., 2025; Chen et al., 2025b). Recently, several
works have begun to adopt interleaving reasoning to address more complex problems (Huang, 2025;
OpenAI, 2025b;a), i.e., incorporating non-text modalities into multi-turn reasoning processes. In the
text-to-image (T2I) domain, the latest studies explore whether introducing a text-based reasoning
step can enhance image generation performance (Fang et al., 2025; Xiao et al., 2025b; Deng et al.,
2025; Jiang et al., 2025). Our IRG framework is inspired by these advances and seeks to integrate
interleaving reasoning into the T2I generation process. While our approach shares conceptual
similarities with reflection-based T2I methods (Tian et al., 2024; Zhuo et al., 2025; Wu et al., 2025b;
Chern et al., 2025), the key distinction lies in IRG’s dual focus: not only enhancing the semantic
correctness of generated content but also improving visual quality, fine-grained fidelity, and aesthetic
appeal. Furthermore, compared to Self-Correcting with LLM Wu et al. (2024c) and CoT-based
Image Generation Guo et al. (2025b) methods, our proposed IRG offers three key advantages: (1) it
integrates the reflection process into an end-to-end framework instead of relying on external reward
models or LLMs for judgment; (2) it introduces a novel “text-image-text-image” interleaved reasoning
framework that leverages text-based reasoning to guide image generation, rather than solely focusing
on image-based reflection; (3) through broad paradigm learning, it achieves significant improvements
across multiple diverse benchmarks in both semantic correctness and visual quality, whereas existing
methods are typically designed for specific benchmarks (e.g., GenEval) and often neglect actual
image quality.

B EXPERIMENT SETTINGS

IRGL-300k dataset. For the Initial Thinking Understanding Learning, Initial Thinking Generation
Learning, Improving Thinking Understanding Learning, and Improving Thinking Generation Learn-
ing tasks, we use the open-source T2I dataset OSP1024-286k (Lin et al., 2025). For each of the four
tasks, we sample 50K instances from the dataset for data construction.

We employ the GPT-4o-distilled T2I dataset BLIP3o-60k (Chen et al., 2025a) in Initial Full Learning.
For Improving Full Learning, we construct the dataset by distilling GPT-4o with a curated set of
prompts. Specifically, this prompt set is sourced from the training set of T2I-compbench (follow-
ing Jiang et al. (2025)). In addition, for each prompt, we use Qwen3 (Yang et al., 2025) to generate
1–2 complex prompt variants. Furthermore, following Chen et al. (2025a), we construct prompts
from common entities and then use Qwen3 to rewrite each into 2–3 complex variants (we do not use
the original entity prompts directly to obtain the GPT-4o-distilled images). In total, this procedure
produces approximately 30K samples.
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Figure 3: Visualization results of IRG at 1024×1024 resolution. The examples are selected from
WISE (Niu et al., 2025), TIIF (Wei et al., 2025), and GenAI-Bench (Li et al., 2024a).

16



864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917

Under review as a conference paper at ICLR 2026

Figure 4: Visualization comparison results of BAGEL (Deng et al., 2025), BAGEL w/ self-CoT (Deng
et al., 2025), IRG reasoning step 1 and our proposed IRG at 1024×1024 resolution. The examples are
selected from WISE (Niu et al., 2025) and GenAI-Bench (Li et al., 2024a). Red boxes highlight the
fine-grained details that have obvious flaws.

17



918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971

Under review as a conference paper at ICLR 2026

Table 5: Quantitative evaluation results of instruct-following capability on TIIF testmini
(QwenVL2.5-72B as the evaluation). * means we report the reproducing results using the of-
ficial Github repository and checkpoint. The best Overall and Avg. results are bolded.

Model
Overall

Basic Following Advanced Following Designer

Avg Attribute Relation Reasoning Avg Attribute
+Relation

Attribute
+Reasoning

Relation
+Reasoning Style Text Real

World

short long short long short long short long short long short long short long short long short long short long short long short long

FLUX.1-dev (Labs, 2024) 66.24 66.72 74.41 76.67 72.50 75.50 78.20 79.78 72.52 74.73 60.72 60.95 66.76 65.50 61.76 60.74 56.60 57.49 63.33 60.00 44.49 54.75 74.63 72.01

FLUX.1-Pro (Labs, 2024) 63.75 63.53 71.39 73.57 70.00 68.50 68.51 79.97 75.66 72.23 64.63 61.42 70.69 72.99 62.34 57.27 64.65 57.11 63.00 63.00 34.39 36.65 69.94 66.78

DALL-E 3 (Betker et al., 2023) 74.47 72.94 77.35 78.40 77.62 75.00 80.22 79.67 74.22 80.54 70.11 68.45 76.65 75.05 68.39 68.07 63.64 59.92 79.31 80.00 74.07 75.51 76.12 62.69

SD3.5-large (Esser et al., 2024) 68.69 64.92 73.72 72.10 77.50 66.50 74.79 77.16 68.87 72.64 65.59 63.41 70.85 68.22 65.03 62.93 61.03 61.66 56.67 60.00 73.30 46.15 70.15 69.03

PixArt-Σ (Chen et al., 2024) 57.46 57.04 67.74 68.19 65.50 69.50 74.33 72.11 63.40 62.96 56.71 54.52 62.47 59.67 57.51 55.08 54.84 52.64 76.67 73.33 2.71 4.98 63.06 63.06

Lumina-Next (Zhuo et al., 2024) 46.83 51.81 59.62 62.48 49.50 61.50 63.30 65.51 66.04 60.44 43.72 47.20 47.52 51.35 42.65 42.06 44.90 50.87 53.33 66.67 2.71 6.33 51.49 61.57

Hunyuan-DiT (Li et al., 2024c) 49.14 52.67 65.39 67.79 59.00 63.00 79.89 76.82 57.27 63.56 51.61 52.25 62.49 59.93 49.14 45.71 49.38 54.74 53.33 73.33 0.45 2.26 31.34 34.70

Show-o (Xie et al., 2024) 57.34 61.33 69.99 75.30 66.50 80.00 76.47 71.88 67.00 74.04 58.25 58.19 67.21 64.33 54.26 58.86 61.38 56.19 46.67 66.67 4.98 11.31 71.64 68.66

LightGen (Wu et al., 2025c) 52.84 46.42 68.70 53.99 61.00 52.00 73.69 54.52 71.40 50.52 54.10 45.76 66.82 48.37 52.22 42.93 51.07 50.64 43.33 43.33 2.26 10.86 53.73 59.70

SANA 1.5 (Xie et al., 2025a) 62.57 63.48 73.92 72.31 71.50 73.00 82.21 78.39 68.04 65.52 60.36 60.36 65.65 67.33 56.41 56.13 62.20 60.18 66.67 76.67 28.51 23.53 61.94 70.52

Infinity (Han et al., 2025) 60.65 59.66 70.90 71.63 73.00 73.00 73.75 74.44 65.96 67.44 59.80 57.81 68.92 63.78 60.53 56.87 55.04 56.81 56.67 73.33 22.17 26.70 69.78 61.19

Janus-Pro-7B (Chen et al., 2025c) 65.38 61.10 74.99 73.19 74.50 78.00 73.69 70.51 76.77 71.04 61.77 56.03 65.71 66.48 62.01 55.62 61.16 49.34 43.33 70.00 38.46 42.08 79.48 73.51

T2I-R1 (Jiang et al., 2025) 67.61 68.34 81.14 79.45 80.50 78.50 83.09 79.49 79.81 80.37 67.38 65.90 69.92 65.27 70.10 71.62 68.69 64.68 50.00 63.33 32.13 37.56 74.25 74.25

BAGEL (Deng et al., 2025)* 70.97 71.79 78.16 78.12 78.00 79.50 80.24 79.08 76.25 75.77 68.23 68.19 73.37 77.49 64.36 66.15 68.92 61.48 80.00 80.00 40.72 52.40 76.87 74.63

MidJourney v7 (Midjourney, 2025) 65.92 62.43 73.96 74.63 75.00 82.00 78.74 78.51 68.12 68.55 63.44 62.59 70.60 74.03 64.43 59.58 58.84 61.34 66.67 33.33 31.67 34.39 79.22 75.32

Show-o2* (Xie et al., 2025b) 62.80 63.87 75.30 74.45 73.00 71.00 77.22 74.09 75.69 78.25 61.38 66.12 63.47 67.44 62.63 70.31 64.15 60.00 60.00 33.33 14.03 10.86 75.00 74.63

BAGEL w/ self-CoT (Deng et al., 2025)* 68.06 68.78 77.63 79.40 75.00 77.00 78.55 82.37 79.33 78.81 71.24 68.20 77.65 75.37 69.77 65.87 72.93 67.91 69.93 63.33 26.24 26.70 69.78 71.64

IRG (Ours) 76.00 73.77 83.17 81.28 81.00 76.00 82.96 81.86 85.54 85.98 75.25 74.66 75.82 77.25 78.16 77.76 73.84 72.93 90.00 70.00 43.89 47.51 72.76 74.63

GPT-4o (OpenAI, 2025c) 84.19 84.61 85.30 86.55 81.00 82.12 86.16 84.12 88.74 94.50 81.24 79.75 81.95 81.55 80.03 79.85 80.88 75.68 76.67 86.67 92.76 90.05 89.55 88.06

Table 6: GenAI-Bench Evaluation Results. * means we report the reproducing results using the
official Github repository and checkpoint. The best results are bolded.

Model
Basic Prompt Advanced Prompt

Overall↑
Attribute↑ Scene↑ Relation Avg↑ Count↑ Differ↑ Compare↑ Logical Avg↑

Spatial↑ Action↑ Part↑ Negate↑ Universal↑
SD v2.1 (Rombach et al., 2022) 0.80 0.79 0.76 0.77 0.80 0.78 0.68 0.70 0.68 0.54 0.64 0.62 0.70

SD-XL (Podell et al., 2024) 0.84 0.84 0.82 0.83 0.89 0.83 0.71 0.73 0.69 0.50 0.66 0.63 0.73
FLUX.1-dev (Labs, 2024) 0.87 0.88 0.87 0.85 0.87 0.87 0.75 0.78 0.74 0.45 0.70 0.64 0.76

LWM (Liu et al., 2024) 0.63 0.62 0.65 0.63 0.70 0.63 0.59 0.58 0.54 0.49 0.52 0.53 0.58
Show-o (Xie et al., 2024) 0.72 0.72 0.70 0.70 0.75 0.70 0.70 0.62 0.71 0.51 0.65 0.60 0.65

VILA-U (Wu et al., 2024d) 0.78 0.78 0.77 0.78 0.79 0.76 0.70 0.71 0.74 0.53 0.66 0.64 0.70
Liquid (Wu et al., 2024a) – – – – – – 0.76 0.73 0.74 0.46 0.74 0.65 –
UniTok (Ma et al., 2025) – – – – – – 0.76 0.76 0.79 0.46 0.73 0.67 –

Mogao-7B (Liao et al., 2025) – – – – – – 0.77 0.74 0.77 0.53 0.71 0.68 –
Janus-Pro-7B (Ma et al., 2024) 0.85 0.87 0.85 0.84 0.85 0.84 0.73 0.73 0.71 0.48 0.65 0.65 0.75
BAGEL* (Deng et al., 2025) 0.89 0.90 0.89 0.88 0.89 0.89 0.77 0.77 0.79 0.52 0.71 0.68 0.79
T2I-R1 (Jiang et al., 2025) 0.87 0.89 0.89 0.87 0.87 0.88 0.81 0.82 0.78 0.60 0.73 0.73 0.81

Show-o2* (Xie et al., 2025b) 0.85 0.88 0.86 0.87 0.83 0.85 0.74 0.74 0.76 0.43 0.70 0.64 0.75

BAGEL w/ self-CoT* (Deng et al., 2025) 0.86 0.88 0.87 0.87 0.82 0.86 0.81 0.78 0.81 0.66 0.77 0.75 0.81
IRG (Ours) 0.90 0.92 0.91 0.90 0.90 0.90 0.84 0.78 0.83 0.66 0.80 0.77 0.84

We use Qwen2.5VL (Bai et al., 2025b) to generate the initial thinking and improving thinking
processes, while GPT-4o generates high-quality images.

Training settings. We adopt the unified multimodal understanding and generation model
BAGEL (Deng et al., 2025) as our base model. In the first training stage, we train the base model for
2K steps on the six decomposed learning modes using the cross-entropy (CE) loss and mean squared
error (MSE) loss. We then continue training the model for 30K steps on the Initial Full Learning and
Improving Full Learning tasks.

C DETAILED MAIN RESULTS ANALYSIS

To thoroughly assess the visual generation performance of our model, we conduct evaluation on a
series of representative benchmarks that cover complementary aspects of controllable and knowledge-
grounded generation. Together, these benchmarks provide a comprehensive view of our model’s
strengths in alignment, reasoning, stylistic control, and text rendering. In the following, we present
detailed comparisons with SoTA baselines and highlight the improvements achieved by our proposed
IRG model.

GenEval. Tab. 1 reports the quantitative results on the GenEval (Ghosh et al., 2023) bench-
mark, which evaluates compositional T2I generation across diverse object-centric attributes such
as counting, color, and spatial position. We benchmark both generation-only models and unified
understanding–generation models. Among generation-only approaches, FLUX.1-dev achieves the
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Table 7: Quantitative evaluation results on OneIG-EN. The overall score is the average of the five
dimensions. The best results are bolded and the second best results are underlined.

Model Alignment Text Reasoning Style Diversity Overall↑
Janus-Pro (Chen et al., 2025c) 0.553 0.001 0.139 0.276 0.365 0.267
BLIP3-o (Chen et al., 2025a) 0.711 0.013 0.223 0.361 0.229 0.307
BAGEL (Deng et al., 2025) 0.769 0.244 0.173 0.367 0.251 0.361

Show-o2-7B (Xie et al., 2025b) 0.817 0.002 0.226 0.317 0.177 0.308
SDv1.5 (Rombach et al., 2022) 0.565 0.010 0.207 0.383 0.429 0.319

SDXL (Podell et al., 2024) 0.688 0.029 0.237 0.332 0.296 0.316
FLUX.1-dev (Labs, 2024) 0.786 0.523 0.253 0.368 0.238 0.434

SANA-1.5 4.8B (PAG) (Xie et al., 2025a) 0.765 0.069 0.217 0.401 0.216 0.334
Lumina-Image 2.0 (Qin et al., 2025) 0.819 0.106 0.270 0.354 0.216 0.353

BAGEL w/ self-CoT (Deng et al., 2025) 0.793 0.020 0.206 0.390 0.209 0.324
IRG (Ours) 0.839 0.377 0.239 0.427 0.192 0.415

GPT-4o (OpenAI, 2025c) 0.851 0.857 0.345 0.462 0.151 0.533

best performance with an overall score of 0.82. Within the unified category, our proposed IRG
model achieves the best overall score of 0.85, consistently outperforming all baselines across multiple
sub-tasks, including challenging aspects such as counting (0.83) and position (0.74). These results
establish IRG as a new state of the art on GenEval, demonstrating strong controllability and precise
compositional generation capabilities.

WISE. Tab. 2 reports the quantitative results on the WISE (Niu et al., 2025) benchmark, which
evaluates T2I models on complex semantic understanding and world knowledge reasoning across
six domains: culture, time, space, biology, physics, and chemistry. Unlike compositional tests
such as GenEval, WISE focuses on knowledge-grounded generation where models must accurately
reflect real-world semantics in addition to compositional control. Among generation-only models,
FLUX.1-dev achieves the best performance with an overall score of 0.50. Within the unified category,
our proposed IRG model establishes a new state of the art with an overall score of 0.77. It consistently
outperforms prior unified models across all six domains, achieving 0.78 on cultural knowledge, 0.72
on temporal reasoning, 0.76 on spatial understanding, and above 0.80 in biology and physics. These
results indicate that IRG not only improves general controllability but also integrates world knowledge
more effectively than existing approaches, setting a new benchmark for semantic alignment in T2I
generation.

TIIF. Tab. 5 presents the quantitative results on TIIF testmini (Wei et al., 2025), a benchmark
specifically designed to evaluate T2I models’ ability to interpret and accurately follow complex
natural language instructions. The benchmark covers both basic following (attributes, relations,
and reasoning) and advanced following (multi-attribute reasoning, compositional control, stylistic
adherence, and textual rendering), along with a separate evaluation of designer-oriented prompts.
When evaluated with QwenVL2.5-72B as the reference, our IRG model achieves the best overall
performance with scores of 76.00 (short) and 73.77 (long). Notably, IRG demonstrates consistent
improvements in advanced following tasks, achieving 75.25/74.66 on average, and excelling in
compositional cases such as attribute+reasoning (78.16/77.76) and relation+reasoning (73.84/72.93).

Overall, these results highlight the superior instruction-following ability of IRG, which consistently
generalizes across different evaluation settings and significantly outperforms prior open-source
systems, establishing it as a new state of the art in controllable T2I generation.

GenAI-Bench. Tab. 6 reports results on GenAI-Bench (Li et al., 2024a), which probes composi-
tional text-to-visual generation across Basic (Attribute, Scene, and Relation: Spatial/Action/Part) and
Advanced (Count, Differ, Compare, Logical: Negate/Universal) prompts. Our model IRG attains the
best Overall score 0.84, exceeding strong baselines. IRG delivers the strongest overall performance
on GenAI-Bench, combining robust basic grounding (attributes, scenes, relations) with improved
compositional and logical generalization on advanced prompts.

OneIG-EN. Tab. 7 summarizes the quantitative results on OneIG-EN (Chang et al., 2025), the
English track of the OneIG-Bench benchmark that evaluates fine-grained T2I generation along five
dimensions: alignment, text rendering, reasoning, style, and diversity. The final overall score is
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Figure 5: The results of the CFG strategy visualization comparison. “w/ naive CFG” means using the
same CFG strategy as in the image generation process of reasoning step 1 (i.e., applying traditional
prompt-only CFG at reasoning step 2). “w/o CFG text cache” and “w/o CFG image cache” mean that
the tailored CFG text cache and CFG image cache are not used during the improved image generation,
respectively. Our proposed IRG uses a dedicated CFG condition design for the improved image
generation.

Table 8: Early stop comparison of IRG. The base method is BAGEL w/ self-CoT. “IRG w/ early
stop” means that we employ the MLLM model to judge whether the IRG reasoning process can be
terminated early given the prompt (see Sec. D.5).

Model Early stop rate WISE
IRG reasoning step1 - 0.79

IRG (Ours) - 0.77
IRG w/ early stop 71% 0.79

computed as the average across these dimensions. Our IRG model establishes a new state of the
art among open-source approaches with an overall score of (0.415), ranking second only to GPT-4o
(0.533). IRG achieves the best alignment (0.839) and style (0.427) scores, and maintains balanced
performance across reasoning (0.239) and text rendering (0.377). These results indicate that IRG not
only excels in faithfully aligning with user prompts but also produces aesthetically consistent outputs,
demonstrating its superior general-purpose generation capability.

D MORE DETAILED EXPERIMENTAL RESULTS ANALYSIS

D.1 VISUALIZATION COMPARISON RESULTS.

As shown in Fig 3, our proposed IRG demonstrates the strong ability to generate the images with
high visual quality, fine-grained details, and aesthetic aspects. As illustrated in Fig. 4, compared to
BAGEL and BAGEL w/ self-CoT, our proposed IRG achieves superior generation quality and visual
fidelity. Moreover, relative to the first-turn generated images, the reflection step in IRG improves
the visual quality and fine-grained fidelity of the initially generated images. For example, enhancing
suboptimal textures and refining details that were previously poorly rendered. This demonstrates
that IRG not only produces images that are semantically correct but also places strong emphasis on
fine-detail quality in the generated content.
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Figure 6: Visualization of the misalignment between benchmark scores and image quality. In this
case, IRG reasoning step 2 correctly improves the leaf colors compared to step 1 (where trees had
incorrect colors), yet the WISE benchmark score remains identical. This illustrates that standard
benchmarks may fail to capture fine-grained visual improvements that are aligned with human and
MLLM preferences.

D.2 CFG STRATEGY.

In Fig. 5, we compare the different CFG strategies in situations that affect improved image generation
quality. It is clear that the dedicated CFG condition strategy combining the CFG text condition
(conditioning with versus without the initial image information) and the CFG image condition
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Figure 7: Qualitative comparison of dataset construction using different foundation models. We com-
pare the refinement capabilities of the open-source Hunyuan-Image-3.0 against GPT-4o. The results
indicate that open-source models can effectively perform the reasoning-driven image improvement
steps, validating the feasibility of reproducing the dataset construction using open-source resources.

Table 9: Results of extension to more reasoning steps.

Model WISE TIIF GenAI-Bench
IRG reasoning step 1 0.79 75.84/73.90 0.84

IRG reasoning step 2 (Ours) 0.77 76.00/73.77 0.84
IRG reasoning step 3 0.76 74.23/72.96 0.83
IRG reasoning step 4 0.75 74.41/72.81 0.83

(conditioning with versus without the reflection text) achieves the best visual quality and stability of
generated images.

D.3 RELATION IN BENCHMARK SCORE AND IMAGE QUALITY.

We conducted further analysis, and the results demonstrate that all three MLLMs and three human
annotators consistently prefer images generated at IRG reasoning step 2 over step 1. Notably, in the
case shown in Fig. 6, IRG reasoning step 1 generated trees with incorrect leaf colors, which were
correctly improved in step 2, yet the WISE benchmark scores remained identical. This phenomenon
confirms that benchmark scores do not necessarily reflect image quality. The misalignment between
text-to-image generation benchmark scores and actual image quality has been a persistent challenge
in the field, which the community continues to address. We recognize that standard benchmarks
are often insensitive to fine-grained visual improvements and supplement them with multi-MLLM
evaluator comparisons, providing convincing qualitative and quantitative validation.

D.4 OPEN-SOURCE MODEL FOR DATASET CONDUCTION.

We further investigate the feasibility of utilizing open-source models for constructing the IRGL
dataset to ensure accessibility and reproducibility. Fig. 7 presents a comparative analysis of cases
generated using the open-source model Hunyuan-Image-3.0 Cao et al. (2025) versus the proprietary
GPT-4o. The results demonstrate that the open-source model is equally capable of reasoning and
achieving significant, semantically correct improvements over the initial generation. This empirical
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Table 10: More detailed ablation study of IRG. “- Understanding Learning in Stage1 Training”
means that we convert all Understanding Learning data to Generation Learning and performing
Stage 1 training with the same number of steps. “- Full Learning in Stage1 Training” means that
we conduct an ablation study removing image learning (Initial Full Learning and Improving Full
Learning) during Stage 1 training.

Model
WISE TIIF GenAI-Bench

Score Rank score Score Score
Qwen GPT-4o UnifiedReward Avg.

IRG (Ours) 0.77 53% ↑ 51% ↑ 51% ↑ 51.7% ↑ 76.00/73.77 0.84

- Understanding Learning in Stage1 Training 0.77 47% ↓ 49% ↓ 49% ↓ 48.3% ↓ 75.34/73.51 0.84
- Full Learning in Stage1 Training 0.56 - - - - 55.82/54.31 0.72

Figure 8: Visualization of the early stopping phenomenon. The figure illustrates a scenario where the
reasoning process is terminated at Step 0, despite the subsequent Step 1 (shown below) demonstrating
clear improvements in detail and alignment. This highlights a limitation where the stopping criterion
rejects valid refinements.

evidence supports the viability of our data construction pipeline using open-weight models, indicating
that the proposed method is not dependent on specific proprietary APIs.

D.5 EARLY STOP.

Regarding whether generation can be completed at the first stage, we conducted an experimental study
on the WISE benchmark. We employed the Qwen3-VL Bai et al. (2025a) model to judge whether the
IRG reasoning process can be terminated early, given the prompt. The results are presented in Tab. 8,
introducing an MLLM to judge early termination is feasible (at least without degrading benchmark
metrics). However, this introduces a fundamental issue: the MLLM lacks reference information,
making it difficult to determine whether subsequent IRG steps will yield further improvements,
potentially leading to erroneous judgments.
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Figure 9: Qualitative analysis of failure cases. This figure illustrates scenarios where the reasoning
and refinement process yields suboptimal results. Green boxes denote areas where local improvements
were successful, while red boxes indicate regions where the intended corrections failed or introduced
new artifacts. These cases highlight the challenges of subjective preference and complex constraint
satisfaction.

Table 11: Inference cost of IRG.

IRG reasoning step 1 IRG reasoning step 2
Inference latency 29.79s 60.58s

Peak GPU memory 28.23GB 29.35GB

As shown in Fig. 8,We observe instances where the MLLM-based discriminator triggers an early stop,
terminating the inference process prematurely. In these cases, the discriminator halts the reasoning
loop even when a subsequent refinement step yields a result with superior visual quality or better
prompt alignment than the retained image. This phenomenon suggests that while the current stopping
policy effectively prevents degradation, it can occasionally be overly conservative. Enhancing the
discriminator’s ability to recognize subtle but meaningful improvements remains a promising avenue
for future research.

D.6 ERROR ANALYSIS AND FAILURE MODES.

Visualization results (Fig. 1 and Fig. 4) reveal remaining failure patterns: (1) Micro-structure
saturation on repetitive textures (e.g., fabrics, foliage), where the improving step occasionally over-
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Figure 10: Visualization of extended reasoning steps. The figure displays the progression of generated
images across additional iterations (e.g., Step 3 and Step 4). While the model continues to refine the
image, the marginal gains decrease after the initial steps, validating the effectiveness of the proposed
stopping criteria.

smooths high-frequency details; (2) Text rendering drift under dense constraints, where the refinement
trades legibility for stylistic coherence; (3) Global-local tension in crowded scenes, where local edits
improve parts while slightly perturbing global layout. We find these are most pronounced when T

(2)
out

introduces many simultaneous edits; a conservative editing policy improves stability but may cap the
attainable gains.

We further present a detailed breakdown of failure instances in Fig. 9. In these scenarios, the model
attempts to address defects identified in the initial generation (Step 1). While certain regions are
successfully rectified (highlighted in green boxes), other intended improvements fail to materialize or
are executed incorrectly (highlighted in red boxes). Additionally, we observe instances where the
refinement is inherently subjective; in such cases, human evaluators may prefer the initial generation
despite the semantic adjustments made during the reasoning steps. Notwithstanding these specific
failure modes, our quantitative evaluation confirms that the proposed method yields improvements
aligned with human preference in the majority of cases.

D.7 EXTENDING TO MORE STEPS OF REASONING.

We further investigate the behavior of our framework when extending the inference process to
additional reasoning steps beyond the default configuration. As presented in Tab. 9, the results show
that extending to more rounds leads to a slight decrease in IRG’s benchmark scores. We attribute this
to the fact that IRG is trained only on two-round data. Additionally, since IRG already substantially
improves image quality by the second round, subsequent improvements are relatively minor, and
potential error accumulation may lead to slight performance degradation.

As shown in Fig. 10, the model remains capable of performing valid reasoning and modification
in subsequent iterations. However, empirical observations suggest that the most significant quality
improvements are typically achieved within the initial refinement steps. Extending the process
further tends to yield diminishing returns regarding prompt alignment and visual fidelity, and in some
instances, may lead to over-editing. This analysis supports the efficiency of our dynamic stopping
mechanism, which balances generation quality with computational cost.
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D.8 MORE DETAILED ABLATION STUDY AND ANALYSIS.

For the more motivation analysis of Decomposed Learning Modes, Both Understanding Learning and
Generation Learning are designed to enable the model to learn text-based reasoning capabilities, with
key distinctions in their approaches. Understanding Learning directly learns text-based reasoning
grounded in visual information. For instance, Initial Thinking Understanding Learning learns to
generate initial thinking given an image, while Improving Thinking Understanding Learning learns
to produce improving thinking given both first and second round images. In contrast, Generation
Learning is designed to directly simulate the actual IRG reasoning process. For example, Initial
Thinking Generation Learning mimics generating initial thinking directly from the given prompt,
while Improving Thinking Generation Learning generates improving thinking based on the previously
generated image and reasoning chain. This design is motivated by the intuition and empirical
observation that learning thinking with visual reference versus learning thinking directly from
text poses different learning challenges for the model–the former benefits from contrastive visual
references, while the latter requires reasoning with more limited information. Additionally, during
Stage 1 training, we observed that these two training approaches exhibit different convergence
characteristics.

As shown in Tab. 10, The results demonstrate that employing both Understanding Learning and Gen-
eration Learning during Stage 1 versus using only Generation Learning achieves similar benchmark
scores. However, in MLLM-based image quality judgments, IRG slightly outperforms the variant
without Understanding Learning. For the ablation of whether removing image learning during Stage 1
training, this ablation study explicitly demonstrates the necessity of incorporating full thinking-image
trajectories during Stage 1 training.

D.9 INFERENCE COST OF IRG.

As shown in Tab. 11, the two-step reasoning process of IRG does introduce additional inference
overhead. However, this overhead primarily manifests in inference latency rather than peak GPU
memory consumption (where the majority of GPU memory is occupied by model parameter loading).
In this scenario, deploying this model for interleaved reasoning generation in practical applications is
generally not constrained, as it does not require substantially additional GPU memory that would limit
device deployment. The primary impact is on generation latency, which aligns with the bottleneck
observed in LLM reasoning models.

Furthermore, we would like to clarify that this additional overhead is an inherent characteristic of
test-time scaling techniques. When we aim to enhance model performance through inference-time
techniques, such overhead is expected and unavoidable compared to non-reasoning models, and is not
a limitation unique to our approach. Our proposed IRG introduces both text-based and visual-based
reasoning into the text-to-image generation domain, representing an innovative contribution to this
field and providing a powerful new paradigm for further enhancing generative model capabilities.

D.10 FULL CASE VISUALIZATION.

We provide comprehensive visualizations of the full inference process in Fig. 11 and 12. These
figures display the intermediate reasoning outputs, including the generated images at each step, the
corresponding critique and reasoning traces provided by the MLLM, and the refined prompts used for
subsequent generation. This transparent view of the interleaving process highlights how the model
iteratively identifies specific issues–such as spatial inconsistencies or missing details—and corrects
them to align better with the user’s intent.

E LLM USAGE

In this paper, we have used an LLM to refine some sentences and improve the grammar, making the
paper more academic.
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Figure 11: Full case visualization (Part I). This figure illustrates the complete reasoning chain for
selected samples. It shows the input prompt, the initial image generation, the specific reasoning
feedback (critique) generated by the model, and the resulting improved image. This demonstrates the
model’s ability to self-correct based on its own reasoning.
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Figure 12: Full case visualization (Part II). Additional examples of the iterative refinement process.
The visualization highlights how the interleaving reasoning mechanism effectively handles complex
prompts by breaking down the generation into manageable refinement steps, ensuring high fidelity to
the text description.

28


	Introduction
	Method
	Preliminaries and Notations
	Interleaving Reasoning Generation
	Overview
	Interleaving Reasoning Generation Learning
	Interleaving Reasoning Data Construction
	Inference Strategy


	Experiments
	Main Results
	Experimental Results Analysis

	Conclusion
	Related Work
	Unified Multimodal Understanding and Generation Models
	Reasoning Models

	Experiment Settings
	Detailed Main Results Analysis
	More Detailed Experimental Results Analysis
	Visualization comparison results.
	CFG strategy.
	Relation in benchmark score and image quality.
	Open-source model for dataset conduction.
	Early stop.
	Error analysis and failure modes.
	Extending to more steps of reasoning.
	More detailed ablation study and analysis.
	Inference cost of IRG.
	Full case visualization.

	LLM Usage

