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Abstract

Reinforcement Fine-Tuning (RFT) is proved to be greatly
valuable for enhancing the reasoning ability of LLMs. Re-
searchers have been starting to apply RFT to MLLMs, hop-
ing it will also enhance the capabilities of visual under-
standing. However, these works are at a very early stage
and have not examined how suitable RFT actually is for
visual tasks. In this work, we endeavor to understand the
suitabilities and limitations of RFT for visual tasks, through
experimental analysis and observations. We start by quan-
titative comparisons on various tasks, which shows RFT
is generally better than SFT on visual tasks. To check
whether such advantages are brought up by the reason-
ing process, we design a new reward that encourages the
model to “think” more, whose results show more thinking
can be beneficial for complicated tasks but harmful for sim-
ple tasks. We hope this study can provide more insight for
the rapid advancements on this topic.

1. Introduction
Recently, Reinforcement Fine-Tuning (RFT) has demon-
strated remarkable effectiveness on Large Language Mod-
els (LLMs) such as DeepSeek-R1 [4]. By incentivizing the
model to engage in more extensive “thinking” during train-
ing and inference, RFT significantly enhances its reasoning
capabilities for addressing complex language tasks. Rele-
vant techniques include Reinforcement Learning with Hu-
man Feedbacks (RLHF) and Reinforcement Learning with
Verifiable Rewards (RLVR), which utilizes human prefer-
ences or objectively verifiable outcomes as rewards for re-
inforcement learning.

A natural question emerges: can RFT similarly aug-
ment Multimodal Large Language Models (MLLMs), par-
ticularly in the realm of visual reasoning? Recent stud-
ies [5, 12, 14, 24] have investigated the application of RFT
to MLLMs, achieving superior performance on tasks that
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explicitly demand robust reasoning skills. These efforts
have underscored RFT’s strengths in Few-Shot Classifica-
tion, Object Detection, and Reasoning Grounding, surpass-
ing the capabilities of Supervised Fine-Tuning (SFT). Nev-
ertheless, the extent of RFT’s applicability to visual tasks
remains largely unexplored.

In this study, we examine the impact of RFT on MLLMs,
contrasting it with prior approaches such as MLLMs trained
with SFT. We begin by implementing RFT on MLLMs and
evaluating their performance against SFT across various
computer vision tasks from perception classification tasks
to those need visual reasoning. Notably, RFT consistently
delivers substantial improvements on specific tasks, often
outperforming SFT by a wide margin.

We then explore whether the performance advantage of
RFT over SFT stems from improved reasoning. To inves-
tigate this, we introduce a Normalized Length Reward
in the RFT framework, encouraging the model to produce
lengthier intermediate outputs and engage in prolonged
“thinking”. This adjustment enhance the performance on
complicated tasks requiring explicit reasoning but decrease
it on perception classification tasks, suggesting that the
gains are partially attributable to enhancing model’s struc-
tured reasoning capabilities from RFT. Besides, disabling
the thinking process during inference consistently impairs
MLLM performance. We therefore conclude that current
computer vision tasks demands different degrees of reason-
ing according to their task nature, and insights gained from
RFT on LLMs cannot be directly applied to visual domains.

Our contributions are summarized as follows:

1. We demonstrate that Reinforcement Fine-Tuning (RFT)
outperforms SFT across a range of computer vision
tasks, from basic classification to those requiring visual
reasoning.

2. By encouraging MLLMs to think longer using the Nor-
malized Length Reward in RFT, MLLMs obtain reason-
able thinking process and stronger performance on some
complicated tasks that require explicit reasoning.

3. We find that encouraging longer thinking process can be
harmful on some simple visual tasks, which shows RFT
from LLMs require more improvements before applied

This CVPR Workshop paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

3357



to visual tasks.

2. Related Works

Multimodal Large Language Models. Multimodal Large
Language Models (MLLMs) [1, 2, 6, 9] integrate visual
encoders with Large Language Models (LLMs) to enable
visual perception and achieve remarkable performance on
multimodal tasks [3, 8, 11]. A typical MLLM consists of a
vision encoder, an LLM, and a visual projector that maps
visual tokens into the semantic space of LLM. Leverag-
ing this architecture, MLLMs have been applied to a wide
range of vision and language tasks, including image clas-
sification [15, 16], object segmentation [7], object detec-
tion [18], information retrieval [10], and visual question an-
swering [1, 2, 6, 9]. In this paper, we further explore the ver-
satility of Reinforcement Fine-Tuning (RFT) in enhancing
the test-time scaling ability of MLLMs on various computer
vision tasks.
Reasoning in MLLMs. Since the recent surge of reasoning
in Large Language Models like Openai-o1 and DeepSeek-
R1 [4], the community has been trying to achieve a similar
reasoning process for MLLMs. They utilize Reinforcement
Learning with Verifiable Rewards, a training approach to
enhance language models in tasks with objectively verifi-
able outcomes. Exploration in this area is still at a very
early stage and remains highly immature. Among them,
R1-V explores how to transplant R1 directly to MLLMs.
VisualThinker-R1-Zero [24] claims to be the first to produce
“aha moment” and increased response length for MLLMs,
by performing RFT on base models without instruction tun-
ing. Visual-RFT [12] finds that reinforcement fine-tuning is
more powerful than supervised fine-tuning on a wide range
of tasks like few-shot classification and detection. Such
concurrent works all try to transplant R1 from LLMs to
MLLMs and prove how powerful R1 is. Differently, this
work tries to examine where RFT is suitable and where not
on traditional computer vision tasks.

3. Method

Reinforcement Learning in Large Models. Reinforce-
ment Learning with Verifiable Rewards [4, 21, 22] is a train-
ing paradigm aimed at improving language models in do-
mains where correctness can be objectively verified, such
as mathematics and programming. In contrast to Reinforce-
ment Learning from Human Feedback (RLHF) [17], which
depends on a learned reward model, RLVR evaluates out-
puts using a direct verification function. This eliminates the
need for an intermediary reward model while ensuring that
the optimization process remains closely tied to the intrin-
sic correctness measures of tasks. Given an input question
q, the policy model πθ generates a response o and receives
a verifiable reward accordingly. The training objective op-

timized in RLVR is expressed as follows:

max
πθ

Eo∼πθ(q) [RRLVR(q, o)] (1)

= [R(q, o)− βKL[πθ(o|q) ∥ πref(o|q)]] , (2)

where πref represents the pre-optimization reference model,
R denotes the reward function used for verification, and
β is a hyperparameter that regulates the KL-divergence.
The reward function R evaluates a given question-output
pair (q, o) by determining whether the predicted response o
aligns with the ground-truth answer.
Group Relative Policy Optimization. DeepSeek R1-
Zero [4] removes the need for supervised fine-tuning by
adopting reinforcement learning for post-training. Specif-
ically, it utilizes Group Relative Policy Optimization
(GRPO) [21], which differs from conventional reinforce-
ment learning methods like PPO [20] that rely on a critic
model for policy evaluation. Instead of using a separate
critic, GRPO directly assesses and ranks multiple candi-
date responses. Given an input query q, the model gener-
ates G potential answers o1, o2, ..., oG based on its current
policy πθold . The rewards associated with these responses,
denoted as r1, r2, ..., rG, are then computed. GRPO nor-
malizes these rewards by calculating their mean and stan-
dard deviation:

Ai =
ri − mean({r1, . . . , rG})

std({r1, . . . , rG})
, (3)

where Ai indicates the relative quality of the i-th response.
This approach guides the model toward generating higher-
quality responses by prioritizing those with relatively supe-
rior rewards.
Verifiable Rewards for Vision Tasks. The reward model is
a key step in reinforcement learning (RL) that aligns mod-
els with preference alignment algorithms, which can be as
straightforward as a verification function that checks for ex-
act matches between predictions and ground-truth answers.
The RL training process in the recent DeepSeek-R1 [4]
model achieves a significant improvement in the model’s
reasoning ability through the verifiable reward design. To
transfer this strategy to the visual domain, we design differ-
ent rule-based verifiable reward functions for various visual
perception tasks.
Normalized Length Reward. In VisualThinker [24], re-
searchers observed that using a fixed-length reward of
+0.001 per additional generated token led to an increase
in response length without improving accuracy. The model
exploited the reward by generating repetitive content rather
than enhancing its reasoning process. To address this is-
sue, w e apply sigmoid normalization to the length reward,
stabilizing its value between 0 and 1, as follows:

R =
1

1 + λ · exp(−(L− L0))
, (4)
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<think>
The aircraft in the image appears to be a regional jet
with a high-wing configuration, which is characteristic 
of the Saab 340 family. 
The specific model can be identified by the registration 
number and design features, such as the engine 
placement and the shape of the nose. The registration 
"D-AOLB" indicates that this aircraft is registered in 
Germany, and the livery suggests it belongs to OLT 
(Ostdeutsche Lufttransport), a German airline. 
The Saab 340 is a popular regional jet used by many 
airlines for short-haul flights.
</think>
<answer>Saab 340</answer>

<think>
To identify the model of the aircraft, let's analyze ……
1. Aircraft Type: The aircraft appears to be a turboprop regional jet …….
2. Engine Configuration: The engines are mounted under the wings, a typical configuration 
for regional jets like the Saab 340 or similar models. 
3. Fuselage Shape: The fuselage is narrow and elongated, designed to carry …… (typically 
around 30-50). 
4. Wing Design: The wings are high-mounted with a T-tail configuration ……
5. Registration Markings: The registration "D-AOLB" suggests that this aircraft is registered 
in Germany, aligning with the airline's livery. 
6. Livery and Logo: The livery features the logo of OLT (Ostdeutsche Lufttransport) ……
from 1997 to 2008. During this period, OLT commonly used the Saab 340. 
Given these …… most likely a Saab 340, which fits …… The final answer is based on visual 
identification and context provided by the livery and registration details.
</think>
<answer>Saab 340</answer>

w/o Normalized Length Reward
w/ Normalized Length Reward

<think>
To determine if …… we need to consider the orientation 
of the TeddyBear relative to the bed and the room. 
The TeddyBear …… its back towards the viewer, and it 
appears to be facing towards the right side of the image. 
Turning left by 30 degrees would mean moving 
counterclockwise around the bed. Since the TeddyBear
is already facing towards the right, turning left would 
not change the direction the TeddyBear is facing; it 
would still be facing towards the right. 
Therefore, you would not be …….
</think>
<answer>no</answer>

w/o Normalized Length Reward

w/ Normalized Length Reward

Q: This is an image containing an 
aircraft. Please identify the model of 
the aircraft based on the image.
(Answer: Saab 340)

Q: Answer in natural language. If I turn 
left by 30 degrees, will I be facing away 
from TeddyBear (near the mark 0 in the 
image)? Choose between the following 
options: no or yes.
(Answer: yes)

<think>
To determine if …… we need to consider the spatial relationship between ……
1. Identify the current orientation: The TeddyBear is positioned on the bed with a red circle 
marked "0" near it. The bed …… the headboard is on the right side of the image …… The 
TeddyBear …… facing towards the viewer (the camera perspective).
2. Understand the turn: Turning left by 30 degrees means rotating counterclockwise around the 
point where you are standing. This rotation will change your orientation ……
3. Visualize the turn: If you were to turn left by 30 degrees, you would be moving towards the 
left side of the room. Since the bed is on the right side of the image, turning left would mean 
moving away from the bed and the TeddyBear.
4. Determine the new orientation: …… The TeddyBear, being on the bed, would still be in the 
same position relative to the bed, but you would be looking at a different part of the room. The 
TeddyBear would not be directly in front of you anymore, but rather to your left.
5. Conclusion: Since you are turning left, you would indeed be facing away from the 
TeddyBear ……
</think>
<answer>yes</answer>

Length: 138
Length: 454

Length: 401

Length: 143

Figure 1. Qualitative Comparison Between w/o and w/ Normalized Length Reward. Best view in zoom.

where λ is a scaling factor set to 1 in our experiments, and
L0 is a predefined length fixed at 100 across all experiments.
Therefore, the length reward is kept within a reasonable
range, as the diminishing marginal benefits help stabilize
response length effectively.

4. Experiments and Findings
4.1. Experimental Setups
Based on Qwen2.5VL-Instruct-7B [1], we conducted all
RFT experiments on eight NVIDIA A100 80GB GPUs. The
batch size is set to 1 per device, with gradient accumula-
tion in 4 steps. For model generation, the temperature is
set to 1, and the KL coefficient is fixed at 0.04. To in-
vestigate the impact of response length on model perfor-
mance, we set the maximum response length at 1,024 to-
kens. We retain the built-in system prompt and incorporate
format-related questions in the user prompt for GRPO train-
ing, where each sample generates 8 rollouts. The model is
trained for 300 steps with a learning rate of 1e-6. For su-
pervised fine-tuning, we adopt Qwen2.5VL-Instruct-7B and
train it for 300 steps to ensure a fair comparison with RFT,
using LLama-Factory framework [23].

4.2. Quantitative Comparison over CV Tasks
We evaluate our model on three benchmarks: Banner Anal-
ysis, FGVC Aircraft [13], and SAT [19]. Banner Analysis
is a dataset that we collected for sentiment classification. It
serves as a benchmark for detecting negative content in ban-

ners and slogans. The dataset comprises real-world images
of various banners and contains 331 images for training,
specifically curated for this task. As a binary classification
benchmark, it takes a banner image as input and outputs ei-
ther “positive” or “negative”, indicating whether the banner
contains positive or negative content. FGVC Aircraft [13]
is a fine-grained classification task that involves identify-
ing airplanes across 100 distinct classes, totally 6k train-
ing images. SAT [19] is a spatial aptitude training dataset
designed to challenge users with complex, dynamic spatial
tasks that go beyond the static relationships found in tra-
ditional datasets. 15k data samples are used for training.
These three benchmarks increase in difficulty, with a pro-
gressively higher demand for reasoning ability.

In Table 1, we compare the effects of Supervised Fine-
Tuning (SFT) and Reinforcement Fine-Tuning (RFT) on
Qwen2.5VL-Instruct-7B [1]. Both SFT and RFT mod-
els are trained on the corresponding datasets for 300 steps
for fair comparison. We investigate the impact of explic-
itly guiding MLLMs to engage in reasoning during test
by requiring three paradigms to generate reasoning process
within <think> and </think> tokens.

The results demonstrate that incorporating <think> to-
kens in prompts leads to underperformance in both training-
free and SFT models, revealing that extended intermedi-
ate reasoning steps may induce overthinking. In contrast,
RFT models, while direct generating answer reduces accu-
racy, explicit reasoning steps substantially enhance perfor-
mance. This paradigm shift implies that RFT training could
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Table 1. Performance Comparison Between SFT and RFT. The three benchmarks listed has an increasing demand on reasoning ability.
Banner Analysis is our constructed real-world benchmark for recognizing malicious content.

Qwen2.5VL-Instruct-7B

Benchmarks Training Free SFT RFT

w/o <think> w/ <think> w/o <think> w/ <think> w/o <think> w/ <think>

Banner-Analysis 80.72 80.11 90.74 90.21 97.22 97.83
FGVC-Aircraft 55.48 47.55 75.85 75.84 63.57 83.32

SAT 56.85 49.84 58.24 59.62 61.01 62.23
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(a) FGVC Aircraft.
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(b) SAT.

Figure 2. Accuracy and Response Length over Steps.

enhance the model’s structured reasoning capabilities.
These findings suggest that RFT is a more effective ap-

proach than SFT for these CV benchmarks. Additionally,
explicit reasoning proves beneficial for complex bench-
marks but offers limited advantages for simpler tasks.

4.3. Performance and Response Length
In DeepSeek-R1 [4], researchers identified an “aha mo-
ment” in Large Language Models (LLMs) from the model
performance on text-only benchmarks: as response length
increases, accuracy improves, suggesting that the model ex-
hibits a capacity for self-reflection. However, it raises the
question of whether computer vision (CV) task necessitates
an extensive reasoning process. For example, most CV clas-
sification tasks primarily evaluate perceptual capabilities.
And such tasks may not invariably benefit from prolonged
explicit reasoning. Just as humans classify objects by recog-
nizing salient features without elaborate reasoning, MLLMs
may also gain little benefit from an extended reasoning pro-

cess.
We incorporated a normalized length reward into the Re-

inforcement Fine-Tuning (RFT) process to investigate this
hypothesis. In Figure 2, subfigures (a) illustrate a rela-
tively straightforward visual task, FGVC Airplane classi-
fication that only involves object classification based on the
images provided. For such task, where visual perception
is paramount, an increase in response length detrimentally
affects performance compared to experiments conducted
without the length reward. In contrast, within the SAT
benchmark in Figure 2b, where reasoning is required af-
ter object recognition, longer responses correlate with im-
proved performance.

Although the qualitative analysis presented in Figure 1
indicates that the application of the normalized length re-
ward improves the reasoning process and logical coherence,
the benchmark accuracy results reveal that the impact of in-
creased response length on performance varies as a function
of the difficulty and complexity of the task.

We found that encouraging Multimodal Large Language
Models (MLLMs) to think longer during the Reinforcement
Fine-Tuning (RFT) process does not lead to significant per-
formance improvements. This suggests that current rea-
soning approaches are of limited help for traditional vision
tasks. The reason may be that traditional Computer Vision
(CV) tasks focus more on perceptual capabilities rather than
complex reasoning processes.

5. Conclusions

In this work, we perform experimental examination over the
suitabilities and limitations of Reinforcement Fine-Tuning
in visual tasks. Through quantitative comparisons, abla-
tion studies and qualitative cases, we find that RFT gener-
ally works better than SFT for MLLMs over traditional CV
tasks. Furthermore, we find that though the thinking pro-
cess from RFT is essential for MLLMs, encouraging them
to think longer and producing more intermediate results is
not always helpful, possibly due to the nature of these tasks
for less “reasoning” than “recognition”. We hope this study
will serve as a pilot study for the MLLM community where
RL is only at the stage of early exploration.
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