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Figure 1: Core capabilities of our proposed unified model, MindOmni. i) Multimodal Reasoning
Generation: MindOmni incorporates our proposed RGPO reinforcement learning algorithm to
improve Chain-of-Thought generation, resulting in more interpretable and responsible reasoning
outputs, thereby advancing reasoning generation. ii) Beyond style transfer, MindOmni preserves
low-level details, such as texture, posture, and spatial layout, from the reference image, ensuring
high-fidelity visual editing. Detailed reasoning outputs can be found in Appendix A.3, while a
qualitative comparison with prior methods, including GPT-40 and Gemini-2.5, is presented in Fig. 6.
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Abstract

Recent text-to-image systems face limitations in handling multimodal inputs and
complex reasoning tasks. We introduce MindOmni, a uni ed multimodal large
language model that addresses these challenges by incorporating reasoning genera-
tion through reinforcement learning. MindOmni leverages a three-phase training
strategy: i) design of a uni ed vision language model with a decoder-only diffu-
sion module, ii) supervised ne-tuning with Chain-of-Thought (CoT) instruction
data, and iii) our proposed Reasoning Generation Policy Optimization (RGPO)
algorithm, utilizing multimodal feedback to effectively guide policy updates. Exper-
imental results demonstrate that MindOmni outperforms existing models, achiev-
ing impressive performance on both understanding and generation benchmarks,
meanwhile showcasing advanced ne-grained reasoning generation capabilities,
especially with mathematical reasoning instruction. All codes will be made public
at https://github.com/TencentARC/MindOmni.

1 Introduction

Advanced text-to-image systems such as SD-X?],[FLUX [21], and Sana‘j7] generate images by
leveraging textual descriptions as conditioning signals. However, they encounter two key challenges:
i) The use of a xed text encoder restricts the model to textual instructions, thereby limiting its
capacity to incorporate multimodal inputs like images or audio. ii) These methods are incapable of
producing explicit inferences in response to instructions that involve world knowledge, mathematical
logic, or spatiotemporal perception (see Fig. 1), which is de ned as reasoning generation capacity.
Previous studies build uni ed MLLMs capable of both understanding and generation to address the
rst challenge. These approaches employ learnable querigss] 30] or direct projector 45 to
implicitly extract semantics from VLMs, or integrate text token autoregressive and image generative
processes within a single transformas[64, 5] to enable early fusion. Although these approaches
support multimodal inputs, they still struggle to address scenarios that require reasoning.

Building on early explorations of Chain-of-Thought (CoT) reasoning in VLM% B3] and LLMs [37,

], recent works §1, 9] propose generating textual layout plans by guiding large models with
customized CoT prompts for image synthesis. While there has been progress on the second challenge,
these approaches are constrained to spatial relations and hindered by intricate separation processes and
in exible CoT templates, limiting their applicability to more complex reasoning scenarios. Following
the success of Deepseek-RY], subsequent research, 4] has shown that incorporating the Group
Relative Policy Optimization (GRPO3}] algorithm into textual reasoning pipelines signi cantly
enhances VLM performance on mathematical and coding tasks by automatically producing accurate
and diverse CoT trajectories. This observation prompts a fresh perspeCtvereinforcement
learning be leveraged to unleash the reasoning generation capabilities of uni ed VLMs?

To address the issue, we introduce a three-phase training strategy. In the initial stage, we propose a new
multimodal large language model, named MindOmni, for uni ed vision understanding and generation,
which includes a vision language modg],[a lightweight connector, a text head, and a decoder-only
diffusion module §7]. Prior studies [4, 65] have shown that applying reinforcement learning
following supervised ne-tuning can signi cantly enhance algorithmic performance. Therefore, we
construct a series of coarse-to- ne CoT instruction data and then train our model with supervised
tuning in the second stage to effectively initiate the reinforcement learning algorithm later. In
the third stage, we propose the Reasoning Generation Policy Optimization (RGPO) algorithm and
collect a curated corpus of plain-text reasoning sequences to guide the model in generating precise

Method X2Ilmage Uni ed End-to-End  Fine-grained  Explicit RL
Generation Und. & Gen. Pipeline Image Editing CoT  Augmented

Janus-Pro [5] 7 4 4 7 7 7

MetaMorph [45] 7 4 4 7 7 7

GoT [9] 4 7 7 4 4 7

MindOmni 4 4 4 4 4 4

Table 1:Characteristics comparison with other counterparts.
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CoT reasoning content. In contrast to the original GRPO algorithm, which relies solely on text
representations, RGPO generates multimodal feedback signals from both image and text features
to guide policy updates. In addition to the format reward function that enforces adherence to the
correct CoT structure, we introduce a consistency reward function to evaluate visual-linguistic
alignment. Tailored for reasoning generation, we introduce two independent Kullback-Leibler
divergence regularizers into RGPO. They are applied separately to text and visual rollouts during
policy updates, to stabilize training and mitigate knowledge forgetting. Ultimately, our MindOmni
obtains obvious advantages over previous counterparts as shown in Table 1.

Fig. 1 illustrates the effectiveness of MindOmni across various complex reasoning generation scenar-
ios, notably its strong performance on mathematical reasoning instruction. Furthermore, it showcases
advanced ne-grained editing capabilities, covering general edits as well as computer vision tasks
like instance segmentation. Remarkably, after ne-tuning with some speci ¢ data, MindOmni can
accurately play chess and tic-tac-toe according to user inputs, establishing a foundation for future
research. We also conduct extensive experiments to validate the effectiveness of MindOmni on
both understanding and generation benchmarks. Our method surpasses LLaVA-One=Vision [

by 2.4% on MMBench 2] and boosts Janus-Pro][by 10.6% on MMMU [53]. Furthermore, we
achieve a state-of-the-art performance with 71% overall score on the reasoning generation benchmark
WISE [27], which outperforms previous methods with a remarkable margin, as well as 83% overall
score on the basic text-to-image generation benchmark, GenEval [12].

2 Related Work

2.1 Uni ed Model for Understanding and Generation

Uni ed multimodal LLMs have demonstrated the ability to perform both understanding and genera-
tion tasks within a single framework. Early research DreamLBVejnd Emu-series/?, 41] predict

the next multimodal element by regressing visual embeddings and integrate a separate diffusion
U-Net to achieve image generation. Chamele@ii and Emu3 {1€] discretize visual features and

train token-based autoregressive models on mixed image-text data. Furthermore, TransElsion [
and Show-0%¢] integrate the denoising mechanism and autoregressive approaches within a single
transformer model. However, many of these uni ed models still fall short of the performance of
task-speci c architectures. In an effort to bridge this gap, Jaatkyses distinct tokenizers for
understanding and generation tasks, whereas TokenElgweiploys dual codebooks with shared
mappings to facilitate the integration of low- and high-level features. Some meth@ds] aim

to incorporate a uni ed visual tokenizer to employ a more advanced VLM, along with a separate
diffusion DiT, to achieve improved performance.

2.2 Reasoning in Large Models

Recently, there has been a surge in research both in academia and industry regarding the reasoning ca-
pabilities of large language models. OpenAl-G¥][makes a signi cant breakthrough by enhancing
reasoning performance through an extended Chain-of-Thought (CoT) reasoning framework and intro-
ducing inference-time scaling. Many studies have explored reinforcement leatringJ], majority

voting [49], and search algorithms §, 10] as ways to scale test-time compute and improve reasoning
performance. Notably, DeepSeek-RY][demonstrates exceptional reasoning performance after

only a few thousand steps of RL training, leveraging the GRP{Qdlgorithm. Furthermore, several

studies have also applied GRPO to multimodal large models, improving visual reasoning capabilities
across various tasks, including mathematical reasoning [65, 4] and reference segmentation [26].

2.3 Image Generation with Reasoning

Reasoning-driven image generation has made signi cant strides in recent years, garnering consid-
erable attention from the academic community. PARN] utilizes an iterative reasoning process

to enhance image quality by combining clarity and potential evaluation. RPG-DiffusionMaster [61]
employs a multimodal learning model (MLLM) for text-to-image diffusion, ensuring coherence in
the generated output by breaking prompts into multiple sub-regions. @aftjoduces a struc-

tured language reasoning framework to build a generative thinking chain, rst analyzing semantic
relationships and spatial arrangements, and then generating and editing images. However, GoT's



Figure 2:Overview of our inference framework. MindOmni accomplishes vision understanding,
multimodal reasoning generation, and vision editing tasks in a uni ed large model.

independent structure limits its exibility and adaptability. Meanwhile, SimpleAR flemonstrates

the effectiveness of reinforcement learning algorithms in discrete autoregressive generative models.
However, previous approaches remain focused on strengthening the consistency between images
and instructions using MLLM, often overlooking the use of MLLM's powerful logical reasoning
capabilities for genuine reasoning generation. In this work, we aim to address this gap by introducing
the RGPO reinforcement learning algorithm into a uni ed multimodal large model (MLLM) for both
generation and understanding, enabling deeper reasoning-driven generation.

3 Method

In this section, we rst present the pipeline formulation and describe our proposed model, MindOmni,
for uni ed vision understanding and generation. Subsequently, we introduce our proposed Reasoning
Generation Policy Optimization (RGPO) algorithm in the RL process to achieve impressive reasoning-
guided image generation, with the detailed training procedure provided at the end.

3.1 Pipeline Formulation

A uni ed multimodal large model is capable of processing both visual and textual inputs simulta-
neously. Separate encoders map each type of input into a common text feature space. Meanwhile,
a diffusion decoder conditions on the MLLM's output feature sequence to denoise the latent noise
into a real image, enabling multimodal generation and vision editing. However, prior methods have
primarily used multimodal models as semantic feature extractors, overlooking the inherent reasoning
capabilities of LLMs. As a result, they underperform on reasoning generation and editing tasks.
Recent research on the reasoning ability of large modgls/| 14] has inspired us to introduce
reinforcement learning algorithms into our framework to unleash the reasoning generation power.

To build a uni ed MLLM for reasoning generation, we introduce a three-stage training pipeline and
propose the RGPO reinforcement learning algorithm, which enables the model to explicitly express
reasoning via a chain-of-thought process.

3.2 Our Model

Recent vision language modeis b, 22] show substantial world knowledge and cross-modal reason-
ing skills but lack effective generation capabilities. In contrast, existing generative madgls]
produce high-quality renderings but struggle to interpret complex semantic controls, such as logical
reasoning or multimodal inputs. Furthermore, signi cant structural differences between VLMs and
DiTs [31] also hinder smooth mode integration. To address it, we develop our MindOmni based on
Qwen2.5-VL [l and OmniGen%7. The former is an advanced vision language model, and the latter



Figure 3:Overview of Training Pipeline. We propose a three-stage training framework comprising
pretraining, instruction-based supervised ne-tuning, and reinforcement learning with RGPO.

is a diffusion decoder that offers a promising X2Image generation performance with a streamlined,
LLM-style network design. We utilize a connector comprising two standard LLM decoder layers

to bridge two models. Additionally, by leveraging our RGPO reinforcement learning algorithm,
MindOmni can generate more precise chains of thoughts through an autoregressive paradigm to guide
reasoning generation as shown in Fig. 2.

Vision Understanding. Given an image and a corresponding user linguistic request for vision
understanding, MindOmni rst extracts continuous vision features by a pretrained ViT of Qwen2.5-
VL and encodes the text intodiscrete token3 = (t1;t2;:::;t,) with an LLM tokenizer as shown

in Function A of Fig. 2. Subsequently, the model samples the output text embegdinand
detokenizes the nal output according to the conditional probability:

1l
Pty to; st jl) = P (tijtaste; it 150): 1)
i=1

Reasoning Generation and Editing. As depicted in function B of Fig. 2, when the user provides a
tadpole image and asks for a prediction of its appearance as it matures, we rst capture the current
visual semantics and steer the model's reasoning by adding a system prompt. The autoregressive
generation process is also based on the conditional probability in Eq. (1). When the generation process
encounters a special token, we use the connector to align the last hidden states of the previous tokens
with the dimension of the diffusion decoder. Then we concatenate a time token (representing the
time step of denoising proceds}™® along withm noise latent tokensF"*S§F°'s¢ N (0; 1)gn,

to the prior tokendF condwhich consists of vision and text features. For the vision editing task, we
recognize that relying solely on ViT to extract image semantic features may cause a loss of low-level
information, such as texture and layout, which can result in the inability to preserve the ne details
of the reference image during editing. To address this, we incorporate the VAE features to retain
these crucial details as shown in Function C of Fig. 2. At the end, the entire multimodal sequence is
injected into the diffusion decoder fof loops of denoising.

3.3 Stage 1 & Stage 2: Supervised Tuning

To implement our model, we develop a three-stage training pipeline as shown in Fig. 3. In the rsttwo
stages, we enable the model to initially achieve basic text-to-image generation and editing capabilities.
In the rst stage, we only train the connector using image-text paitsic] and X2I data pairsi?],

ensuring that the diffusion decoder can seamlessly process the semantic representation from the
MLLM. We deploy diffusion loss and KL distillation loss as objective functions to optimize our
model. Following [ ], we use recti ed ow to optimize the model. Speci cally, given a ground

]

truth imagexy and a random time stapwe sample the noise dataN (0; 1) and getx; which is



GenEval DPG-Bench

Type Model Size
Single Obj Two Obj Counting Colors Position Color Attri Overall Global Relation Overall

LLaMAGen [40] 8.0B 0.98 0.71 034 081 0.17 0.21 0.32 - - 65.2
Emu3-Gen [48] 8.0B - 0.81 - 0.39 0.45 0.66' | - - 81.6
SDv1-5 [35] 0.9B 0.97 0.38 035 0.76 0.04 0.06 043 746 735 632
PixArt [3] 0.6B  0.98 0.50 044 0.80 0.08 0.07 048 750 826 711

Gen. Only  SDXL [32] 2.6B 0.98 0.74 039 085 0.15 0.23 055 833 866 747
SimpleAR [47] 8.0B - 0.90 - - 0.28 0.45 0.6 88.0 883 820
Flux [21] 12B - - - - - - 0.67 - - 84.0
Sana-1.5[57] 1.6B - - - - - - 0.82 - - 84.5
OmniGen [52] (Baseline3.8B  0.99 0.86 0.64 0.85 0.31 0.55 0.70 | 875 883 812
Chameleon [43] 7.0B - - - - - - 0.39 - - -
Show-o [58] 158 0.95 0.52 049 082 0.11 0.28 053 793 845 673
Janus [51] 158 0.97 0.68 0.30 0.84 0.46 0.42 0/61 823 855 79.7
Janus-Pro [5] 7.0B  0.99 0.89 059 090 0.79 0.66 0/80 - - 84.2
TokenFlow-XL[34] 0B 0.97 0.66 040 084 0.17 0.26 055 787 852 734

Und. and GenTokenFlow-XL[ ] 14B  0.9% 0.72 045 0.82 045 0.42 063 | 787 852 734
GOT[9] 7.9B 0.99 0.69 0.67 085 0.34 0.27 0.64 - - -
MetaQuery-XL[30] 7.0B - - - - - 0.80| - - 82.1
BLIP-30"[2] 7.0B - - - - - - 0.83 - - 80.7
BAGEL[7] 7.0B - - - - - - 0.82 - - -
MindOmni (ours) 7.0B 0.99 0.97 0.77 0.89 0.59 0.64 0.81 | 89.7 887 83.0

MindOmni  (ours) 7.0B 0.99 0.94 071 090 0.71 0.71 0.83 | 89.1 89.2 825

Table 2: Performance comparison on GenEval and DPG-Bench'Und.” and “Gen.” denote
“understanding” and “generation”, respectivélyndicates using the rewritten prompts, which may
improve the accuracy signi cantly. "Size" of uni ed models refers to the size of the LLM backbone.
MindOmni denotes the variant trained with higher-quality data [29Z i§.the released version.

denedas:x; =(1 t) + txgo. Consequently, we denote diffusion loss as:

2
Laivison = E  (xgtEeond  (xg ) )

where indicates the parameters of our model and our MindOmni. To mitigate the adverse effects
of potential distribution shift, we employ KL divergence to enforce consistency with the teacher
model in modeling the vector eld during the denoising process. Distillation loss is formulated as:

|
Lastiaton = E log( ( " (xi;t; Boond)  H ( (1 (x,;t; Feond)); (3)

where ' and ' indicate the noise latent feature ieth layer in our model and teacher model,
respectively.H represents the entropy andndicates the feature mapping. In the second stage,
we collect captions of varying granularity to construct CoT instruction data, using coarse-grained
descriptions as answer content and ne-grained descriptions as reasoning content. We also utilize
leading text-to-image model& ], 57] to retrieve corresponding high-quality images. The connector
and diffusion decoder are trained with diffusion loss only.

3.4 Stage 3: Reasoning Generation Policy Optimization

At this stage, we propose the RGPO reinforcement learning algorithm to enhance the model's
reasoning generation capabilities by explicitly generating a logical chain of thought inspired by
DeepSeek-R11[]. To achieve this, we rst construct a plain-text training dataset comprising
user instructions, ground-truth prompts, and corresponding explanations. Additionally, we design
a reasoning generation-oriented system prompt following DeepSeek-R1 to guide our model in
generating Chain-of-Thought content.

Reward Functions. During rollout process, policy model rst samplesG groups of results

fo giG:1 for each request, each comprising a reasoning chajnand a corresponding imagg. To
enhance the quality of the generated reasoning process, we introduce two types of reward functions to
guide the policy model toward producing coherent and effective outputs: i) Format reward evaluates



Spatio-Temporal

Natural Science

Type Model Size  Cultural Overall
Time Space Biology Physics Chemistry

Emu3-Gen [48] 8.0B 0.34 0.45 0.48 0.41 0.45 0.27 0.39
SDv1-5 [35] 0.9B 0.34 0.35 0.32 0.28 0.29 0.21 0.32

Gen. Only PixArt [3] 0.6B 0.45 0.50 0.48 0.49 0.56 0.34 0.47
SDXL [32] 2.6B 0.43 0.48 0.47 0.44 0.45 0.27 0.43
FLUX [21] 2.7B 0.48 0.58 0.62 0.42 0.51 0.35 0.50
OmniGen [52] (Baseline)  3.8B 0.40 0.38 0.51 0.27 0.51 0.59 0.44
Chameleon [43] 7.0B - - - - - - 0.39
Show-o [58] 1.5B 0.28 0.40 0.48 0.30 0.46 0.30 0.35
Janus [51] 1.5B 0.16 0.26 0.35 0.28 0.30 0.14 0.23
Janus-Pro [5] 7.0B 0.30 0.37 0.49 0.36 0.42 0.26 0.35

Und. and Gen. MetaQuery-XL[30] 7.0B 0.56 0.55 0.62 0.49 0.63 0.41 0.55
BLIP-30[?] 7.0B - - - - - - 0.52
BAGEL[7] 7.0B 0.76 0.69 0.75 0.65 0.75 0.58 0.70
MindOmni (w/o thinking) ~ 7.0B 0.40 0.38 0.62 0.36 0.52 0.32 0.43
MindOmni (ours) 7.0B 0.60 0.62 0.64 0.56 0.68 0.48 0.60
MindOmni  (ours) 7.0B 0.75 0.70 0.76 0.76 0.72 0.52 0.71

Table 3:Comparison with state-of-the-arts on WISE [27] benchmark. “Und.” and “Gen.” denote
“understanding” and “generation”, respectively. MindOmdenotes the variant trained with higher-

quality data [29, 2] and evaluated with thinking mode.

whether the chain of thought adheres to the expected structure, retarifiithg content is enclosed

within <think> and <answer> tags, afdtherwise. ii) Consistency reward measures the semantic
alignment between the generated image and the reference ground-truth prompt using cosine similarity
derived from CLIP image and text encoders. Then the advaitagé of thei-th output is computed

by all reward value$r;g%, , which is formulated as:

ri r . 1P
= _ ; while r= = J-Gzlrj;

Ai = Var(r)’ G “)

1P
Var(r) = s J-Gzl(r,- r)2:

KL Regularizer. During reinforcement learning, we incorporate two KL divergence-based distilla-
tion strategiesD, for text generation anB}, for image generation to penalize large deviations
between the reference model; and previous policy, thereby promoting smoother policy transitions
and mitigating the risk of forgetting previously learned knowledge. We calculate two distillation

functions ofg; as:

T . _ref 0|qu ref OIqu .

DL (i w)= " r- log ot 1 (5)
| ; B . ( (djg)

Di (i ref)=E ( (QJ@)'Ogm (6)

Finally, we optimize our policy model by minimizing the objective functlogrpo as follows:

h i
b Lerro= E q P(Q)ifogl, 2a(OJa) @)
17 G i (0ij®) A -qlin —(0id) . N TpT Inl
& iz1 Min WA.,cllp old(o‘jq),l p 1+ A Dy DiL

where , T and ' are hyper-parameters.

4 Experiments

We conduct extensive experiments to evaluate the effectiveness of our MindOmni and compare it to
the widely adopted large language models across diverse multimodal understanding and generation
benchmarks under a fair evaluation setting.



Figure 4:Curves of different Metric in RGPO. “Completion Length” indicates the output length of
the policy model during rollout process.

Model Size MMMU MMB RWQA
Und. only
LLaVA-OV [27] 7.0B 488 80.8 66.8
Emu3-Chat [48] 8.0B 316 585 574
Qwen2.5-VL[1] 7.0B 51.1 834 689
Und. and Gen.

Janus-Pro [5] 7.0B 410 79.2
TokenFlow-XL [34] 14B  38.7 68.9 58.3
MetaMorph [45]  8.0B 41.8 752 68.8

MindOmni (ours) 7.0B 51.6 83.2 68.1

Figure 5: Scatter plot showing the performance ] )
on WISE Benchmark. The Y and X axes represent 1able 4:Performance Comparison on Vi-
the overall score and training step during RL, respeciion Understanding Benchmarks."Und.
tively. The size of each circle re ects the completion@nd “Gen.” ~denote “understanding” and
length of our model in a certain step. generation,” respectively.

4.1 Training Details

We utilize the open-sourced image-caption p&irs B9 and in-house data as training data. Group
NumberG, KL coefcient ' and T in RGPO are set a4 0:06 and0:01 by default. Due to the
limited space, detailed contents are present in Appendix A.1.

4.2 Main Results

Image Understanding and Generation. Our performance on image understanding is shown in Ta-
ble 4. We rst evaluate our MindOmni on understanding benchmarks (MMHIE), MMBench [67]

and RealworldQA). Due to the inclusion of the text KL regularization term, the model's performance
after reinforcement learning ne-tuning remains nearly identical to the original VLM backbone,
with only a 0.1% average difference. MindOmni boots previous uni ed counterparts, Janus-Pro by
10.6% on MMMU and MetaMorph by 9.8% on MMBench. Furthermore, we validate our common
text-to-image generation ability on GenEval’] and DPG-Benchl6]. MindOmni achieves state-of-
the-art performance on GenEval in uni ed MLLM with 83% overall score as shown in Table 2. We
build MindOmni based on OmniGe#i §], which outperforms MetaQueng[] with Sana [7] as the
generator on DPG-Bench by 0.4% as shown in Table 3.

Reasoning Generation. To evaluate the reasoning-aware generation ability of our proposed Min-
dOmni, we benchmark it against a broad set of existing generative-only and uni ed models using a
comprehensive evaluation suite/] that spans cultural knowledge, spatio-temporal reasoning (time
and space), and natural science domains (biology, physics, and chemistry). As shown in Table 3,
MindOmni outperforms all methods across nearly all reasoning subcategories, achieving an overall
score of 0.71 with the thinking mode. Speci cally, MindOmni surpasses prior uni ed models such as
MetaQuery-XL [B(] (0.55 overall) by notable margins in both time reasoning and physics reasoning.
Compared to leading generative-only models such as FLUX (0.50 overall) and PixArt (0.47 overall),
MindOmni demonstrates consistent advantages across every category, re ecting the bene t of joint
understanding-generation training and CoT-guided reinforcement learning. Additionally, Fig. 4



Figure 6:Qualitative comparison among leading models on reasoning-aware image generation.

Stage 1 Stage 2 Stage 3 GenEval WISE Type Layer Param. #FLOPs GenEval
X 0.73  0.42 Number
X X 0.81 0.54 MLP 1 0.1% 2G 0.63
X X 0.72 0.49 Decoder 1 1.5% 31G 0.68
X X X 0.81 0.60 2 3.0% 60G 0.73

Table 5:Effectiveness of the training stages.  Table 6:Impact of different connectors.

illustrates the progression of various metrics throughout the reinforcement learning process, with
steady increases in both the consistency reward and completion length. However, as shown in Fig. 5,
merely increasing the length of output thinking content does not lead to better end results.

4.3 Qualitative Results

We visualize and compare advanced text-to-image methads§, 57] and uni ed systems on the
reasoning generation task, including GPT-4&][and Gemini-2.513] as depicted in Fig. 6 and Fig. 7.

In the absence of a reasoning mode, GPT-40 is unable to perform reasoning generation for scenarios
involving mathematical logic and physical perception. More basic text-to-image results are shown
in Fig. 8 in Appendix.

4.4 Ablation Study

Effectiveness of Training Stage. We conduct an ablation study to assess the contribution of each
training stage. As shown in Table 5, stage 1 (pre-training) initially expands the generation capability
of MindOmni. Adding Stage 2 (thinking template SFT) brings a signi cant boost, especially on
WISE (+0.12). In contrast, skipping Stage 2 and applying RGPO alone leads to a drop in GenEval
(0.72) and a smaller WISE boost (0.49), suggesting the necessity of CoT instruction SFT.

Impact of Different Connectors. We brie y compare 2 types of projectors and nd that using the
decoder projector can better convey the semantic from VLM.

Ablation on RGPO. We evaluate our algorithm's performance under various settings for the RGPO
stage, including the KL coef cient, group numbers, and reward strategies as shown in Table 7, Table 8
and Table 9, respectively. Consistency reward plays a key role in steering reasoning generation, and
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