
MILR: Improving Multimodal Image Generation    

via Test-Time Latent Reasoning



Text-guided image generation

Diffusion

Autoregressive

Eg. Stable Diffusion3, FLUX.1-dev…

Eg. LlamaGen, Emu3, Show-o, Janus-Pro 

making it feasible to build unified multimodal

understanding and generation (MUG)



Traditional models are limited in generating images in a single-shot fashion

and thus are unable to resolve potential defects 

Prompt: A flower that symbolizes purity in China.

Answer: [Referring to lotus]

SD3-medium

only prompt with answer 

in prompt

SD3-medium

Inspired by the success of reasoning-augmented LLMs.

Image generation needs reasoning ability



Reasoning-augmented image generation

Language Space Image Space Language & Image Space

Reflect-DiT PARM T2I-R1

1. Early works lack a mechanism for synergistic reasoning across the two spaces.

2. require carefully curated reasoning data and depend on model fine-tuning, complex and costly.



MILR: Multimodal Image generation via test-time Latent Reasoning

1. reason in a unified latent vector space that encodes both text and images

2. use the policy gradient method to perform test-time image generation without finetuning.



Framework

Core policy gradient optimization

the outputs 

of the last 

Transformer 

layer

REINFORCE (Williams, 1992)



Experiment Implementation

Base model: Janus-Pro

fraction set:

Adam optimizer, learning rate = 0.03

a single NVIDIA A100 80GB GPU



Main results

1. Our method achieve good performance across GenEval, T2I-CompBench, WISE benchmark           

2. MILR surpasses frontier non-reasoning models (SD3-Medium, BAGEL), training-based reasoning 

models (e.g., GoT-R1 and T2I-R1), test-time reasoning models (ReflectionFlow and PARM)



Qualitative results

MILR is capable of geometric, temporal, and cultural reasoning.



Ablations

Joint image-text reasoning in the unified latent space leads to the best performance. 



Analysis

Scaling up the number of optimization steps improves performance on all benchmarks.



Analysis

Optimizing a moderate amount (e.g., 20%) of text tokens leads to the best performance.

Optimizing a tiny amount (e.g., 2%) of image tokens gives rise to the best result.



Reward Model Analysis
In real-world scenarios, oracle rewards are usually unknown. To show that MILR is

effective without the reliance on oracle , we test it with a set of off-the-shelf reward models

It shows that MILR is robust to different reward models.



Error cases

Adding L2 regularization helps mitigate reward hacking



Future Research  

● Generalizability: It is interesting to see if the effectiveness of MILR transfers to 
diffusion-based MUG.

● Better reward models: our experimental results have revealed that the 
strongest non-oracle reward model still lags behind the oracle reward. Thus, 
future work is well-suited for designing reward models that can generalize. 

● Another paradigm : Maybe it is interesting to see another paradigm of latent 
reasoning in image generation.
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