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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 unified 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 unified vision language model with a decoder-only diffu-
sion module, ii) supervised fine-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 fine-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-XL [32], FLUX [21], and Sana [57] generate images by
leveraging textual descriptions as conditioning signals. However, they encounter two key challenges:
1) The use of a fixed 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 defined as reasoning generation capacity.
Previous studies build unified MLLMSs capable of both understanding and generation to address the
first challenge. These approaches employ learnable queries [1 1, 8, 30] or direct projector [45] to
implicitly extract semantics from VLMs, or integrate text token autoregressive and image generative
processes within a single transformer [58, 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 VLMs [59, 33] and LLMs [37,

], recent works [61, 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
inflexible CoT templates, limiting their applicability to more complex reasoning scenarios. Following
the success of Deepseek-R1 [14], subsequent research [65, 4] has shown that incorporating the Group
Relative Policy Optimization (GRPO) [37] algorithm into textual reasoning pipelines significantly
enhances VLM performance on mathematical and coding tasks by automatically producing accurate
and diverse CoT trajectories. This observation prompts a fresh perspective: Can reinforcement
learning be leveraged to unleash the reasoning generation capabilities of unified 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 unified vision understanding and generation,
which includes a vision language model [ 1], a lightweight connector, a text head, and a decoder-only
diffusion module [52]. Prior studies [14, 65] have shown that applying reinforcement learning
following supervised fine-tuning can significantly enhance algorithmic performance. Therefore, we
construct a series of coarse-to-fine 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 X2Image Unified End-to-End  Fine-grained  Explicit RL
Generation Und. & Gen. Pipeline Image Editing CoT Augmented
Janus-Pro [5] X (4 v X X X
MetaMorph [45] X v (%4 X X X
GoT [9] v X X 4 4 X
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 fine-grained editing capabilities, covering general edits as well as computer vision tasks
like instance segmentation. Remarkably, after fine-tuning with some specific 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 [22]
by 2.4% on MMBench [62] and boosts Janus-Pro [5] by 10.6% on MMMU [63]. 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 Unified Model for Understanding and Generation

Unified multimodal LLMs have demonstrated the ability to perform both understanding and genera-
tion tasks within a single framework. Early research DreamLLLM [8] and Emu-series [42, 41] predict
the next multimodal element by regressing visual embeddings and integrate a separate diffusion
U-Net to achieve image generation. Chameleon [43] and Emu3 [48] discretize visual features and
train token-based autoregressive models on mixed image-text data. Furthermore, TransFusion [64]
and Show-o [58] integrate the denoising mechanism and autoregressive approaches within a single
transformer model. However, many of these unified models still fall short of the performance of
task-specific architectures. In an effort to bridge this gap, Janus [51] uses distinct tokenizers for
understanding and generation tasks, whereas TokenFlow [34] employs dual codebooks with shared
mappings to facilitate the integration of low- and high-level features. Some methods [18, 23] aim
to incorporate a unified 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-ol [28] makes a significant 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 learning [37, 20], majority
voting [49], and search algorithms [19, 10] as ways to scale test-time compute and improve reasoning
performance. Notably, DeepSeek-R1 [14] demonstrates exceptional reasoning performance after
only a few thousand steps of RL training, leveraging the GRPO [37] algorithm. 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 significant strides in recent years, garnering consid-
erable attention from the academic community. PARM [15] utilizes an iterative reasoning process
to enhance image quality by combining clarity and potential evaluation. RPG-DiffusionMaster [0 1]
employs a multimodal learning model (MLLM) for text-to-image diffusion, ensuring coherence in
the generated output by breaking prompts into multiple sub-regions. GoT [9] introduces a struc-
tured language reasoning framework to build a generative thinking chain, first analyzing semantic
relationships and spatial arrangements, and then generating and editing images. However, GoT’s



{User: The two chords | ~ | [ You are a helpful assistant. When the user requests an image, the assistant first thinks |

4 1ABandCDin the circle | about the reasoning process in the mind and then provides the user with concise prompt |
i intersect at E, £D = 35°
E | £AEC = 105°, then £C=|
O '
:; :

! User:

! Replace the |
! animal with |
! abird.

as the answer. The reasoning process and answer are enclosed within <think> </think> |
and <answer> </answer> tags, respectively, i.e., <think> reasoning process here !
</think><answer> answer here </answer>. !
| User: Generate a image of the animal after growing up.

ViT Text Text ViT VAE Text
Encoder Tokenizer Tokenizer Encoder  Encoder  Tokenizer
Multi-Modal Large Language Model
—» Connector —=(C) <
Concatenate Time  Noise
l l Step Tokens (Camezgie
Text Text I . ¥
Tokenizer Tokenizer Diffusion Decoder Concatenate
Time  Noise
I l Step  Tokens
3"‘55‘5“'!“ The! | assistant: <think> To generate an image according to the given instruction, we Diffusion Decoder
1answer is B. need to consider what the tadpole will look like once it has grown into a frog. |
! Typically, a frog is characterized by its four legs, a flat body, and a prominent head
! with two eyes on top. The tail, which is a distinct feature of the tadpole stage, will |
| have disappeared as the frog develops... </think> <answer> ...For the image itself, |
! you could depict a frog sitting on a rock, possibly near water, given that most frogs | &
i live in or near water sources during their tadpole phase but transition to terrestrial 1
| envi as adults... :
Function A: Vision Understanding Function B: Multimodal Reasoning Generation Function C: Vision Editing

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

independent structure limits its flexibility and adaptability. Meanwhile, SimpleAR [47] demonstrates
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 unified multimodal large model (MLLM) for both
generation and understanding, enabling deeper reasoning-driven generation.

3 Method

In this section, we first present the pipeline formulation and describe our proposed model, MindOmni,
for unified 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 unified 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 models [65, 4, 14] has inspired us to introduce
reinforcement learning algorithms into our framework to unleash the reasoning generation power.

To build a unified 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 models [ !, 6, 22] show substantial world knowledge and cross-modal reason-
ing skills but lack effective generation capabilities. In contrast, existing generative models [32, 2 1]
produce high-quality renderings but struggle to interpret complex semantic controls, such as logical
reasoning or multimodal inputs. Furthermore, significant structural differences between VLMs and
DiTs [31] also hinder smooth mode integration. To address it, we develop our MindOmni based on
Qwen2.5-VL [1] and OmniGen [52]. The former is an advanced vision language model, and the latter
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Figure 3: Overview of Training Pipeline. We propose a three-stage training framework comprising
pretraining, instruction-based supervised fine-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 I and a corresponding user linguistic request for vision
understanding, MindOmni first extracts continuous vision features by a pretrained ViT of Qwen2.5-
VL and encodes the text into n discrete tokens 7' = (t1, to, ..., t,,) with an LLM tokenizer as shown
in Function A of Fig. 2. Subsequently, the model samples the output text embedding ¢,; and
detokenizes the final output according to the conditional probability:

n+1
P(ti,to, ..stny1|I) = H P (tilty,ta, ... ti1, ). (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 first 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 process) F''™ along with m noise latent tokens { FO's¢| Froise ~ A/(0,1)}7

to the prior tokens F'°°d which 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 fine 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 for NV 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 first two
stages, we enable the model to initially achieve basic text-to-image generation and editing capabilities.
In the first stage, we only train the connector using image-text pairs [39, 36] and X2I data pairs [52],
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 [21, 52], we use rectified flow to optimize the model. Specifically, given a ground
truth image z and a random time step ¢, we sample the noise data ¢ ~ A(0,1) and get x; 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 - 0.817 - - 039" 045t 066f| - - 81.6
SDv1-5 [35] 09B 097 0.38 035 076 0.04 0.06 043 | 746 735 632
PixArt [3] 0.6B  0.98 0.50 044 080 0.8 0.07 048 | 750 826  7L1

Gen. Only ~ SDXL [32] 26B 098 0.74 039 085 0.5 0.23 055 | 833 866 747
SimpleAR [47] 8.0B - 0.90 - - 0.28 0.45 0.63 | 880 883 820
Flux [21] 12B - - - - - - 0.67 - - 84.0
Sana-1.5[57] 1.6B - - - - - - 0.82 - - 84.5
OmniGen [57] (Baseline)3.8B  0.99 0.86 0.64 085 031 0.55 070 | 87.5 883 812
Chameleon [43] 7.0B - - - - - - 0.39 - - -
Show-o [58] 15B 095 0.52 049 082 0.11 0.28 053 | 793 845 673
Janus [51] 15B 097 0.68 030 084 046 0.42 0.61 | 823 855 797
Janus-Pro [5] 7.0B  0.99 0.89 059 090 0.79 0.66 0.80 - - 84.2
TokenFlow-XL[34] 10B 097 0.66 040 084 0.17 0.26 055 | 787 852 734
TokenFlow-XL[34] 4B 093" 072f 0457 082" o045t 042" 0637|787 852 734

Und. and Gen.
GOT[Y] 79B  0.99 0.69 067 085 034 0.27 0.64 - - -
MetaQuery-XL[30] 7.0B - - - - - - 0.80T| - - 82.1
BLIP-30%[2] 7.0B - - - - - - 0.83 - - 80.7
BAGEL[7] 7.0B - - - - - - 0.82 - - -
MindOmni (ours) 7.0B  0.99 0.97 077 089 059 0.64 0.81 | 897 887 830
MindOmni* (ours) 7.0B  0.99 0.94 071 090 0.71 0.71 0.83 | 89.1 892 825

Table 2: Performance comparison on GenEval and DPG-Bench. “Und.” and “Gen.” denote
“understanding” and “generation”, respectively. T indicates using the rewritten prompts, which may
improve the accuracy significantly. "Size" of unified models refers to the size of the LLM backbone.
MindOmni* denotes the variant trained with higher-quality data [29, 2]. ¥ is the released version.

defined as: x; = (1 — t)e + txo. Consequently, we denote diffusion loss as:
2
| } : @

where 0 indicates the parameters of our model and 7 is our MindOmni. To mitigate the adverse effects
of potential distribution shift, we employ KL divergence to enforce consistency with the teacher
model p in modeling the vector field during the denoising process. Distillation loss is formulated as:

—_—

Ediffuison =E |:H7-r6(1.t’t7Fcond) - (IO - 6)

L:distillation =-E [log(gb(ﬂé (l't, tv F/‘_C\(;Ej))} - H(d)(p’l (xta tv Fm))v (3)

where 7* and ,ui indicate the noise latent feature of i-th layer in our model and teacher model,
respectively. H represents the entropy and ¢ indicates 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 fine-grained descriptions as reasoning content. We also utilize
leading text-to-image models [21, 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-R1 [14]. To achieve this, we first 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 7y first samples G groups of results
{Oi}?:l for each request ¢, each comprising a reasoning chain o} and a corresponding image o!. 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
PixArt [3] 0.6B 0.45 0.50 0.48 0.49 0.56 0.34 0.47

Gen. Only
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 [5”] (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 [5¢] 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. MindOmni* denotes the variant trained with higher-
quality data [29, 2] and evaluated with thinking mode.

whether the chain of thought adheres to the expected structure, returning 1 if the content is enclosed
within <think> and <answer> tags, and 0 otherwise. 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 advantage A; of of the i-th output is computed
by all reward values {r;}$_,, which is formulated as:

‘_Ti_'f‘ . 7_& G ‘ _l a e
A= Var(r)’ while 7 = szzlrﬂ’ Var(r) = GZ]’:I(T] ). “

KL Regularizer. During reinforcement learning, we incorporate two KL divergence-based distilla-
tion strategies, D, for text generation and D, for image generation to penalize large deviations
between the reference model 7,.; and previous policy, thereby promoting smoother policy transitions
and mitigating the risk of forgetting previously learned knowledge. We calculate two distillation
functions of o; as:

et (07 |9) et (07 |9)
DL (mg||7y) = 3ol —log — 222 — 1, 5)

KL( || f) o (021“|q) 0 (Oﬂq)

¢(m(0]]q))
DLy (mg|Tres) = E [(b mo(0!]q))log————2 | . ©6)
KL( H f) ( ( | )) (b(ﬂ"r'ef(oﬂq))
Finally, we optimize our policy model by minimizing the objective function Lgrpo as follows:

Lorro = ~E [q ~ P(Q), {oi}L, ~ ma,,(0lq)] -

16, (min (MA clip (M 1—e 1+ 5) Ai) _BTDL — 5ID{<L) ,

T (0i1q) Togq(0ila)’

where €, 37 and 3! 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.
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4.1 Training Details

We utilize the open-sourced image-caption pairs [36, 39] and in-house data as training data. Group
Number G, KL coefficient 37 and 87 in RGPO are set as 4, 0.06 and 0.01 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 first evaluate our MindOmni on understanding benchmarks (MMMU [63], MMBench [62]
and RealworldQA). Due to the inclusion of the text KL regularization term, the model’s performance
after reinforcement learning fine-tuning remains nearly identical to the original VLM backbone,
with only a 0.1% average difference. MindOmni boots previous unified 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 [12] and DPG-Bench [ 6]. MindOmni achieves state-of-
the-art performance on GenEval in unified MLLM with 83% overall score as shown in Table 2. We
build MindOmni based on OmniGen [52], which outperforms MetaQuery [30] with Sana [57] 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 unified models using a
comprehensive evaluation suite [27] 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. Specifically, MindOmni surpasses prior unified models such as
MetaQuery-XL [30] (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, reflecting the benefit of joint
understanding-generation training and CoT-guided reinforcement learning. Additionally, Fig. 4
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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
r

v 073 042 Numbe

v v 081 054 MLP 1 01% 2G 063

v /072 049 1 15% 31G 068
Decoder

v v v 081 060 2 30% 60G 073

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 methods [21, 38, 57] and unified systems on the
reasoning generation task, including GPT-4o [29] and Gemini-2.5 [13] 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 significant 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 briefly compare 2 types of projectors and find 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 coefficient, 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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Figure 7: Qualitative comparison among leading models on reasoning-aware image generation
with multimodal user input.

BT BT GenEval WISE Group GenEval WISE Format Consistency WISE
0 001 079 538 Number Reward Reward
0.01 0.06 0.81 59.8 2 0.79 59.2 v 56.1
0.004 0.01 0.80 58.9 4 0.81 59.8 v 59.4
0.01 0 0.78 58.2 6 0.79 59.3 v v 59.8

Table 7: Effectiveness of differ- Table 8: Effectiveness of dif- Table 9: Effectiveness of dif-
ent KL coefficient. ferent group numbers. ferent reward strategies.

the inclusion of KL divergence for the visual modality helps the model maintain its fundamental
text-to-image generation abilities.

5 Conclusion

In this paper, we introduce MindOmni, a unified MLLM that enhances reasoning generation through
reinforcement learning. Our three-phase training strategy significantly achieves impressive perfor-
mance on both vision understanding and text-to-image generation tasks, outperforming existing
counterparts. Furthermore, MindOmni demonstrates strong reasoning-aware generation capabili-
ties, including mathematical problem-solving and time-space perception, paving the way for future
advancements in multimodal Al systems.
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A Appendix

Figure 8: More qualitative results across different resolutions.

A.1 TImplementary Details

In the first stage of training, we utilize the Laion COCO [36] and JourneyDB [39] image-caption pairs
as foundational text2image data. Additionally, we incorporate the X2I dataset [52], which includes
tasks for computer vision [54], in-context learning, multi-modal instructions, and subject-driven. To
further enrich our dataset, we leverage Sana [57] and Flux [21] to generate high-quality images based
on the existing prompt. During training, we use a constant learning rate scheduler with an initial
rate of 1 x 10~* and a weight decay of 0.05. The model is trained with a batch size of 1024 using
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images at a resolution of 256 x 256. In the second stage, we employ Qwen2.5-VL [1] to generate
CoT instruction data. At this stage, we progressively increase the training resolution to 512 x 512,
while reducing the learning rate to 5 x 10~°. In the final stage, we utilize Qwen3 [44] to generate a
dataset of logical reasoning texts, which serve as training data for reinforcement learning. We adopt a
cosine scheduler following previous works [52, 53, 55] during the reinforcement learning phase.

We evaluate our method during multimodal understanding and various generation benchmarks.
Specifically, our model is evaluated on MMMU [63], MMBench [62] and RealworldQA for image
understanding. As for basic image generation tasks, we evaluate our model on GenEval [12],
which involves various metrics such as counting, colors, and position. We also evaluate our text-to-

image generation capability on DPG-Bench [
generation evaluation on WISE [

] following previous methods [5,
] Benchmark, we perform our MindOmni into thinking mode and

]. For reasoning

generate the corresponding image with 1024 x 1024.

A.2 Image Editing Performance

We conduct evaluations on GEdit [

In detail, under the fair setting as previous models [25,

] to verify the performance on image editing task of our method.

], our model achieved SC and PQ scores of

6.55 and 6.92, respectively, with an overall accuracy of 5.95.

A.3 Detailed Response of Our MindOmni

For the user input of different reasoning generations in Fig. 1, the detailed response of our model
MindOmni is shown in Fig. 9, Fig. 10, Fig. 11 and Fig. 12.

User: Generate an image of an animal with (3 + 6) lives.

MindOmni: <think> To generate an image based on the instruction "An
image of an animal with (3 + 6) lives," we first need to interpret the
mathematical expression given: \\(3 + 6 = 9\\). This suggests that the
animal should have nine lives, which is a common characteristic
associated with mythical creatures like cats or dragons.

Given this interpretation, | would suggest creating an image of a cat,
which is known for having nine lives. The image could be a digital
drawing or illustration of a cat, possibly with a playful and whimsical style
to reflect its enduring and resilient nature.

The instruction does not specify the type of animal further, but commonly,
a cat is used when referring to the concept of "nine lives" due to the
popular belief that a cat can survive falls from great heights, often
attributed to its ability to land on its feet.

For the image:

- The cat could be depicted in a simple yet vibrant drawing.

- It might be shown in a dynamic pose, perhaps mid-leap or after a sudden
turn.

- The cat could have a light, fluffy appearance with large eyes

and a small body, capturing the classic cartoonish representation of a cat.

This approach aligns with the whimsical and imaginative nature typically
associated with the idea of a cat having nine lives.</think>

<answer> To create an image according to the instructions, you could
generate a digital drawing or illustration of a cat. The cat should have a
playful and whimsical style, possibly depicted in a dynamic pose such
as mid-leap or after a sudden turn.

The cat could be drawn with a light, fluffy
appearance, large eyes, and a small body,
capturing the classic cartoonish
representation of a cat. This image would
visually represent the concept of the cat
having nine lives, as traditionally associated
with feline resilience and agility. <IMG>
</answer>

User: An elephant and a rabbit stand on both sides of a seesaw.

MindOmni: <think> To generate an illustration of an elephant and a rabbit
standing on both sides of a seesaw, we need to consider a few key elements:
the size difference between the elephant and the rabbit, the balance and
movement implied by the seesaw, and the positioning of the animals.
Elephants are much larger than rabbits, so they would be on one end of the
seesaw, while the rabbit would likely be at the other, opposite end.

The seesaw is typically represented as a horizontal bar balanced on a central
fulcrum. The elephants and the rabbit would each be standing on a platform
or platform-like structure that extends from either side of this central bar. The
elephant’s end would be lower because its mass is significantly greater than
the rabbit’s. The rabbit‘s end would likely be higher due to the balancing
effect of the seesaw.

In terms of style, the illustration could be cartoonish for a simple, child-
friendly look, or more realistic if aiming for a detailed and lifelike depiction.
The background can be minimal, perhaps just suggesting an open space,
which keeps the focus on the main subjects.

To create such an image, one might start with a simple sketch, then add
details like the elephant’s trunk, the rabbit’s long ears, the seesaw’s balance
point, and the platforms. Color choices could include earthy tones for the
elephant (like brown) and lighter, more playful colors for the rabbit (like pink
or yellow). </think>

<answer>Creating an image of an elephant and a rabbit on a seesaw involves
drawing or digitally rendering two large elephants and a small rabbit placed at
opposite ends of a seesaw. The elephant should be standing on a platform
near one end of the seesaw, and the rabbit should be on the opposite end.
The seesaw should be shown balancing in the middle point, with the
elephant’s end appearing lower due to its larger mass and the rabbit’s end
appearing higher.

For a simple illustration:

1. Sketch the outline of the seesaw with the fulcrum in
the center.
2. Add the elephant on one side with its trunk possibly
hanging down or interacting, and the rabbit on the
other side.

3. Color the elephant in darker shades, the rabbit in
lighter, playful colors.

4. Ensure the seesaw is balanced correctly, with the
elephant’s end lower and the rabbit’s end. <IMG>
</answer>

Figure 9: Detailed response of our MindOmni.
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User: A pool at minus ten degrees Celsius. User: Scene in the Sydney Opera House when New York is at noon.

MindOmni: <think> To generate an image of a pool at minus ten degrees MindOmni: <think>To generate an image of the Sydney Opera House when
Celsius, one should consider the freezing point of water (0°C or 32°F) New York is at noon, we need to consider the geographical and time

and the consequences of the water freezing below this temperature. At difference between Sydney (which is in the Eastern Australia Time Zone) and
minus ten degrees Celsius, water would indeed be frozen into ice, forming New York (which is in Eastern Standard Time). The time difference between
a solid surface. The appearance would likely include a clear, uncolored ice these two locations is approximately 15 hours, with New York being 15
layer covering the pool's water, which, due to the cold, would have a hours ahead of Sydney. Therefore, when it‘s noon in New York, it would be
glassy, possibly cloudy texture. The image would depict a scene where the approximately 3 AM in Sydney.

entire body of water is frozen, creating a hard, icy surface on top.
The image should reflect the interior of the Sydney Opera House during this

To create such an image, it might involve drawing or digitally rendering a late hour of the night or early morning. The distinctive curved shell-like
rectangular or circular pool shape filled with a smooth, flat, transparent structures characteristic of the Opera House would likely be illuminated by
ice layer. The background could show the outline of the pool with visible the artificial lighting inside the building, which would contrast with the dark
edges, suggesting a boundary for the frozen area. The ice surface can be surroundings outside. The seating areas, corridors, and architectural features
depicted in a light blue or white color, with subtle shading to indicate the would be highlighted.

thickness of the ice and any slight irregularities that could be present in

real-life scenarios. The image should not include any liquid water, as at Given that the specific time would be close to dawn, there might be a subtle
minus ten degrees Celsius, the water has already frozen. hint of light or the appearance of sunrise through windows or doors leading

to the interior.
The visual representation will be static, as the image would not capture

movement; it would focus solely on the frozen state of the water, In terms of capturing this scene artistically, the focus would be on the
highlighting the transformation from liquid to solid under extreme cold interplay of shadows and light within the interior design of the Opera House,
conditions.</think> emphasizing the futuristic and modern aesthetic of the structure. The overall
<answer> To create the image, start by drawing a rectangular or circular atmosphere would be calm and serene, with the darkness outside juxtaposed
outline representing the pool. Fill the pool with a flat, transparent ice against the bright interior lights.</think>

layer that covers the entire surface. The ice can be rendered in a light blue <answer> This could be best conveyed through a digital illustration or a photo
or white color, with slight variations in hue to suggest thickness and the composition. You might use software like Adobe Photoshop or digital drawing
potential for small air bubbles or impurities trapped in the ice. Ensure the tools where you draw or composite elements of the interior of the Sydney

ice layer is smooth but shows some variation in texture to reflect its real- Opera House, specifically highlighting its iconic architectural features like the
world appearance. white curves and the rows of seating, all rendered inside the building.

The overall image should emphasize the The scene would be set in a still, minimalist

immobility and stillness of the frozen water, with
no indication of liquid water beneath the ice. The
icy surface should be depicted as a hard, solid
cover over the entire pool area, with no thawing or
melting visible in the image. The environment
surrounding the pool should be kept neutral to
avoid drawing attention away from the main
subject—the frozen pool. <IMG> </answer>

environment mimicking 3 AM, with ambient lighting
creating soft patterns across the surfaces of the seats
and the ceiling. You could add a faint glow from the
windows showing the beginning of daylight outside
to provide a sense of the time. The lighting within
the Opera House would depict a variety of light
sources: warm accent lights for dramatic effect, and
the soft, scattered lights from a dim evening
ambiance. <IMG> </answer>

Figure 10: Detailed response of our MindOmni.

A4 Limitation&Future Work
In this work, our Chain-of-Thought (CoT) content is presented in plain text, while multimodal CoT
processes will be addressed in future research. Furthermore, enhancing reasoning efficiency [24] and

expanding the unified model to support additional modalities and tasks [56, 17, 60, 66, 46] represent
promising prospects for future investigation.

A.5 More Qualitatvie Results

We provide more qualitative results about text2image generation of our MindOmni as shown in Fig. 8.
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User: An image of China's national treasure animal.

MindOmni: <think> To generate an image of China's national treasure
animal, one should consider which animal is commonly recognized as the
"national treasure" in Chinese culture. This is often the giant panda
(Ailuropoda melanoleuca). Pandas are iconic symbols of China and are
known for their distinctive black-and-white fur pattern.

The instruction does not specify the medium or style of the image, so we
can create a digital illustration of a panda. Pandas typically have a round
face, large dark eyes, and a body that is mostly white with black markings
around their eyes, ears, legs, and shoulders.

For the style, a simple cartoon-like or realistic style could be used,
depending on the intended audience and context. If the image is meant to
be educational or for children, a cartoonish style might be more
appropriate. For a more formal or artistic representation, a more detailed
and realistic depiction would be suitable.</think>

<answer> To create an image of China‘s national
treasure animal, such as a giant panda, you could
start by drawing the characteristic features: a
round face, large dark eyes, and a body that is
predominantly white with black patterns around
the eyes, ears, legs, and shoulders. A simple
cartoon style or a more detailed, realistic
rendering can both capture the essence of a
panda. <IMG> </answer>

User: An image of multiple apples, the quantity of apples is the solution to
the equation “x"2 +2 =11".

MindOmni: <think>To generate the image, we need to solve the given
equation for x first: \(xA2 + 2 = 11\). Subtracting 2 from both sides gives us
\(x"2 = 9\). Taking the square root of both sides, we get \(x = \pm3\). Since
the number of apples must be a positive integer, we consider only the
positive solution, which is 3. Therefore, the image should depict three
apples.

The next step is to create an image that visually represents this solution. This
could be a simple drawing or a digital illustration showing three apples. The
apples can be depicted in any style, such as a cartoonish or realistic
representation, but the key point is that there should be exactly three apples
in the image.</think>

<answer> To create the image, you would draw or digitally render three
apples. The apples can be placed in a row, stacked, or arranged in any other
way that clearly shows the number three. The image should be simple enough
to convey the solution to the equation \(x2 + 2 = 11\) by visually
representing the quantity of apples, which is 3.

You might use a white background with the apples

in a natural color like red or green, depending on

your preference. If you‘re using a digital tool, you

can draw the apples directly or use clip art to place

them in the image. The focus should be on clarity

and simplicity to ensure the viewer can easily

understand that the image represents the solution

to the equation, which is three apples. <IMG>

</answer> L )

Figure 11: Detailed response of our MindOmni.

User: <IMG1> Generate an image of the animal growing up.

MindOmni: <think> To generate an image according to the given
instruction, we need to consider what the tadpole will look like once
it has grown into a frog. Typically, a frog is characterized by its four
legs, a flat body, and a prominent head with two eyes on top. The
tail, which is a distinct feature of the tadpole stage, will have

ppeared as the frog d
frog involves significant physical changes that include the
development of hind legs before the front legs,

lops. The transition from tadpole to

the growth of the lungs for breathing air, and the transformation of the tail into hind legs. The

skin also thickens, becoming smoother and drier.

Given the instruction to generate an image of the animal after growing up, | will create a
depiction of a fully developed frog, which is the adult form of the frog species depicted here.
</think><answer> To generate an image of a frog after the tadpole stage, you might imagine a
frog with a robust body, smooth and dry skin, and four sturdy legs, including hind legs that are
well-developed and strong enough to support the frog's weight. The frog's head would be large
and round, with bulging eyes. It would likely have a streamlined body shape and a broad snout

with a moist appearance.

For the image itself, you could depict a frog sitting on a rock, possibly near water, given that
most frogs live in or near water sources during their tadpole phase but transition to terrestrial
environments as adults. The frog's coloration can vary greatly depending on the species, but
many frogs have patterns that help them blend into their environment, such as green, brown, or

spotted patterns.

Since you didn't specify any particular species of frog, the image could
represent a generic frog, which would typically have these characteristic

features.

Please note that this description is a general representation based on
common frog characteristics. If you‘re looking for a specific species,
additional details about the frog’s appearance, such as coloration and
pattern, would be necessary to accurately depict the frog.

<IMG2></answer>

Figure 12: Detailed response of our MindOmni.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The claims in the abstract and introduction accurately reflect our motivation
and contribution.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We have discussed the limitations of our work.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: The paper does not include theoretical results.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We describe the experimental details both in the main paper and the appendix.
We will make our code publicly available, along with detailed instructions for reproduction.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We provide the core part of our code in the supplementary material.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The complete experiment details are introduced in the main paper and the
appendix.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: We provide the statistical analysis results in the appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We have described the resources required to perform our experiments in the
appendix.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Our work conforms with the NeurIPS Code of Ethics in every respect
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer:

Justification: Our work mainly focuses on the research of basic neural network architecture.
We have identified no potential negative social impacts.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: Our paper poses no such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The creators or original owners of assets (e.g., code, data, models), used in the
paper, are properly credited as well as the license and terms of use explicitly are mentioned
and properly respected.

Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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14.

15.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: No new assets introduced.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Our work does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: Our work does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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