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ABSTRACT

Unified generative models have shown remarkable performance in both text and
image generation. When faced with image synthesis tasks, they adopt straightfor-
ward text-to-image (T2I) generation. However, we find that direct T2I generation
limits unified generative models in handling complex compositional instructions.
Such instructions frequently occur in realistic application scenarios. Although this
is a vital issue, existing works predominantly focus on improving the basic image
generation capability of unified generative models. While improvements in basic
image generation can contribute to complex image generation to some extent, they
still fail to adequately resolve the problem. Inspired by Chain of Thought (CoT)
solving complex problems in a step-by-step manner, this work aims to introduce
CoT into unified generative models to address the challenges of complex image
generation that direct T2I generation cannot effectively solve, thereby endowing
models with enhanced image generation ability. To achieve this, we first introduce
Functionality-oriented eXperts (FoXperts), an expert-parallel architecture in our
model FoX, which assigns experts based on function. In this way, FoXperts dis-
entangles the potential conflicts in current mainstream modality-oriented designs
and provides a sound foundation for CoT. When introducing CoT, the first ques-
tion is how to design a CoT approach specifically for complex image generation.
To this end, we emulate a human-like artistic workflow—planning, acting, reflec-
tion, and correction—and propose the Multimodal Chain of Thought (MCoT)
approach, since the data here involves multiple modalities (text and image). In
response to the subsequent challenge—how to design an effective MCoT train-
ing paradigm—we develop a multi-task joint training paradigm that equips the
model with all capabilities required for each MCoT step in a disentangled manner.
This paradigm overcomes the difficulty and impracticality of collecting consistent
multi-step data tuples for training. Extensive experiments demonstrate that FoX
consistently outperforms existing unified models on various T2I benchmarks, de-
livering notable quantitative improvements in complex image generation.

1 INTRODUCTION

Unified generative models (Kondratyuk et al., 2023; He et al., 2024; Bachmann et al., 2024; Zhou
et al., 2024b), particularly GPT-5 (OpenAI, 2025), have recently demonstrated superior capabilities
in understanding and generating multimodal information, e.g., linguistic and visual data. On im-
age generation tasks, these models utilize straightforward text-to-image (T2I) generation and often
achieve comparable or even superior performance to pure diffusion models (Rombach et al., 2022;
Podell et al., 2024; Esser et al., 2024a). However, when faced with complex compositional instruc-
tions such as multi-object co-occurrence, attribute binding, or spatial constraints, straightforward
T2I generation limits the performance of unified generative models. As illustrated in the first row
of Figure 1, results produced by our model FoX with direct T2I generation reveal several limita-
tions, including concept confusion in multi-object scenarios, failures even when only two objects
are involved, attribute errors such as misaligned color binding, spatial inconsistencies like incorrect
positioning, and object defects such as incomplete structures.
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Attribute Confusion Object DefectSpatial ConfusionConcept Confusion

(a)

(b)

a baseball bat 
and a fork

a blue clock and 
a white cup

a scissors and
a bowl

a book above
a laptop

a spoon, a laptop, 
a chair and a 

sheep

a blue cell phone, 
a green apple and 

a white cup

an orange toothbrush 
above of a yellow car, 
and a brown bus on 
the right

a bicycle, a cup
and a carrot

Figure 1: Limitations of straightforward text-to-image (T2I) generation. (a) The results generated
by FoX with T2I generation illustrate confusion and defects. (b) The results generated by FoX with
MCoT effectively address these issues.

Although such complex compositional instructions frequently occur in realistic application scenar-
ios and constitute a vital issue, existing works predominantly focus on improving the basic image
generation capability of unified generative models. In general, prior works mainly improve basic im-
age generation ability by refining model architectures. Prior works (Ding et al., 2021; Team, 2024b;
Lu et al., 2024; Kondratyuk et al., 2023) employ next-token prediction frameworks that represent all
modalities, including visual data, as discrete tokens. However, such discrete tokenization approaches
do not align with the continuous nature of images and videos, thereby limiting the visual generative
potential. To address these limitations, subsequent studies (Zhou et al., 2024b; Xiao et al., 2024; Ma
et al., 2024) explore hybrid generative architectures that treat text as discrete tokens in an autore-
gressive manner while processing images as continuous signals via diffusion. Furthermore, recent
works design parallel experts assigned to modalities, namely modality-oriented architectures (Shi
et al., 2024; Liang et al., 2024). While improvements on basic image generation, introduced by such
architectural iterations, may contribute to complex image generation to some extent, they still fail to
adequately resolve the problem.

Inspired by Chain of Thought (CoT) (Wei et al., 2022) effectively solving complex problems, we
introduce CoT into unified generative models to similarly address complex image generation. Since
CoT decomposes a complex task into simpler steps that can be more easily handled, it naturally
suited for this challenge that direct T2I generation struggles with. To support CoT, we propose
Functionality-oriented eXperts (FoXperts) as the architecture of our model FoX (Figure 2.a), de-
signed to enhance fundamental visual understanding and generation capabilities, thereby providing
a solid foundation for CoT in image generation. Unlike modality-oriented architectures that use a
single shared visual expert for both tasks, FoXperts assign experts by function, dedicating separate
experts to understanding and generation. This design disentangles potential functional conflicts in a
single shared expert, which is otherwise jointly optimized for fundamentally different objectives—
understanding (comprehension loss) and generation (diffusion loss).

Building on this, we introduce CoT, but another question arises: how to design a CoT approach
specifically for complex image generation. Currently, CoT methods can be categorized into two
types. One type is learned entirely through end-to-end training (Guo et al., 2025a; Lightman et al.,
2023), which cannot be adopted here due to the lack of multi-step data for training CoT in image
generation. The other type follows a human-defined key steps manner, where complex tasks are
decomposed into human-defined subproblems (Zhou et al., 2023; Jiang et al., 2024; Mitra et al.,
2024; Xu et al., 2024; Guo et al., 2025b; Zhao et al., 2025), but these are mainly designed for specific
tasks and are not compatible with our scenario. Therefore, we follow the second manner and propose
our Multimodal Chain of Thought (MCoT) approach for complex image generation, as the data
involves multiple modalities (text and image). MCoT consists of four key steps—planning, acting,
reflection, and correction—whose stepwise decomposition emulates a human artistic workflow, as
shown in Figure 2.(b).

Furthermore, in response to the subsequent challenge of designing an effective MCoT training
paradigm, we propose a multi-task joint training approach. This paradigm disentangles end-to-end
training into separate subtasks, avoiding the need for consistent multi-step data tuples. As illustrated
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<Caption Planning>
The image depicts a train station with a blue and white train
on the tracks. The train is positioned on the left side of the

image, and the platform is visible in the foreground. The
platform has a yellow safety line. The station appears to be
outdoors, with trees and utility poles in the background. The
sky is overcast, and the overall scene suggests a typical day

at a train station.

Text Tokenizer

The cutest shiba inu sitting on
the ground with fallen leaves.

VAE
VAE

Text Image for 
Understanding

Image for 
Generation

<img> </img> <img> </img>

<img> </img> <img> ...
Next Token Prediction Noise Prediction

Router

LayerNorm LayerNorm LayerNorm

QKV QKV QKV

Linguistic
Expert

Semantic
Visual Expert

Generative 
Visual Expert

Multimodal Attention

Attention

LayerNorm LayerNorm LayerNorm

FFN FFN FFN

RouterFFNFunctionality-oriented eXperts (FoXperts)

Noise

    Multimodal Chain of Thought for Image Generation ②ACTING ③REFLECTION

④CORRECTION

(a)

(b)

<Layout Planning>
[{"a train.": "0.002,0.002,0.682,0.992"}, ...... ]

<User Input>
Generate image with caption:  a photo of a train

Plan then generate: give dense caption and layout then draw

<Artifact Map>

<Artifact Reflection>
Detect artifact in image: 

caption: 
a photo of a train

image: 
<|img_start|> ... <|img_end|>

<Artifact Correction>
Inpainting image with mask: 

caption and layout:
{"densecaption": "...", "bbox": ... }

masked image:
<|img_start|> ... <|img_end|>

①PLANNING

Figure 2: Overall Framework for FoX. (a) The illustration of architecture, highlighting FoXperts as
the core component. (b) The illustration of MCoT approach for enhanced image generation.

in Figure 2.(b), a complete tuple includes {input prompt, detailed planning caption, layout planning
boxes, first “wrong” image, artifact map, final “correct” image}. While available datasets provide
only prompt-image pairs, we can use VLMs and detection models to generate planning captions and
layout boxes. It is highly challenging to create the first “wrong” image that consistently aligns with
the prompt, planning, and final image, while containing realistic errors for subsequent reflection and
correction steps as shown in Figure 2.(b). Therefore, we avoid this obstacle by training the model in
a disentangled manner, where data for each step is easily obtainable.

In summary, our main contributions are as follows:

• We introduce FoX, a unified generative model with a Functionality-oriented eXperts architecture
that alleviates function-domain conflicts in modality-oriented designs, while seamlessly integrat-
ing both understanding and generation across textual and visual modalities.

• We propose a MCoT approach for enhanced image generation, together with a multi-task joint
training paradigm that activates MCoT capabilities in a disentangled manner, thereby overcoming
the challenge of collecting consistent multi-step data tuples.

• FoX exhibits explicit reasoning capability for image generation, enabling effective decomposition
of complex problems and achieving improved performance across diverse benchmarks, including
GenEval, T2I-CompBench, MS-COCO, VQA-v2, MME, and MMBench.

2 RELATED WORKS

Diffusion Models. Recent advancements in diffusion models have been remarkable, with notable
contributions from the Stable Diffusion (SD) series (Rombach et al., 2022; Podell et al., 2024; Esser
et al., 2024a), DALL-E (Ramesh et al., 2022; Betker et al., 2023b), and Imagen (Ho et al., 2022).
These models are primarily developed for text-to-image generation. Subsequent efforts such as
ControlNet (Zhang et al., 2023a), T2I-Adapter (Mou et al., 2024), and StyleShot (Gao et al., 2024)
further extend their controllability and adaptability. However, diffusion models remain confined to
image generation and lack broader multimodal generative capabilities.
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Generative Foundation Models. In natural language generation, the GPT series (OpenAI, 2023)
has shown that large language models (LLMs) can acquire broad task-solving abilities through large-
scale training. Extending beyond language, vision language models (VLMs) (Liu et al., 2023; Chen
et al., 2024; Bai et al., 2025) integrate vision and language understanding but lack image gen-
eration capability. To address this, some works couple LLMs with diffusion models (Sun et al.,
2024a; Ge et al., 2024b; Wu et al., 2024b), while others employ discrete tokens to support both text
and image generation (Team, 2024a; Lu et al., 2024), though with limited image quality. Hybrid
generative models (Zhou et al., 2024a; Xie et al., 2024b) further unify autoregressive text gener-
ation and diffusion-based image generation. More recently, methods such as MoT (Liang et al.,
2024) and LMFusion (Shi et al., 2024) propose modality-oriented architectures that assign experts
to each modality, thus alleviating modality conflicts and improving text and image generation per-
formance. However, such a design still suffers from function-domain conflicts. While methods
like BAGEL (Deng et al., 2025) attempt to mitigate function-domain conflicts but instead introduce
modality conflicts (by placing text and image modalities within the same branch), leading to perfor-
mance degradation, as empirically evidenced in BAGEL’s backbone work MoT. In response to this,
we propose FoXperts, which maintains complete text–image modality separation while additionally
introducing function-specific separation for image understanding and generation.

Chain of Thought (CoT). CoT (Wei et al., 2022) improves model performance on complex tasks
by enabling step-by-step reasoning. It has been extensively studied in language models (Wei et al.,
2022; Geva et al., 2021; Lightman et al., 2023; Guo et al., 2025a) and increasingly adopted in other
domains (Mitra et al., 2024; Zhao et al., 2025), yet remains underexplored in image generation. Ex-
isting CoT approaches can be broadly categorized into two types: (1) Learned entirely end-to-end,
where reasoning ability emerges purely from training (e.g., DeepSeek-R1 (Guo et al., 2025a), Ope-
nAI o1 (Lightman et al., 2023)), which cannot be adopted here due to the lack of multi-step data for
end-to-end training CoT in image generation; and (2) Human-defined for key steps, where complex
tasks are decomposed into human-defined key subproblems, as in (Zhou et al., 2023; Jiang et al.,
2024; Mitra et al., 2024; Xu et al., 2024; Guo et al., 2025b; Zhao et al., 2025), covering LLMs,
VLMs, vision-language-action models (VLA), and large multimodal models (LMMs), which are
mainly designed for specific tasks and are not compatible with our scenario. Previous human-defined
CoT works such as CoT-VLA (Zhao et al., 2025) are specifically designed for robotic tasks, render-
ing them fundamentally incompatible with our complex image generation setting. Recently, several
human-defined CoT methods for image generation are proposed, such as T2I-R1 (Jiang et al., 2025)
and GoT-R1 (Duan et al., 2025). Although these approaches utilize the planning mechanism to en-
hance generation capabilities, they overlook a critical challenge in complex image generation: mod-
els equipped with the planning mechanism may still fail to render all image components perfectly
in a single generation attempt, leaving residual image defects as illustrated in Figure 3. In response
to this, we enhance the planning pipeline by integrating our reflection-correction mechanism, which
alleviates residual image defects and thus leads to performance improvements on complex image
generation benchmarks, as empirically validated in Sec. 4.5.

3 METHOD

3.1 PRELIMINARIES

Language Modeling. Let z = (z1, . . . , zN ) ∈ V N denote a sequence of discrete tokens drawn
from a vocabulary V . Autoregressive language models factorize the joint distribution of these tokens
using a causal decomposition:

P (z) =

N∏
i=1

Pθ(zi | z<i), (1)

where θ parameterizes the conditional distributions. This factorization allows the model to predict
the next token based on all previously generated tokens. Training of the language model aims to
minimize the negative log-likelihood over the dataset:

LLM = Ez∼D

[
−

N∑
i=1

logPθ(zi | z<i)

]
. (2)

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

Under review as a conference paper at ICLR 2026

For multimodal data, such as image-caption pairs (x, c), the model conditions each token not only
on previous tokens z<i but also on visual features extracted from the image: Pθ(zi | z<i, ϕ(x)),
where ϕ(·) denotes the visual encoder.

Rectified Flow defines a deterministic generative process for image data. Given images x ∼ D and
Gaussian noise ϵ ∼ N (0, I), we construct linear trajectories between noise and data:

xt = tx+ (1− t)ϵ, t ∈ [0, 1]. (3)

The velocity field model vθ predicts straightening directions through:

LRF = Et∼U(0,1),x,ϵ,c

[
∥(x− ϵ)− vθ(xt, t, c)∥22

]
, (4)

which contrasts with the stochastic differential equations used in Denoising Diffusion Probabilistic
Models (DDPM) by employing deterministic optimal transport paths.

3.2 INPUT REPRESENTATION

Text inputs T are transformed into an embedding sequence xtext ∈ RL×d using Qwen2’s tok-
enizer (Bai et al., 2023), where L is the sequence length and d s the embedding dimension. An
image I ∈ RH×W×3, with height H and width W , is encoded into a latent representation using
SD3’s Variational Autoencoder (VAE) (Esser et al., 2024b). Following the approach from Transfu-
sion (Zhou et al., 2024b), we compress 2× 2 patches into a single vector, resulting in image tokens
ximage ∈ RH

16×
W
16×d after linear projection, where each token corresponds to a 16 × 16 pixel patch

of the original image. We use the same VAE for image understanding tasks, consistent with prior
works (TransFusion (Zhou et al., 2024b), LMFusion (Shi et al., 2024)). It preserves fine-grained,
structurally rich visual features to facilitate detailed perception and may benefit MCoT steps like the
reflection phase. To accommodate and differentiate the newly introduced image representations, we
have expanded the original vocabulary of Qwen2, which consists of 151,936 entities, by incorporat-
ing 6 functional special tokens.

3.3 FUNCTIONALITY-ORIENTED EXPERTS

To provide a sound foundation for MCoT, we first introduce Functionality-oriented eXperts (FoX-
perts), an expert-parallel architecture that assigns experts based on function. In this way, FoXperts
disentangle the potential conflicts in current mainstream modality-oriented designs. We find that pre-
dominant modality-oriented architectures (Liang et al., 2024; Shi et al., 2024) assign experts solely
based on modality and handle both visual understanding and generation tasks within a single shared
visual expert. However, visual understanding and visual generation pursue fundamentally different
objectives: the former aligns image features with text for task performance, optimized by objec-
tives such as Eq. 2, while the latter focuses on noise prediction for denoising, optimized by Eq. 4.
Requiring a single shared expert to address both inevitably can lead to functional domain conflicts.
Additionally, our functionality-oriented design motivation is also supported by prior work (Zhang
et al., 2023b), which demonstrates emergent modularity in pre-trained Transformers, where neurons
naturally cluster into functionally specialized modules, consistent with our approach.

In detail, FoXperts retain a unified text branch Linguistic Expert, since text understanding and gen-
eration share identical optimization objectives. For vision, however, we introduce two separate
branches: a Semantic Vision Expert for visual understanding and a Generative Vision Expert for
visual generation, each optimized with distinct objectives. The Linguistic Expert is essentially iden-
tical to Qwen2, initialized from the pre-trained Qwen2-0.5B model to preserve text-related capabili-
ties. The initialization of the two visual experts, along with the detailed training strategy, is provided
in Appendix C. All experts consist of L layers with structurally consistent designs. Each expert
maintains independent weights for all non-embedding parameters, including projection matrices in
the attention module, feed-forward networks, and layer normalization, while sharing the multimodal
routing module and the global multimodal attention module.

3.4 FORWARD PROCESS

Denote the input as x = xT ⊕xC ⊕xN , where xT , xC , xN correspond to text tokens xtext, clean
image tokens xclean, and noise tokens xnoised, respectively. The forward pass of a single FoXperts
layer can then be expressed as:

5
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Reflection Correction

"dense caption":
“The image shows four ceramic bowls arranged in a 2x2 grid on a light-colored 
surface. Each bowl has a unique color and texture: Top left: …. Top right: …. Bottom 
left: …. Bottom right: …. The bowls have a glossy finish, and the lighting highlights 
their smooth surfaces and the subtle variations in color and texture.”
"bbox": 
[{"four bowls.": "0.135,0.135,0.457,0.455"}, {"four bowls.": 
"0.549,0.545,0.873,0.867"}, {"four bowls.": "0.146,0.555,0.461,0.863"}, {"four 
bowls.": "0.543,0.119,0.875,0.457"}]

Generate image with caption:
a photo of three bowls
Plan then generate: give dense 
caption and layout then draw

"dense caption": 
" The image shows a skateboard with a bright orange hue, placed on a textured 
surface. Next to the skateboard, there is a hot dog with a bun, topped with various 
condiments, including mustard, ketchup, and relish. The hot dog is placed on the same 
surface as the skateboard. ”

"bbox": 
[{"a skateboard.": "0.139,0.0,0.488,0.996"}, {"a hot dog.": "0.605,0.346,0.719,0.688"}]

Generate image with caption:
a photo of a hot dog right of a 
skateboard
Plan then generate: give dense 
caption and layout then draw

"dense caption": 
“The image shows a small bird perched on a branch, with a pair of scissors positioned 
next to it. The bird appears to be a small passerine, possibly a sparrow or a similar 
species, with a gray and yellow plumage. The scissors are closed,  having black 
handles. The background is a blurred, textured surface, likely a wall or a piece of 
fabric.”

"bbox": 
[{"a bird.": "0.344,0.475,0.576,0.762"}, {"a scissors.": "0.588,0.219,0.85,0.852"}]

Generate image with caption:
a photo of scissors and a bird
Plan then generate: give dense 
caption and layout then draw

Input Planning Acting

"dense caption":
" The image depicts a still life arrangement on a table. On the left side, there is a 
ceramic vase with handles, containing a cluster of delicate green foliage. The vase has 
a muted, earthy hue with a smooth surface. To the right of the vase, there is a dark -
colored spoon lying on the table. The background is a plain, light - colored wall, and 
the lighting creates soft shadows, giving the scene a serene and minimalist aesthetic."

"bbox": 
[{"a vase.": "0.188,0.533,0.432,0.85"}, {"a spoon.": "0.195,0.82,0.639,0.896"}]

Generate image with caption:
a photo of a vase and a spoon 
Plan then generate: give dense 
caption and layout then draw

Figure 3: Examples of the full MCoT process. Each row shows a type of image defect that can be
corrected through the reflection and correction steps. From top to bottom: Structural Incomplete-
ness, Object Entanglement, Object Redundancy, and Object Distortion.

x̂i = Wi(Router(LN(x))), i ∈ {T,C,N}
x̂q,k,v
i = WQ,K,V

i (x̂i), i ∈ {T,C,N}
x̂rep = x̂rep

T ⊕ x̂rep
C ⊕ x̂rep

N , rep ∈ {q, k, v}
x̂ = Attn(x̂q, x̂k, x̂v) + x,

(5)

where ⊕ denotes concatenation; T,C,N indicate Linguistic, Semantic Vision, and Generative Vi-
sion Experts, respectively. Attn denotes the Multimodal Attention module. While expert parameters
are decoupled, outputs interact and align at each layer through multimodal attention like (Liang et al.,
2024; Shi et al., 2024). Locally, language tokens use causal attention, whereas vision tokens (clean
and noisy) adopt bidirectional attention. Globally, all tokens follow a causal sequence, ensuring
efficient loss and gradient computation without future information leakage.

The corresponding FFN module is simplified as:

x̂i = FFNi(Router(LN(x))), i ∈ {T,C,N}
x̂ = x̂T ⊕ x̂C ⊕ x̂N .

(6)

3.5 MULTIMODAL CHAIN OF THOUGHT FOR ENHANCED IMAGE GENERATION

Inspired by the human artistic workflow, where an artist first sketches object positions and outlines
details, then reflects on and adjusts specific regions to achieve perfection, we propose the MCoT
approach for enhanced image generation. Specially, MCoT is defined as a sequence of explicit key
reasoning steps–Planning, Acting, Reflection, and Correction, following the human-defined key
steps manner in previous works (Zhou et al., 2023; Jiang et al., 2024; Mitra et al., 2024; Xu et al.,
2024; Guo et al., 2025b; Zhao et al., 2025).

3.5.1 PLANNING AND ACTING

Planning. Emulating an artist sketching object positions and outlining details before painting, the
planning step—as illustrated in the full process results in Figure 3—consists of two components:
detailed caption planning and layout box planning. Detailed caption planning drafts a more compre-
hensive and precise image caption without distorting the meaning of the input prompt. Layout box
planning assigns each object in the input prompt to a reasonable relative position in a bounding-box
manner, learned from large-scale image layouts.

6
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Acting. In the acting step, FoX generates images guided by the dense captions and layout boxes
produced during the planning stage. We observe that using dense captions enhances image fidelity,
consistent with prior works (Hao et al., 2023; Jo et al., 2025) indicating that longer and more detailed
prompts often yield better image quality. Furthermore, the layout boxes enable our model to place
objects accurately within the specified areas. Additional examples demonstrating improvements in
fidelity and adherence to layout are provided in Figure 5 in Appendix B.
3.5.2 REFLECTION AND CORRECTION

Reflection. Despite the planning and acting steps improving image generation, the model may
still fail to render all parts of an image perfectly in a single attempt. Four main types of image
defects that can be corrected through the reflection and correction steps are illustrated in Figure 3.
In the reflection step, the model uses the generated image and the input prompt as conditions to
identify regions with defects, such as low aesthetic quality or misalignment with the prompt. This
process generates an artifact heatmap, where higher confidence scores indicate areas requiring more
substantial corrections.
Correction. In the correction step, our model integrates the artifact reflection map and planning
rationale into the generation process, as shown in Figure 2. Using this information, the model
performs targeted inpainting to refine masked regions based on the artifact heatmap. Additional
correction examples are provided in Figure 3.

3.6 MULTI-TASK JOINT TRAINING PARADIGM

We develop a multi-task joint training paradigm that equips the model with all capabilities in a
disentangled manner, overcoming the challenge of collecting consistent multi-step data tuples. It
would be unavoidable if we adopt straightforward end-to-end training with fully supervised data
across the entire process, as discussed in the introduction. Specifically, we decouple the end-to-end
MCoT training process into multiple tasks based on the MCoT steps: Planning and Acting Task,
Reflection Task, and Correction Task. This approach allows us to train the model using more readily
available data for each sub-task, avoiding the drawback of forcing the model to generate erroneous
images after planning in end-to-end MCoT training.

For Planning and Acting Task, our model is trained with quadruples consisting of {input prompt,
detailed caption, layout box, image}, expanded from prompt-image data pairs, where the model
takes the input prompt and generates the detailed caption, layout box, and image. For Reflection
Task, the model is trained to take the first generated image and input prompt to generate an artifact
map, with artifact map labels produced from existing datasets and manually annotated data. For
Correction Task, the model is trained in a standard inpainting style, refining masked regions based
on all previous results such as detailed caption planning and the first generated image. Additional
training details and data construction methods are provided in Appendix C and D.

4 EXPERIMENTS

4.1 IMPLEMENTAL DETAILS

We employ AdamW (Loshchilov & Hutter, 2017) as the optimizer with parameter setting of β1 =
0.9, β2 = 0.999, and a weight decay of 0.02. The learning rate is configured to a constant value of
5×10−5, incorporating a linear warm-up phase over 10,000 steps. The training utilized DeepSpeed’s
ZeRO-2 (Rajbhandari et al., 2020) optimization.

4.2 MAIN RESULTS FOR ENHANCED IMAGE GENERATION

GenEval Benchmarks. We evaluate on GenEval (Ghosh et al., 2024), a compositional image bench-
mark for assessing generative models under complex conditions. As shown in Table 1, FoX achieves
an overall score of 0.77, outperforming all models in its category. Across individual tasks, it deliv-
ers superior or comparable performance to both unimodal and unified generative models, despite
having only 1.3 billion parameters. Furthermore, our FoX outperforms larger unimodal T2I models
on GenEval, delivering a 9% gain over SD3 and 10% over DALL·E 3; notably, it achieves 20%
and 19% improvements on the challenging Attribute Binding metric, respectively. More qualitative
comparisons with current models including SD3 are provided in Appendix B.

7



378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

Under review as a conference paper at ICLR 2026

Table 1: Comparison of enhanced image generation quality on GenEval. ”Uni.” refers to uni-
modal generative models that operate exclusively on images, while ”Multi.” indicates multimodal
generative models that are capable of generating both images and text.

Model Params Type Overall↑ Single Obj. Two Obj. Counting Colors Position Attr. Binding
SD v1.5 Rombach et al. (2022) 1B Uni. 0.43 0.97 0.38 0.35 0.76 0.04 0.06
SD v2.1 Rombach et al. (2022) 1.3B Uni. 0.50 0.98 0.51 0.44 0.85 0.07 0.17
SD-XL Podell et al. (2024) 3.4B Uni. 0.55 0.98 0.74 0.39 0.85 0.15 0.23
SD 3 Esser et al. (2024a) 12.7B Uni. 0.68 0.98 0.84 0.66 0.74 0.40 0.43
DALL-E 2 Ramesh et al. (2022) 4.5B Uni. 0.52 0.94 0.66 0.49 0.77 0.10 0.19
DALL-E 3 Betker et al. (2023a) – Uni. 0.67 0.96 0.87 0.47 0.83 0.43 0.45
IF-XL DeepFloyd (2023) 10.1B Uni. 0.61 0.97 0.74 0.66 0.81 0.13 0.35

Chameleon Team (2024a) 34B Multi. 0.39 – – – – – –
Transfusion Zhou et al. (2024a) 7.3B Multi. 0.63 – – – – – –
LWM Liu et al. (2024a) 7B Multi. 0.47 0.93 0.41 0.46 0.79 0.09 0.15
SEED-X Ge et al. (2024a) 17B Multi. 0.49 0.97 0.58 0.26 0.80 0.19 0.14
Show-o Xie et al. (2024a) 1.3B Multi. 0.53 0.95 0.52 0.49 0.82 0.11 0.28
Janus Wu et al. (2024a) 1.3B Multi. 0.61 0.97 0.68 0.30 0.84 0.46 0.42
JanusFlow Ma et al. (2024) 1.3B Multi. 0.63 0.97 0.59 0.45 0.83 0.53 0.42
FoX (Ours) 1.3B Multi. 0.77 0.99 0.86 0.71 0.82 0.60 0.64

Table 2: Comparison of enhanced image generation quality on T2I-CompBench. This evalu-
ation demonstrates performance generalization, further supporting the robustness and effectiveness
of our approach across diverse scenarios.

Model Params Color↑ Shape↑ Texture↑ Spatial↑ Non-Spatial↑ Complex↑
SD v1.5 Rombach et al. (2022) 1B 37.65 35.76 41.56 12.46 30.79 30.80
SD-XL Podell et al. (2024) 3.4B 63.69 54.08 56.37 20.32 31.10 40.91
SD3 Esser et al. (2024a) 12.7B 81.32 58.85 73.34 32.00 31.40 37.71
GORS Huang et al. (2023) - 66.03 47.85 62.87 18.15 31.93 33.28
PixArt-α Chen et al. (2023) 0.6B 68.86 55.82 70.44 20.82 31.79 41.17
DALL-E 2 Ramesh et al. (2022) 4.5B 57.50 54.64 63.74 12.83 30.43 36.96
T2I-R1 Jiang et al. (2025) 7B 81.30 58.52 72.43 33.78 30.90 39.93
GoT-R1 Duan et al. (2025) 7B 81.39 55.49 73.39 33.06 31.69 39.44
EMU3 Wang et al. (2024b) 7B 75.44 57.06 71.64 - - -
Janus-Pro Chen et al. (2025) 7B 63.59 35.28 49.36 20.61 30.85 35.59
Show-o Xie et al. (2024b) 1.3B 56 41 46 20 30 29
FoX (Ours) 1.3B 82.37 59.81 74.21 35.71 34.19 42.78

T2I-CompBench Benchmarks. We evaluate FoX on T2I-CompBench (Huang et al., 2023) to as-
sess generalization and robustness. As shown in Table 2, FoX achieves state-of-the-art scores in
Color (82.37), Spatial (35.71), Non-Spatial (34.19), and Complex (42.78), demonstrating superior
performance in color accuracy, spatial arrangement, semantic consistency, and compositional com-
plexity for complex image generation. Notably, larger models including Janus-Pro and Emu3 still
trail our performance. Moreover, other CoT-based methods (T2I-R1 and GoT-R1) underperform our
approach on T2I-CompBench, even with their larger 7B architectures.
MS-COCO Benchmarks. We evaluate FoX on MS-COCO (Lin et al., 2014) to demonstrate foun-
dational image generation capabilities. As shown in Table 3, FoX achieves FID (Heusel et al., 2017)
7.24, outperforming DALL-E 2 (10.39) and NExT-GPT (10.07), with a CLIP score (Radford et al.,
2021) of 26.8 comparable to Transfusion (25.5) despite fewer parameters. FoX also attains the
highest CIDEr (Vedantam et al., 2015) score of 126.5, indicating strong text-image alignment and
multimodal generation effectiveness.

4.3 ADDITIONAL RESULTS FOR IMAGE UNDERSTANDING

As shown in Table 4, FoX achieves strong results across multiple image understanding benchmarks.
It attains an MME-P (Fu et al., 2024) score of 1339.7, outperforming comparable unimodal models
and closely approaching top performers with fewer parameters. In MMBench (Liu et al., 2024e),
FoX scores 73.6, surpassing competitors such as Janus and LLaVA-v1.5. Moreover, with a VQA-
v2 p (Goyal et al., 2017) score of 79.4, FoX ranks among the leading models in visual question
answering. These results demonstrate that FoX is highly competitive across both text-only uni-
modal and multimodal generative frameworks in image understanding tasks. To comprehensively
evaluate our FoX’s multimodal understanding, we further assess it on three additional representative
benchmarks (MMMU (Yue et al., 2024), MM-Vet (Yu et al., 2023), TextVQA (Yang et al., 2021)),
with results in Table 10. The results indicate that FoX’s multimodal understanding capabilities are
comparable to current similar-scale models.
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Table 3: Comparison of foundational image
generation on MS-COCO. * indicates that
CIDEr is calculated based on 30K randomly
sampled data from validation set, rather than
Karpathy test split set.

Model Params FID↓ CLIP Score ↑ CIDEr↑
Uni-modal Generative Model

SD v1.5 Rombach et al. (2022) 1B 9.93 30.2 –
SD-XL Podell et al. (2024) 3.4B – 31.0 –
DALL-E 2 Ramesh et al. (2022) 4.5B 10.39 31.4 –
DALL-E 3 Betker et al. (2023a) – – 32.0 –
IF-XL DeepFloyd (2023) 10.1B 6.66 – –
Emu2-GEN Sun et al. (2024a) 37B – 29.7 –

Multi-modal Generative Model

DREAMLLM Dong et al. (2024) 7B – – 115.4
Chameleon Team (2024b) 7B 26.74 24.3 120.2
Transfusion Zhou et al. (2024b) 7.3B 6.78 25.5 32.0*
SEED-LLaMA Ge et al. (2023) 8B – – 123.6
MetaMorph Tong et al. (2024) 8B 11.8 – –
Emu 3 Wang et al. (2024b) 8B 12.8 31.3 -
LLamaFusion Shi et al. (2024) 8B 8.61 24.4 38.4*
LLaVAFusion Shi et al. (2024) 8B 8.28 24.7 –
NExT-GPT Wu et al. (2024b) 13B 10.07 – 124.9
Show-o Xie et al. (2024a) 1.3B 9.24 – –
Janus Wu et al. (2024a) 1.3B 8.5 – –
FoX (Ours) 1.3B 7.24 26.8 126.5

Table 4: Comparison results of foundational im-
age understanding performance.

Model Params MME-P↑ MMBench↑ VQA-v2↑
Uni-modal Generative Model

MobileVLM Chu et al. (2023) 2.7B 1288.9 59.6 –
LLaVA-Phi Zhu et al. (2024) 2.7B 1335.1 59.8 71.4
LLaVA Liu et al. (2024c) 7B 809.6 38.7 –
LLaVA-v1.5 Liu et al. (2024b) 7B 1510.7 64.3 78.5
Qwen-VL-Chat Bai et al. (2023) 7B 1487.5 60.6 78.2
IDEFICS-9B Laurençon et al. (2023) 8B – 48.2 50.9
Emu3-Chat Wang et al. (2024b) 8B – 58.5 75.1
InstructBLIP Dai et al. (2023) 13B 1212.8 – –
LLaVA-v1.5-Phi-1.5 Xie et al. (2024a) 1.3B 1128.0 – 75.3
MobileVLM Chu et al. (2023) 1.4B 1196.2 53.2 –
MobileVLM-V2 Chu et al. (2024) 1.4B 1302.8 57.7 –

Multi-modal Generative Model

LWM Liu et al. (2024a) 7B – – 55.8
VILA-U Wu et al. (2024c) 7B 1401.8 – 79.4
LaVIT Jin et al. (2024) 7B – – 66.0
ChameleonTeam (2024a) 7B – 35.7 –
Emu Sun et al. (2024b) 13B – – 52.0
NExT-GPT Wu et al. (2024b) 13B – – 66.7
LLaVAFusion Shi et al. (2024) – – 72.1 –
Gemini-Nano-1 Team (2023) 1.8B – – 62.7
Show-o Xie et al. (2024a) 1.3B 948.4 – 59.3
JanusFlow Ma et al. (2024) 1.3B 1333.1 74.9 79.8
Janus Wu et al. (2024a) 1.3B 1338.0 69.4 77.3
FoX (Ours) 1.3B 1339.7 73.6 79.4

Table 5: Ablation results on GenEval Benchmark for validating the effectiveness of MCoT.

Setting Single Obj. Two Obj. Counting Colors Position Attr. Binding Overall↑
T2I Gen. Twice 0.97 0.80 0.58 0.78 0.40 0.47 0.67
MCoT Planning & Acting Only 0.98 0.84 0.66 0.81 0.55 0.58 0.73
MCoT Full Process 0.99 0.86 0.71 0.82 0.60 0.64 0.77

Table 6: Ablation results on T2I-CompBench for validating the effectiveness of MCoT.

Setting Color Shape Texture Spatial Non-Spatial Complex Overall↑
T2I Gen. Twice 65.15 51.36 64.05 13.42 26.89 32.72 42.26
MCoT Planning&Acting Only 76.77 56.70 71.08 28.36 31.28 39.55 50.62
MCoT Full Process 82.37 59.81 74.21 35.71 34.19 42.78 54.85

4.4 ADDITIONAL RESULTS FOR QUALITATIVE ANALYSIS

Figure 1 shows that FoX with MCoT overcomes T2I limitations like concept confusion. Figure 3
presents the full MCoT process: planning adds details without changing the prompt, acting follows
layout accurately, and reflection and correction steps fix defects such as structural incompleteness.
Figure 4 compares FoX with other models, highlighting its superior image generation quality. Fig-
ure 4 and 7 demonstrate that FoX maintains strong prompt alignment and high generation fidelity,
achieving superior quality among widely used models including SD3, SD-XL, and JanusFlow.

4.5 ABLATION STUDY

Ablation of MCoT. We assess MCoT’s effectiveness on GenEval and T2I-CompBench as shown in
Tables 5 and 6. To ensure fairness, the baseline model is trained for additional epochs using the pre-
training paradigm on the same checkpoint, eliminating biases from extra MCoT training steps. Since
the full MCoT process involves two image generations, the baseline performs T2I generation twice
at test time, selecting the best result as reference. Results show that FoX already outperforms the
baseline with only planning and acting steps, and adding reflection and correction further improves
performance, fully validating MCoT’s effectiveness. Reflection-Correction steps yield notable gains
even when applied to the outputs of Planning-Acting steps that already deliver corrected results,
validating the necessity of Reflection-Correction steps. We provide more ablation results to better
isolate and validate the effectiveness of Reflection-Correction in Appendix A.
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Table 7: Ablation of FoXperts.

Model CIDEr↑ FID↓
Dense 116.2 11.3
Modality-Oriented 121.1 9.56
FoX (Ours) 126.5 7.24

Ablation of FoXperts. We conducted pre-training
experiments under identical settings across three
variants: dense design, modality-oriented design,
and our functionality-oriented FoX. As shown in Ta-
ble 7 on MS-COCO, FoX outperforms both dense
and modality-oriented variants: the dense model
achieves an FID of 11.3 and a CIDEr of 116.2, the
modality-oriented model achieves an FID of 9.56
and a CIDEr of 121.1, while FoX attains an FID of 7.24 and a CIDEr of 126.5. These results
demonstrate that FoX enhances both image understanding and generation through a functionality-
disentangled design for visual experts, validating that our architecture alleviates conflicts inherent in
a single shared visual expert. More detailed experimental description and discussion of functionality
conflicts are provided in Appendix E.

Table 8: Results of visual quality on Aes-
thetic Benchmarks.

Aesthetic Score
Setting Score

T2I Gen. 5.98
Planning & Acting 6.02
Full MCoT 6.04

HPS v2 Score (Win Rate)

Setting Score

Planning & Acting vs. T2I 57.8
Full MCoT vs. T2I 62.3

Additional Results for Visual Quality. To ver-
ify that our approach improves text-to-image align-
ment without compromising visual quality, we eval-
uated 300 prompts from GenEval using Aesthetic
Score (LAION-AI, 2023) and Human Preference
Score v2 (HPS v2) (Wu et al., 2023). Image triplets
were generated for T2I Generation, Planning & Act-
ing, and the Full MCoT Process. As shown in Ta-
ble 8, Aesthetic Scores remain stable despite im-
provements in text-to-image alignment, while HPS
v2 win rates demonstrate consistent human prefer-
ence for Planning & Acting and MCoT outputs over
baseline T2I generations, reflecting enhanced align-
ment, composition, and detail beyond what Aes-
thetic Scores capture.

5 CONCLUSIONS

We introduce FoX, a unified generative model featuring the FoXperts architecture and an MCoT ap-
proach to address the limitations of direct text-to-image generation in complex scenarios. FoXperts
disentangle expert functionalities, mitigating conflicts in modality-oriented designs, while MCoT
structures image generation into planning, acting, reflection, and correction. A multi-task joint
training paradigm ensures effective learning for each step. Experiments across multiple benchmarks
validate the enhanced image generation capability of FoX. These results demonstrate that integrating
functional expert design with stepwise multimodal reasoning substantially improves complex image
synthesis.
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A ADDITIONAL QUANTITATIVE RESULTS

Additional ablation study for Reflection-Correction. As shown in Tables 5 and 6, the Reflection-
Correction steps yield notable gains even when applied to the outputs of Planning-Acting steps that
already deliver corrected results. This thus underscores the mechanism’s efficacy despite the high bar
for further improvement. To better isolate and validate the effectiveness of Reflection-Correction, we
conduct an additional ablation study on T2I-CompBench, where we replace Planning-Acting with
direct T2I generation followed by Reflection-Correction. Table 9 shows that Reflection-Correction
yields a 15.6% Overall score gain (42.26→48.86) over the T2I Gen. Twice setting. Particularly,
the steps boost the Spatial metric by a striking 90.2% (13.42→25.72), validating their efficacy for
challenging spatial constraints.

Table 9: Ablation results of Reflection and Correction on T2I-CompBench.

Setting Color Shape Texture Spatial Non-Spatial Complex Overall↑
T2I Gen. Twice 65.15 51.36 64.05 13.42 26.89 32.72 42.26
T2I Gen. + Reflection & Correction 74.13 55.27 69.86 25.72 30.21 37.95 48.86

Table 10: Additional Results on Multimodal Understanding Benchmarks.

Model Params MMMU MM-Vet TextVQA

TokenFlow-XL 13B 38.7 40.7 -
SEED-X 13B 35.6 43.0 -
Emu3-Chat 8B 31.6 37.2 64.7
Qwen2-VL 7B 54.1 62.0 84.3
ILLUME 7B 38.2 37.0 -
LLaVA-v1.5 7B 35.4 31.1 -
VILA-U 7B - 33.5 60.8
Chameleon 7B 22.4 8.3 -
BLIP-3 4B 41.1 - -
InternVL2 1.8B 34.3 44.6 -
Gemini-Nano-1 1.8B 26.3 - 62.5
LLaVA-v1.5-Phi-1.5 1.3B 30.7 - -
Show-o 1.3B 25.1 - -
Janus 1.3B 30.5 34.3 -
JanusFlow 1.3B 29.3 30.9 55.5
FoX (Ours) 1.3B 31.3 33.7 57.2

Table 11: Scaling-up experiments on GenEval. Scaling up improves all metrics consistently,
supporting the method’s scalability.

Model Params Overall↑ Single Obj. Two Obj. Counting Colors Position Attr. Binding

FoX (Original) 1.3B 0.77 0.99 0.86 0.71 0.82 0.60 0.64
FoX (Scale-up) 4.2B 0.82 0.99 0.89 0.76 0.87 0.68 0.70

Scaling-up results. Table 11 presents our scale-up results on GenEval using the larger Qwen2-1.5B
backbone. Scaling the backbone from Qwen2-0.5B to Qwen2-1.5B yields consistent improvements
across all metrics, which supports the scalability of our method. In particular, the Position score
increases from 0.60 to 0.68 and the Attribute Binding score from 0.64 to 0.70, showing clear gains on
challenging aspects. Moreover, our scaled-up FoX (4.2B) achieves overall performance comparable
to the reported results of BAGEL (7B) on GenEval. Notably, it outperforms BAGEL on challenging
metrics in complex image generation, including Position (0.68 vs. 0.64) and Attr. Binding (0.70 vs.
0.63), despite utilizing merely 60% of the latter’s parameter count (4.2B vs. 7B).

Additional results for image generation. We further evaluate our model on the WISE benchmark,
a representative and widely adopted reasoning-related image generation benchmark. The results in
Table 12 demonstrate that our model achieves performance comparable to other models of simi-
lar or even larger scales, further validating the broad applicability and effectiveness of our MCoT
framework.
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Table 12: Additional Results of Image Generation on WISE Benchmark.

Model Params Cultural Time Space Biology Physics Chemistry Overall

SD-3 12.7B 0.42 0.44 0.48 0.39 0.47 0.29 0.42
T2I-R1 7B 0.56 0.55 0.63 0.54 0.55 0.30 0.54
Emu3 7B 0.34 0.45 0.48 0.41 0.45 0.27 0.39
Janus-Pro 7B 0.30 0.37 0.49 0.36 0.42 0.26 0.35
VILA-U 7B 0.26 0.33 0.37 0.35 0.39 0.23 0.31
SD-XL-base-0.9 3.4B 0.43 0.48 0.47 0.44 0.45 0.27 0.43
Show-o 1.3B 0.28 0.36 0.40 0.23 0.33 0.22 0.30
Janus 1.3B 0.16 0.26 0.35 0.28 0.30 0.14 0.23
JanusFlow 1.3B 0.13 0.26 0.28 0.20 0.19 0.11 0.18
Janus-Pro 1B 0.20 0.28 0.45 0.24 0.32 0.16 0.26
FoX (Ours) 1.3B 0.46 0.52 0.65 0.41 0.48 0.27 0.47

Table 13: Ablation Results of Reflection-Correction Cycles on GenEval.

Setting Overall↑ Single Obj. Two Obj. Counting Colors Position Attr. Binding

MCoT with one reflection–correction cycle 0.77 0.99 0.86 0.71 0.82 0.60 0.64
MCoT with two reflection–correction cycles 0.78 0.99 0.88 0.73 0.82 0.61 0.65

Ablation results of Reflection-Correction cycles in MCoT. Our reflection and correction steps
can be performed multiple times. However, we find that a single reflection–correction cycle already
provides a good balance between performance and efficiency. Executing multiple cycles yields only
marginal gains while incurring additional inference cost. In Table 13, we present a comparison on
GenEval between running one versus two reflection–correction cycles. The results show that the
improvements from a second cycle are relatively limited, with only minor changes across metrics.
We also include qualitative examples for the two-cycle setting in Figure 8, where the first correction
already meets most requirements and the second correction introduces only subtle adjustments.

B ADDITIONAL QUALITATIVE RESULTS

Visual comparisons with current models. Figure 4 demonstrates that even prominent T2I models
such as SD3 suffer from issues like object defects in two-object generation tasks and spatial con-
fusion in position-aware tasks, indicating that SD3 still struggles with complex image generation
scenarios. In contrast, our model maintains strong prompt alignment and high generation fidelity,
achieving the superior performance among these widely used models. We further evaluate the prac-
tical performance of SD3 on challenging examples in Figure 1 containing three or four objects—a
scenario commonly encountered in practice—and compare the results with ours. As shown in Fig-
ure 7, the issues for SD3 are even more pronounced, confirming that complex image generation
tasks remain challenging. Importantly, the images produced by our model exhibit strong adherence
to input prompts and high fidelity, demonstrating that our MCoT framework effectively enhances
the model’s ability to solve these tasks.
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JanusFlowShow-oSD-XLFoX (Ours) SD 3

Attribute binding: A blue baseball bat and a pink book.

Position: A laptop right of a cow.

Two object: A giraffe and a computer mouse.

Single object: A couch.

Color: A blue toilet.

Counting: Four dogs.

Figure 4: Qualitative comparisons with baseline models, including unimodal generative models such
as SD-XL and SD 3, as well as multimodal generative models like Show-o and JanusFlow. These
comparisons span the six evaluation categories of GenEval and are accompanied by the correspond-
ing prompts to assess alignment between prompts and generated images.
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Layout Planning and Following 

"bbox": 
[{"a vase.": "0.617,0.482,0.832,0.92"}, 

{"a broccoli.": "0.025,0.416,0.486,0.91"}]

"bbox": 
[{"a vase.": "0.129,0.576,0.357,0.949"}, 

{"a broccoli.": "0.408,0.568,0.787,0.951"}]

"bbox": 
[{"a vase.": "0.512,0.453,0.809,0.879"}, 

{"a broccoli.": "0.229,0.291,0.619,0.844"}]
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The image shows a bowl of food on a 
wooden table. The bowl contains a variety 
of ingredients, including diced tomatoes, 

sliced onions, and some green leafy herbs. 
The bowl is placed on a white cloth. In 
the background, there is a small bowl 
with what appears to be a yellowish 

substance, possibly a condiment or a side 
dish. The overall setting suggests a cozy 

and rustic dining atmosphere.

a 
bo

w
l

Detail Planning and Following

Figure 5: Layout planning enables our model to place objects accurately within the specified areas.
Detail planning enhances image fidelity.

Color Co-occurrencePosition Count Mixed attribute

Figure 6: Additional examples generated by FoX under complex compositional prompts. Images
are arranged left-to-right, top-to-bottom, with prompts (prefix “a photo of” omitted): a red dog, a
purple elephant, a blue bust sculpture, a multi-colored soccer ball on a bed, a soccer ball on a bed,
a cell phone and a horse, a horse and a giraffe, a couch and a snowboard, two teddy bears, three
apples, four boats, a white bottle and a blue sheep, a green teddy bear below a brown kite, and a
purple sheep to the left of a pink banana.
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a blue cell phone, a green 
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an orange toothbrush 
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a brown bus on the right
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and a carrot

SD3

FoX
(Ours)

Figure 7: Visual Comparisons with SD3 on More Complex Scenarios.
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Figure 8: Visual results of Multiple Reflection-Correction Cycles.

C TRAIN STRATEGY

C.1 PRE-TRAINING FOR T2I AND I2T

We adopt a two-stage training approach to systematically integrate the text-to-image (T2I) and
image-to-text (I2T) capabilities of the FoX model. For images with a resolution of 256×256 pixels,
the batch size per GPU is set at 64, while for 512×512 pixel images, it is set at 16, leading to total
batch sizes of 4096 and 1024, respectively.

Stage I: In this initial stage, we focus on optimizing the T2I functionality of FoX by training the
model specifically for the T2I task. Both the Linguistic Expert and the Generative Visual Expert are
trained, with their parameters initialized from the Qwen2-0.5B model. The image resolution for this
phase is configured to 256× 256 pixels.

Stage II: During this stage, FoX undergoes mixed training, encompassing both T2I and I2T tasks at
a training task ratio of 8:1. The I2T tasks include image captioning and Visual Question Answering
(VQA). In this phase, all experts are trainable, and the newly introduced Semantic Visual Expert is
initialized using parameters from the Generative Visual Expert established in Stage I. The resolution
of images at this stage is increased to 512× 512.

Initialization Strategies: During pre-training, we first train the image-generation branch. When
moving to the second-stage visual-understanding training, we initialize the Semantic Visual Expert
using the weights of the Generative Visual Expert, as both belong to the image domain and are
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Table 14: Performance Comparison of Different Expert Initialization Strategies.

Setting CIDEr↑ FID↓

From Generative Visual Expert 124.6 7.83
From Linguistic Expert 122.1 7.97

then more closely aligned than the text branch, which might better facilitate image understanding.
We did not choose to train the Semantic Visual Expert from scratch due to higher training costs
and potentially unstable optimization, as similarly noted in Mono-internvl (Luo et al., 2025). And
we compared two different initialization strategies for the Semantic Visual Expert under identical
training settings. Evaluation results on MS-COCO, using CIDEr for image understanding and FID
for image generation. As shown in the Table 14, our model initialized with the Generative Visual
Expert demonstrates better performance.

C.2 MULTIMODAL CHAIN OF THOUGHT TRAINING

We claim that executing the full end-to-end MCoT training presents challenges, requiring consistent
data pairs across the entire process, and optimizing multiple processes simultaneously is difficult.
Therefore, We designed a multi-task joint MCoT training framework that decouples the end-to-
end MCoT training process into multiple training tasks. We divided the MCoT process into three
training tasks: planning and acting, reflection, and correction. During training, the parameters of the
Linguistic Expert, Generative Visual Expert, and Semantic Visual Expert are all trained. During joint
training, the three tasks are alternately trained, with each task receiving equal training proportion,
resulting in a 1:1:1 ratio among the three training tasks.

Planning and Acting Task: This task trains the model to perform both caption and layout plan-
ning. Analogous to how an artist sketches a composition and plans details for each part, our model
is trained on quadruples of {input prompt, detailed caption, layout box, image}, expanded from
prompt–image pairs. Given a prompt, the model generates a detailed caption, layout box, and fi-
nal image. Dense captions are refined using Qwen-VL, while bounding boxes are extracted with
Grounding-DINO-SAM by parsing object noun phrases in the captions. The open-source CC12M
dataset was used, yielding a final dataset of 100K samples. The complete data construction pipeline
is illustrated in Figure 9.

Reflection Task: This task equips the model with self-reflection capabilities, enabling it to detect
regional defects and misalignments in the preliminary generated image relative to the caption. Re-
gions requiring correction are represented through artifact map prediction. Specifically, the model
is trained to take the first generated image and input prompt as inputs and produce an artifact map.
The training data include the RichHF-18K dataset and an additional 100K images manually anno-
tated with bounding boxes (later transformed into map-style representations) to mark incorrectly
generated regions according to the caption content.

Correction Task: This task equips the model with inpainting capabilities, enabling it to repair
images based on the input caption and a masked image. Training leverages open-source datasets,
including CC12M and SAM-1B, yielding 100K samples.

Following BrushNet’s methodology (Ju et al., 2024), we generate both random and segmentation-
based masks for training. Examples of these masks are shown in Figure 9.

D DATASET CONSTRUCTION

D.1 PRE-TRAINING DATA

In Stage I of the pre-training process, we utilized approximately 300 million image-text pairs to train
the text-to-image (T2I) task. In Stage II, due to the increased resource demands associated with
higher image resolutions, we improved the quality of images and captions through filtering and re-
captioning techniques. Specifically, we employed an aesthetic model to curate high-quality images,
and utilized the Qwen-VL-2.5 (Wang et al., 2024a) models to generate refined, high-quality captions
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for these images. Ultimately, we collected and constructed a dataset comprising approximately 120
million samples for image generation task and 20 million samples for image understanding task.

D.2 MCOT DATA

Dense Caption

“The image depicts a cartoon 
character, a woman, sitting at a 
desk and looking at a computer 

screen. The computer screen 
displays a map of the United 

States. The woman has a 
surprised or intrigued expression 

on her face. She is wearing a 
shirt and has short hair. The desk 
has a keyboard in front of her.”

Generate dense caption for image 
with short caption: 
image:

short caption:
Cartoon Black and White Female 
Cartographer Creating a Map on 
a Computer

Planning and Acting

Qwen-VL

Abstract Noun Phrase

a map
a computer screen

short hair
a cartoon character

a keyboard
a woman

…

Detect Results
{
    "score": 0.8125144243240356,
    "label": "a map.",
    "box": {"xmin": 326, "ymin": 153, "xmax": 573, "ymax": 475}
},
{
    "score": 0.7643760442733765,
    "label": "a computer screen.",
    "box": {"xmin": 326, "ymin": 153, "xmax": 572, "ymax": 477}
},
{
    "score": 0.5346571803092957,
    "label": "short hair.",
    "box": {"xmin": 81,"ymin": 0,"xmax": 386,"ymax": 367}
},
…

Grounding-
DINO-SAM

Reflection Correction

A snake on a mushroom.Photo of a cat eating a burger like a person A cat looking at a fish bowl with goldfish

Semantic mask Random Mask

A woman holding a rainoow flag in the air

A bed with quilt and a chair with blanketa A cartoon girl with long hair and backpack

A woman holding a rainbow flag in the airA cat looking at a fish bowl with goldfish

A woman in golden dress holding an appleMona Lisa by Leonardo Da Vinci

A black and red mountain bike besides a buildingA woman in a lotus position

Ⅰ
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Ⅳ
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Figure 9: Data construction pipeline of MCoT training for image generation.

Figure 9 illustrates the complete data construction process of MCoT training for image generation,
including data samples and the prompts used.

For planning and acting tasks. Image-caption pairs are expanded into image, caption, dense cap-
tion, bbox quadruples, where dense captions are augmented using Qwen-VL. Object unit phrases are
parsed from dense captions and processed by Grounding-DINO-SAM (Liu et al., 2024d) to obtain
corresponding bounding boxes for each object. The open-source dataset involved includes CC12M.

For reflection tasks. The RichHF-18K dataset, along with an additional 100K images annotated
with bounding boxes for incorrect regions, are used. These images are manually annotated to iden-
tify bounding boxes of incorrectly generated objects according to corresponding caption contents.
The model is trained to assess region defects and misalignment in the input generated image, repre-
sented by artifact map predictions, where brighter areas indicate greater need for correction.

For correction tasks. We adopt BrushNet’s approach to generate random masks and segmentation
masks for training. This trains the model to generate a repaired image based on the input caption
and masked image.

E FURTHER DISCUSSION ON FUNCTIONALITY CONFLICTS

Combining the two optimization objectives (next-token prediction loss and diffusion loss) within
a single visual expert may introduce functional conflicts, as they pull visual representations to-
ward different levels of the feature hierarchy. Specifically, next-token prediction loss for image
understanding drives high-level text-semantic abstraction, while diffusion loss for image genera-
tion enforces low-level pixel fidelity. Moreover, such conflicts are difficult to observe directly, as
they are implicit within the model’s internal representations. We verify this through experiments
(Table 7) and provide a more detailed discussion of the results. In the table, Dense architecture
indicates that all tasks (text generation, image understanding, and image generation) share a single
branch. Modality-Oriented architecture uses two branches, with one dedicated to text generation
and the other to visual tasks (image understanding and generation). FoX employs three separate
branches, with one for text generation and two for visual tasks, performing function splitting into
image-understanding and image-generation branches. All architectures were trained under identical
settings and validated on MS COCO, using CIDEr and FID to evaluate the model’s image under-
standing and generation capabilities, respectively. The results show that FoX achieves significant
improvements over the Modality-Oriented architecture in both image understanding and genera-
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tion. This supports our claim that relying on a single expert to satisfy both objectives may lead to
functional conflicts.

F INFERENCE COST ANALYSIS AND TRADE-OFF STRATEGIES FOR MCOT

Inference latency. In both MCoT and T2I generation processes, the dominant latency comes from
the diffusion forward pass, which scales linearly with the diffusion steps. The exact steps used in
our experiments are:

• T2I baseline: 50 denoising steps

• MCoT: 50 (acting) + 30 (reflection) + 50 (correction) = 130 steps

Since the artifact map in the reflection step is relatively simple to generate, we use only 30 steps to
reduce the latency. While the planning stage should also be included in principle, it generates only
about 80 text tokens with KV-cache and contributes less than 5% of the total latency, so diffusion
remains the dominant. Based on this, the theoretical latency increase is approximately 130/50 ≈
2.6×, and the final observed slowdown is around 2.8–3.0× on an NVIDIA H20 GPU.

Memory usage. The GPU memory consumption of MCoT is around 1.2× that of T2I, which is
almost the same. The MCoT process can be viewed as three T2I procedures executed sequentially
(planning-acting, reflection, and correction), so the GPU memory usage during each step is similar
to that of T2I generation. MCoT only introduces a small amount of additional intermediate storage
on the GPU, such as layouts, detailed captions, and artifact maps, which results in only a slight
increase in memory usage.

While the inference latency and memory usage remain reasonable, our model significantly outper-
forms unified generative models such as JanusFlow and Show-o on GenEval, and even surpasses
larger models such as SD3 with a 19% improvement in Attribute Binding, as reported in Table 1.
Qualitatively, visual comparisons with current models in Figure 4 demonstrate that our generated
images achieve precise alignment with complex compositional prompts while maintaining high vi-
sual quality. Additionally, the additional latency introduced by MCoT is typical, as similar overhead
can also be observed in prior image-generation works (Jiang et al., 2025; Guo et al., 2025b). Im-
proving the execution efficiency of the MCoT process remains a challenging problem, as reducing
diffusion iterations without compromising compositional fidelity is challenging, making this an im-
portant direction for future exploration.

Trade-off strategies. To seek a performance-efficiency trade-off, we analyze in Table 15 how mod-
ifying MCoT pipeline stages affects latency and GenEval performance. We take the full MCoT
pipeline as the baseline and report all latency values relative to its inference time. As shown in
the first row, removing the planning stage and directly performing the following steps yields only
a minor reduction in latency but leads to a substantial drop in performance. Similarly, removing
reflection-correction sharply compromises the performance though it mitigates latency to some ex-
tent. Conversely, adding an additional reflection–correction cycle (third row) increases latency while
yielding only marginal gains. Taken together, these results indicate that our chosen MCoT configu-
ration achieves a well-balanced trade-off between efficiency and performance.

Table 15: Trade-off Analysis of Performance and Latency for MCoT on GenEval.

Setting Latency Overall↑ Single Obj. Two Obj. Counting Colors Position Attr. Binding

MCoT without planning 0.95× 0.72 0.97 0.83 0.63 0.80 0.51 0.55
MCoT without reflection–correction 0.4× 0.73 0.98 0.84 0.66 0.81 0.55 0.58
MCoT 1× 0.77 0.99 0.86 0.71 0.82 0.60 0.64
MCoT with two reflection–correction cycles 1.7× 0.78 0.99 0.88 0.73 0.82 0.61 0.65

G BAD CASES OF THE REFLECTION AND MITIGATION STRATEGIES.

Failure cases could potentially occur in the reflection stage, but are mitigable. On one hand, when
the reflection step highlights correct regions in the wrong image, it might not noticeably degrade the
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final result, as the correct regions in the wrong image are usually preserved during correction. On
the other hand, the issue could also arise for images that do not require any correction, essentially
due to over-reflection. This can be mitigated by adjusting the training strategy of the reflection stage.
Specifically, by including a proportion of images that require no correction, where the correspond-
ing artifact maps are completely black, indicating no areas to highlight, the model learns to avoid
unnecessary reflection, effectively alleviating over-reflection.

H LIMITATIONS

In this work, we focus on empowering a unified generative model by incorporating a multimodal
chain of thought and then enhancing the image generation capabilities. We have not addressed
more challenging fine-grained and customized image editing tasks, which would better demonstrate
unified generative models’ multimodal understanding, reasoning, and generation abilities. Exploring
such tasks is part of our future research directions.

I BROADER IMPACT

This paper presents work whose goal is to advance the field of Machine Learning and Deep Learn-
ing. There are many potential societal consequences of our work, none of which we feel must be
specifically highlighted here.
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