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ProxyThinker Overview
• Reinforcement fine-

tuning (RFT) on large

models is known to

incur high training costs.

• Related to 

ProxyTuning[1] and 

Contrastive Decoding[2], 

ProxyThinker is 

designed to transfer 

visual reasoning from 

small RFT experts to 

large untuned VLMs.

Efficient Implementation

What is the area of the room?

Question: 

Current Thinking Process: 

A.         B. 

C.         D.        E. 

 

5. Simplify the expression:

6. Rewrite the expression in a form that matches one of the given choices:

 

large, Base model

small, reasoning Expert

small, Amateur model

Final Thus Answer
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Final answer: .
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Wait, does it seem right? 
Let's double check the choices:
(A)      (B) 
(C)      (D)      (E) 
The correct choice is .

Answer: .

Wait, let's double check. The room can be 
divided into a large rectangle and two 
smaller rectangles. Simplify the expression:
  
The expression  matches choice (E).
Thus, the area of the room is: 

 

• ProxyThinker needs to

maintain and forward 3 models

on the GPU.

• We parallelize model 

operations using vLLM and

incur only 11% latency

overhead.

+11.0% Latency

Strong Empirical Results on Visual Reasoning Benchmarks!
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Table 1: Performance (Accuracy %) on mathematical and multi-disciplinary reasoning benchmarks.
ω is set to 0.5 for PROXYTHINKER methods. R1-Bench stands for R1-Onevision-Bench. Overall
best PROXYTHINKER method is marked with light blue. Ceiling performance of full-scale RFT
expert is highlighted with gray. ! shows the average relative improvement in % compared to the
base model. indicates an RFT reasoning expert, and denotes a PROXYTHINKER variant.

Model Expert Math
Vista

Math
Verse

Math
Vision

MMMU
Pro

R1-
Bench !

Qwen2.5-VL-7B – 68.2 46.3 25.1 36.9† 32.1 –
OpenVLThinker-7B – 70.2 47.9 25.3 39.4→ 32.9→ –
ThinkLite-VL-7B – 75.1 50.7 32.9 41.1→ 39.0→ –
VL-Rethinker-7B – 74.9 54.2 32.3 41.7 47.2→ –

Qwen2.5-VL-32B – 74.7 53.8→ 38.4 49.5† 49.4→ 0.0
Qwen2.5-VL-32B OpenVLThinker-7B 77.4 (+2.7) 53.8 (0.0) 40.8 (+2.4) 51.8 (+2.3) 53.0 (+3.6) +2.2
Qwen2.5-VL-32B ThinkLite-VL-7B 77.6 (+2.9) 56.0 (+2.2) 38.8 (+0.4) 51.7 (+2.2) 49.7 (+0.3) +1.6
Qwen2.5-VL-32B VL-Rethinker-7B 78.1 (+3.4) 55.3 (+1.5) 39.2 (+0.8) 52.8 (+3.3) 52.5 (+3.1) +2.4

VL-Rethinker-32B – 78.8 56.9 40.5 50.6 50.8→ +2.4

Qwen2.5-VL-72B – 74.8 55.1→ 38.1 51.6† 50.4 0.0
Qwen2.5-VL-72B OpenVLThinker-7B 77.8 (+3.0) 56.4 (+1.3) 36.2 (-1.9) 52.4 (+0.8) 50.4 (0.0) +0.6
Qwen2.5-VL-72B ThinkLite-VL-7B 78.7 (+3.9) 57.2 (+2.1) 40.4 (+2.3) 51.7 (+0.1) 50.2 (-0.2) +1.6
Qwen2.5-VL-72B VL-Rethinker-7B 78.1 (+3.3) 58.6 (+3.5) 39.5 (+1.4) 53.1 (+1.5) 54.4 (+4.0) +2.7

VL-Rethinker-72B – 80.3 61.7 43.9 55.9 57.9→ +5.9
†

indicates results from Wang et al. (2025a) where we adopt the same evaluation protocol.
→

indicates reproduced results by us because the original authors did not conduct such an evaluation.

MathVista, and the full test split of MathVision. For assessing multi-disciplinary understanding
and reasoning, we employ the MMMU-Pro (Yue et al., 2025a) overall split and the R1-Onevision-
Bench (Yang et al., 2025) dataset. Following prior work, we use VLMEvalKit (Duan et al., 2024)
to perform the extract-and-score procedure on MathVerse with gpt-4o-mini as a judge. For the
remaining datasets, we apply exact matching and a rule-based grading function from their official
benchmark toolkits to extract answers from model outputs and compare them to the ground truth.
Unless stated otherwise, we report Pass@1 accuracy across all benchmarks using greedy decod-
ing following previous works (Wang et al., 2025a; Deng et al., 2025) and set the hyper-parameter
ω = 0.5.

Model Selection. PROXYTHINKER employs three distinct types of models, each serving a unique
role: a large Base model to be steered, a compact reasoning Expert model, and a compact Amateur
model. We use Qwen2.5-VL-32B-Instruct and Qwen2.5-VL-72B-Instruct (Bai et al., 2025) as Base
Models, while Qwen2.5-VL-7B-Instruct serves as the Amateur Model across all RFT Experts. In
later sections, PROXYTHINKER-32B and PROXYTHINKER-72B correspond to our methods using
32B and 72B base models, respectively. Based on differing training paradigms and data selec-
tion strategies, we include these public models as the compact reasoning experts: OpenVLThinker-
7B (Deng et al., 2025), ThinkLite-VL-7B (Wang et al., 2025b) and VL-Rethinker-7B (Wang et al.,
2025a). We refer to Appendix A.1 for details of the used benchmarks and reasoning expert models.

3.2 MAIN RESULTS ON MATHEMATICAL AND MULTI-DISCIPLINARY REASONING

To further investigate the generality and scalability of PROXYTHINKER, we examine whether similar
effects can be observed on widely used mathematical and multi-disciplinary reasoning tasks using
32B and 72B models with different types of RFT reasoning experts. The prompt template for each
reasoning expert is attached in Appendix A.3. We report these results in Table 1. To explore the
upper bound of our method, we also use two larger models, VL-Rethinker-32B and VL-Rethinker-
72B, which are directly trained via RFT, as ceiling performance references.
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• Consistent improvement on visual reasoning

benchmarks such as MathVerse and MathVision.

• ProxyThinker-32B even matches the performance

of a full RFT model!

Strong Empirical Results on Visual Reasoning Benchmarks!

https://github.com/MrZilinXiao/ProxyThinker

Source Code / Implementation

large, Base model

small, reasoning Expert
small, Amateur model


