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Motivation

Reinforcement learning requires expensive and manually 
annotated multi-modal data–an ultimately unsustainable 
resource.

To overcome this data-dependency, a paradigm shift is 
required towards a third stage of post-training beyond SFT 
and RL, dedicated to the continual self-improvement of 
MLLMs through synthetic and unlabeled data. We formalize 
this third-stage paradigm as Unsupervised Post-Training.
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Training Method

MM-UPT introduces a self-rewarding mechanism using majority voting as pseudo-labels 
based on the online reinforcement learning. This strategy is also adopted in some concurrent 
works, such as TTRL and SRT.



Data Synthesis
In-Context Synthesizing. 
To synthesize new samples, we provide the model with the full triplet and instruct it to generate a new question that is 
semantically distinct from the original but relevant to the same image. This strategy helps generate task-relevant and
meaningful variations of the original question, as well as ensure the quality of synthetic questions.

Direct Synthesizing. 
Here, the model receives only the image and is prompted to freely create a new question without any reference to the 
original question. This open-ended formulation encourages the model to generate a wider range of diverse and novel 
questions based solely on the visual input, rather than being constrained by the original task. 



Main Experiments

Our experiments are designed to explore two key scenarios:

(1) using human-created questions without ground-truth labels

(2) employing synthetic questions generated by the model itself, inherently 

lacking ground-truth labels
 

Table 1: Unsupervised post-training on unlabeled datasets significantly 

improves multimodal reasoning ability of Qwen2.5-VL-7B： 

• MathVista：66.3% → 72.9%; We-Math：62.9% → 68.7%

• Outperforms all existing unsupervised methods.

• Approaches the performance of supervised GRPO.

Table 2: Training with self-synthetic data also delivers significant gains.

It demonstrates a scalable self-improvement paradigm. 



Further Experiments

Table 3: MM-UPT can be easily applied to various multi-modal 

models to enable consistent self-improvement. These results also 

show that MM-UPT is compatible with supervised GRPO.

Table 6: To investigate whether the method suffers from a 

negative impact on broader generalization, we extend our 

evaluation to two non-mathematical visual question answering 

benchmarks.



Future Works

1. Combining MM-UPT with more self-rewarding algorithms (such as LLM-as-a-
Judge) and data synthesis methods (such as Text2SVG) will be a promising direction. 

2. Meanwhile, exploring the scaling laws of unsupervised post-training also 
represents an interesting avenue for further research.
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