Supplementary Material for Visual-RFT: Visual Reinforcement Fine-Tuning

In the appendix, we first provide a detailed overview of all the visual perception tasks’ training and testing data involved in
our experiments in Sec. A. In Sec. B, we introduce the prompts and formats used for the training data in our experiments. In
Sec. C, we provide experimental results and examples of Visual-RFT on several domain-specific and out-of-domain classifi-
cation and detection datasets. In Sec. D, we provide additional experimental results to complement the length limitations of
the main text. These include more shot settings for classification and detection tasks, experimental results of the Qwen2-VL-
7B model, and open vocabulary performance on the LVIS dataset. In Sec. E, We present more model reasoning cases across
a variety of tasks.

A. Model and Data Sources

In the experimental section of the paper, we evaluated our Visual-RFT on a wide range of visual perception tasks, including
fine-grained image classification, few-shot object detection, reasoning grounding, and open-vocabulary object detection.
These experiments covered numerous datasets across different tasks, which are listed in Tab. 1.

Flowers102 The Flowers102 [9] Dataset comprises 8,189 images categorized into 102 distinct flower species commonly
found in the United Kingdom. Each category includes between 40 to 258 images, capturing a wide variety of poses, lighting
conditions, and backgrounds. This diversity introduces significant intra-class variability and inter-class similarity, making
the dataset particularly challenging for fine-grained image classification tasks. Researchers frequently utilize this dataset to
evaluate algorithms designed for detailed visual distinctions.

Pets37 The Oxford-IIIT Pet Dataset consists of 7,349 images spanning 37 pet breeds, with approximately 200 images per
breed. The dataset is evenly divided between cat and dog breeds. Each image is annotated with a breed label, a tight bounding
box, and a pixel-level foreground-background segmentation mask. The images exhibit substantial variations in scale, pose,
and lighting conditions, providing a robust benchmark for image classification task.

FGVC-Aircraft The FGVC-Aircraft [8] (Fine-Grained Visual Classification of Aircraft) Dataset contains 10,200 images
across 102 aircraft model variants. Each image is labeled with the aircraft model variant. The dataset is divided into training,
validation, and test sets, each comprising 3,334 images. The high level of detail in the annotations makes this dataset ideal for
evaluating models on fine-grained visual classification tasks, particularly in distinguishing between similar aircraft models.

Stanford Cars The Stanford Cars [4] Dataset consists of 16,185 images covering 196 classes of cars, categorized by make,
model, and year (e.g., "2012 Tesla Model S”). The dataset is split into 8,144 training images and 8,041 testing images. The
images are 360x240 pixels in size and were captured from the rear of the vehicles. This dataset is widely used for fine-grained
image classification tasks, especially those focusing on vehicle identification and categorization.

COCO Dataset The COCO [6] dataset is a large-scale benchmark widely used in computer vision for tasks such as object
detection, segmentation, keypoint detection, and image captioning. It contains over 200,000 labeled images and covers 80
object categories, providing rich annotations including object bounding boxes, segmentation masks, and keypoints for human
pose estimation. COCO is well-known for its challenging settings, featuring complex scenes with multiple objects, diverse
backgrounds, and varying lighting conditions. The dataset’s image captions are also commonly used to train and evaluate
models in image-to-text and visual question answering tasks. The COCO challenge has become a prestigious competition,
driving advancements in visual perception models and techniques.

LVIS Dataset The LVIS [1] dataset (Large Vocabulary Instance Segmentation) is designed specifically for large-scale
instance segmentation with a focus on long-tail distributions. Unlike COCO, which includes 80 object categories, LVIS
features over 1,200 categories, many of which belong to the rare and uncommon class spectrum. It provides pixel-wise
segmentation masks, bounding boxes, and detailed annotations, enabling fine-grained recognition and segmentation tasks.
The dataset is notable for its balanced representation of both frequent and rare categories, encouraging the development of
models that perform well under few-shot and zero-shot learning conditions. LVIS’s challenging nature makes it a valuable
benchmark for evaluating a model’s ability to handle complex real-world scenarios with diverse and nuanced object classes.



Table 1. Benchmark Sources. We have included information and links for all the multi-image and single-image benchmarks tested in the
paper in the table.

Tasks Datasets Evaluation Metric Val Number Source
Flowers102 [9] Accuracy 2,463 Flowers102
Fine-Grained Pets37 [10] Accuracy 3,669 Pets37
Classification FGVC-Aircraft [8] | Accuracy 3,333 FGVC-Aircraft
Stanford Cars [4] | Accuracy 8,041 Stanford Cars
ChestXR Accuracy 3432 ChestXR
COCO [6] mAP 5,000 COCO
f)evtv'stli‘OI: LVIS [1] mAP 19,809 LVIS
ctectio Monster Girls mAP 215 MG
Reasoning Grounding | LISA [5] | mIoU, gIOU 200 LISA
Open-Vocabulary COCO [6] mAP 5,000 COCO
Detection LVIS [1] mAP 19,809 LVIS

Table 2. Few-shot results on Domain Specific Classification Dadtaset: ChestXR. We evaluated a complex medical fine-grained classi-
fication datasets on ChestXR.

Setting Models Average Nomal Covid-19 Pneumonia

- Qwen2-VL-2B| 323 | 98.0 0.3 12.4
lshot T SET 293 | 1000 03 0.2
+ Visual-RFT | 332 | 97.7 0.0 16.2

Ashot T SFT 290 | 418 359 6.3
U 4 Visual-RFT | 423 | 903 80 43.4
sshot T SFT 368 | 445 288 40.5
+ Visual-RFT | 539 | 958 423 285

LISA Dataset The LISA [5] dataset is a novel benchmark designed to evaluate reasoning grounding tasks, which require
generating a segmentation mask based on complex and implicit query texts. Unlike traditional segmentation tasks that
rely on explicit instructions or predefined categories, LISA challenges models to comprehend and reason with implicit user
intentions, often involving intricate reasoning and world knowledge. The dataset comprises over 1,000 image-instruction-
mask samples, providing a diverse set of scenarios to test the model’s ability to handle complex visual and textual input.
LISA’s dataset is annotated with implicit text queries that demand advanced reasoning. These queries range from short
phrases to long, descriptive sentences, ensuring a robust assessment of a model’s reasoning segmentation capability. The
dataset is split into training, validation, and test sets, with 239, 200, and 779 samples respectively.

B. Visual-RFT Data Cases

For different visual perception tasks, we trained the model using a small amount of data. To construct this training data, we
utilized a set of prompt templates. The prompt templates for different tasks are presented below.

Fine-grained Few-shot Image Classification The prompt we use to guide model for fine-grained few-shot image classifi-
cation is as follows:

This is an image containing a plant.Please identify the species of the plant based
on the image.Output the thinking process in <think> </think> and final answer in


https://tensorflow.google.cn/datasets/catalog/oxford_flowers102
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https://github.com/dvlab-research/LISA
https://cocodataset.org
https://www.lvisdataset.org/

<image> You are a professional medical image analysis AL, specializing in interpreting chest CT
& images. I will provide a chest X-ray (CT image), and your task is to determine the most

appropriate category based on the image content. Here are three possible categories. Please

choose the most appropriate one from them:1. pneumonia 2.covid 3. normal

Output the thinking process in <think> </think> and final answer in <answer> </answer>

tags.The output answer format should be as follows:

<think> ... </think> <answer>category</answer>

Please strictly follow the format.

o)

<think> The chest X-ray image shows a normal chest with no obvio
us abnormalities such as consolidation, masses, or other pathologies.
The lungs appear clear and symmetric. Therefore, the most approp
riate category is normal.</think>

<answer>normal </answer>
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<think> The chest X-ray image shows a patient with a dense, mottl
ed appearance in the lungs, which is characteristic of pneumonia. T
he presence of a dense, mottled appearance in the lungs is also see
n in COVID-19. However, the absence of other typical COVID-19 f
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j eatures such as a diffuse infiltrate or a pleural effusion makes pne
umonia more likely. Therefore, the most appropriate category for t
his image is pneumonia.</think>
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<answer>pneumonia</answer>
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<think> The chest X-ray image shows a patient with a chest tube a

Ve nd a catheter, which suggests that the patient is undergoing a proc
Isua

e edure or tfreatment. The presence of the chest tube and catheter i

ndicates that the patient may have a medical condition that require
s monitoring or treatment. Therefore, the most appropriate catego
ry for this image is 2. COVID.</think>

<answer>covid</answer>

Figure 1. Domain Specific Dataset Classification Case. We present three inference examples of Visual-RFT on the medical CT image
dataset ChestXR in the figure. This dataset is highly specialized and difficult.

<answer> </answer> tags. The output answer format shouldbe as follows:<think> ...</think>
<answer>species name</answer> Please strictly follow the format.

Reasoning Grounding The prompt we use to guide model for reasoning grounding follows the template from LISA [5]:

This is an image containing a plant.Please identify the species of the plant based
on the image.Output the thinking process in <think> </think> and final answer in
<answer> </answer> tags.The output answer format shouldbe as follows:<think> ...</think>
<answer>species name</answer> Please strictly follow the format.



Table 3. Few-shot results on MG dataset of 5 categories. By introducing out-of-domain data, we increased the difficulty of model
recognition and reasoning, further demonstrating the strong generalization ability of Visual-RFT in visual perception tasks.

Models mAP bird feline-or-canid serpent slime wyvern

Qwen2-VL-2B|20.6 | 12.9 19.8 255 184 264
4-shot

+ SFT 26.8 | 19.5 224 268 335 318

+ Visual-RFT |61.8 | 63.9 532 702 645 575

A +41.2|+51.0  +334 +44.7 +46.1 +31.1
16-shot

+ SFT 513 | 427 44.4 564 611 520

+ Visual-RFT [63.4 | 59.9 50.8 763 717  58.1

A +42.8|+47.0  +56.4 +50.8 +53.3 +31.7

the bounding boxes (between O and 1000, integer) and confidence (between O and 1, with two
decimal places).

If no object belonging to the category '{category}' in the image, return ‘No Objects'.
Output the thinking process in <think> </think> and final answer in <answer> </answer>
tags.The output answer format should be as follows:

<think> ... </think> <answer>[{'Position': [x1, y1, x2, y2], 'Confidence': number}, ...x/answer>
Please strictly follow the format.

& <image>Detect all objects belonging to the category '{category}' in the image, and provide

<think> The image contains a bird_girl with wings, a pian
0, and a train-like structure. The bird_girl is positioned i

vé;‘;‘." n the foreground, and the piano and train are in the back
ground. The bird_girl is surrounded by birds flying aroun
d her. </think>
<answer>[{'Position': [68, 408, 448, 714], 'Confidence':
1.0}]</answer>
003
, <think> The image shows a scene with a snake and two characters. The
Visual snake is green and appears to be a large creature, possibly a serpent.
RFT The characters are human-like and seem to be in a damaged environme

nt. The snake is positioned in the foreground, and the characters are i
n the background. </think>
<answer>[{'Position": [298, 0, 987, 930], 'Confidence': 1.0}]</answer>

Figure 2. Domain Specific Dataset Detection Case. We present three inference examples of Visual-RFT on the MG dataset in the figure.
This dataset is out of domain.

Few-shot & Open Vocabulary Detection The prompt we use to guide model for few-shot object detection and open
vocabulary detection is as follows:

A conversation between User and Assistant.The user asks a question, and the Assistant
solves it.The assistant first thinks about the reasoning process in the mind and then
provides the user with the answer.The reasoning process and answer are enclosed within



Table 4. Few-Shot Open Vocabulary Object Detection Results on COCO dataset. We trained on 65 base categories under 1-shot,
2-shot, 4-shot and tested on 15 novel categories.

Models mAPn mAPb mAPa”

Qwen2-VL-2B | 9.8 6.0 6.7

+ SFT (I-shot) 17.1 11.1 12.2
+ Visual-RFT 25.1 15.8 17.5
A +15.3 +9.8 +10.8
+ SFT (2-shot) 18.9 12.4 13.6
+ Visual-RFT 29.9 18.9 21.0
A +20.1 +12.9 +14.3
+ SFT (4-shot) 19.4 13.2 14.4
+ Visual-RFT 32.0 20.8 22.9
A +22.2 +14.8 +16.2

Table 5. Open Vocabulary Object Detection Results on LVIS dataset. We trained on the 65 base categories of the COCO dataset and
tested on the 13 rare categories of the LVIS dataset.
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GroudingDINO-B [7] \ 23.9 \ 17.1 0.0 24 475 277 134 152 925 0.0 26.6 16.0 41.0 10.7
Qwen2-VL-2B \ 2.7 \ 1.6 1.2 00 24 0.0 10,0 0.0 134 02 4.7 2.1 0.0 0.0
+ SFT 7.6 3.9 212 0.0 0.0 10.7 9.0 116 194 0.0 11.7 63 0.0 52
+ Visual-RFT 20.7 245 234 20 160 277 202 144 458 11.1 227 6.0 6.0 40.2
A +18.0 | +22.9 +22.2 +2.0 +13.6 +27.7 +10.2 +14.4 +324 +10.9 +18.0 +3.9 +6.0 +40.2
Qwen2-VL-7B \ 15.7 \ 3.7 219 07 245 153 192 131 145 119 181 279 0.0 33.8
+ SFT 240 (208 254 0.6 41.8 122 192 188 425 119 153 279 28.1 478
+ Visual-RFT 304 [19.7 278 43 418 174 351 200 706 16.7 235 29.8 293 59.8
A +14.7 | +16.0 +59 +3.6 +17.3 +2.1 +159 +69 +56.1 +4.8 +54 +1.9 +29.3 +26.0

<think> </think> and <answer> </answer> tags, respectively, i.e., <think> reasoning
process here </think><answer> answer here </answer> Question Output the thinking process
in <think> </think> and your grouding box.Following "<think> thinking process </think>
<answer>(zl,yl), (#2,y2)</answer>)" format.

C. Visual-RFT on Domain Specific Datasets

C.1. Classification Domain Specific Datasets

Traditional Visual Instruction Tuning (Supervised Fine-Tuning, SFT) methods typically rely on large-scale datasets to fine-
tune models through supervised learning. However, these methods demonstrate limited performance improvements when
data availability is restricted, particularly in specialized domains where data collection is challenging and annotation costs
are high. Fields such as medicine, military applications, and industrial inspection often face significant obstacles in gathering
sufficient data samples, leading to suboptimal model performance. Consequently, finding an effective fine-tuning strategy
under low-data scenarios has become a critical research question.

We propose Visual Reinforcement Fine-Tuning (Visual-RFT) to address this challenge. Visual-RFT introduces reinforce-
ment learning mechanisms that enable strong few-shot learning capabilities and significantly enhance the model’s general-



Table 6. Few-shot results on Fine-grained Classification dataset. We evaluated four fine-grained image classification datasets. Baseline
results from InPK [13] under 4-shot settting.

Models Average Flowerl02 Pets37 FGVC Cars196

4-shot

CoOp [11] 62.7 70.7 894 249 65.7

CoCoOp [12] | 689 82.6 93.0 309 69.1

PromptSRC [3] | 72.3 91.3 93.2 32.8 71.8

MaPLe [2] 67.7 80.8 921  29.0 68.7

QOwen2-VL-2B

Baseline |560 | 548 664 459 568
1-shot

+ SFT 51.7 56.6 547 653 30.0

+ Visual-RFT | 80.3 70.8 84.1 725 93.8

A +24.3 +16.0 +17.7 +26.6 +37.0
2-shot

+ SFT 58.8 60.3 65.6 689 40.2

+ Visual-RFT | 83.5 75.8 875 753 95.4

A +27.5 +21.0 +21.1 +294  +38.6
4-shot

+ SFT 55.6 58.5 555 679 40.5

+ Visual-RFT | 81.9 71.4 86.1 74.8 95.3

A +25.9 +16.6 +19.7 +28.9 +38.5
8-shot

+ SFT 60.3 59.6 714 692 40.9

+ Visual-RFT | 85.1 77.7 902 759 96.5

A +29.1 +22.9 +23.8 +30.0 +39.7
16-shot

+ SFT 64.0 66.8 71.6  76.1 41.5

+ Visual-RFT | 85.3 79.2 87.1 794 95.3

A +29.3 +24.4 +20.7 +33.5 +38.5

Owen2-VL-7B

Baseline |574 | 498 61.8 410 7638
4-shot

+ SFT 67.3 63.7 769 764 522

+ Visual-RFT | 85.6 76.8 913 795 94.7

A +28.2 +27.0 +29.5 +38.5 +17.9

ization. Unlike traditional instruction fine-tuning, Visual-RFT leverages limited data more effectively by integrating reward-
based learning, guiding the model to autonomously explore optimal solutions. This approach not only reduces dependency on
vast labeled datasets but also excels in complex tasks, particularly where sophisticated reasoning, cross-domain adaptation,
or handling long-tail data distributions are required.

To evaluate the generalization capability of Visual-RFT, we selected a challenging medical classification dataset, ChestXR,
for our experiments. The dataset contains three classes of CT chest images: COVID-19, Pneumonia, and Normal (healthy).
These images are highly specialized and complex, making it difficult even for non-expert doctors to distinguish between the
categories visually. Additionally, medical data often come with strict privacy and security constraints, making large-scale data
collection impractical. Therefore, we adopted a few-shot learning approach, fine-tuning the model with a minimal amount of
training samples.

As shown in Tab. 2, due to the high difficulty of the data, the results of SFT and Visual-RFT under the 1-shot setting
are quite similar and close to the baseline. In this scenario, the model tends to classify all CT images as "Normal.” When
the setting is increased to 4-shot, SFT continues to perform poorly, while Visual-RFT demonstrates a slight improvement,
particularly in distinguishing Pneumonia and COVID-19 cases. At the 8-shot level, both Visual-RFT and SFT show perfor-
mance gains over the baseline, but Visual-RFT outperforms SFT. The results, shown in Tab. 2, demonstrate that Visual-RFT
maintains strong performance and generalization even in this low-data, high-difficulty scenario. It significantly outperforms



Table 7. Few-Shot results on COCO dataset of 8 categories. We conducted one-shot, 2-shot, 4-shot, 8-shot, and 16-shot experiments on
8 categories from the COCO dataset.
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Models mAP 2 £ & & § £ 2 B
Owen2-VL-2B
Baseline [19.6 | 19.0 158 258 184 29.9 232 146 9.8
1-shot
+ SFT 195 | 183 174 23.1 182 28.0 234 173 104
+ Visual-RFT[33.6 | 234 35.7 39.1 23.8 543 425 19.5 30.8
A +14.0| +4.4 +19.9 +13.3 +54 +24.4 +19.3 +4.9 +21.0
2-shot
+ SFT 21.0 | 22.1 158 29.8 19.0 289 26.5 155 102
+ Visual-RFT [41.5 | 28.8 39.6 382 48.0 63.8 52.7 259 349
A +21.9| +9.8 +23.8 +12.4 +29.6 +33.9 +29.5 +11.3 +25.1
4-shot
+ SFT 252 [ 254 23.6 266 21.5 356 30.6 184 199
+ Visual-RFT [40.6 | 30.0 40.6 45.7 35.0 60.9 449 24.6 43.1
A +21.0(+11.0 +24.8 +19.9 +16.6 +31.0 +21.7 +10.0 +33.3
8-shot
+ SFT 30.2 [ 25.8 351 294 219 445 39.0 226 235
+ Visual-RFT [47.4 | 36.2 479 504 477 652 57.0 304 440
A +27.8|+17.2 +32.1 +24.6 +29.3 +35.3 +33.8 +15.8 +34.2
16-shot
+ SFT 31.3 [ 24.0 359 320 23.6 398 40.6 275 26.8
+ Visual-RFT [46.8 | 36.2 444 514 485 66.6 562 27.6 434
A +27.2|+17.2 +28.6 +25.6 +30.1 +36.7 +33.0 +13.0 +33.6
QOwen2-VL-7B
Baseline \43.0 \35.0 433 37.1 36.7 573 503 374 47.1
4-shot
+ SFT 44,1 | 414 517 35.6 30.8 60.5 52.7 385 41.5
+ Visual-RFT [54.3 | 443 59.8 52.0 46.0 72.7 628 419 550
A +11.3| 49.3 +16.5 +14.9 +9.3 +154 +12.5 +4.5 +7.9

traditional instruction fine-tuning methods, highlighting the practical value of our approach in data-scarce environments. We
also present some inference cases in Fig. 1.

C.2. Detection Domain Specific Datasets

We further test on some abstract out-of-domain datasets. We selected the MG (Monster Girls) dataset, which contains differ-
ent types of anime-style monster girls. By using out-of-domain data, we increased the difficulty of both model recognition
and reasoning, and conducted experiments under 4-shot and 16-shot settings. The results, shown in Tab. 3, indicate that re-
inforcement fine-tuning achieved a significant performance improvement, surpassing supervised fine-tuning (SFT). We also
present some inference cases in Fig. 2.

D. More Experiments Results

D.1. Open Vocabulary Detection

OV on COCO Dataset In the main text, we present a comprehensive evaluation of our model’s performance under the
open vocabulary setting using the COCO dataset. Specifically, our model was trained on 48 base categories and tested across
17 unseen categories.

To further investigate the generalization capability of Visual-RFT, particularly in low-data scenarios, and to provide a
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corresponding to the instruction: the
fried food.

<think> The fried food is the french ’
fries. </think> |
<answer>(0,133),(500,488)¢/answer> VF;';ST“

Ina modern office, employees often have o
meetings to discuss work matters. What [}
object in the picture can be used as a
surface for employees to place documents
or devices during a meeting?

<think> The object that can be used as a
surface for employees to place documents
or devices during a meeting is the table in
the image. The table is a common surface
for placing documents or devices in a
meeting room. </think>
<answer>(100,699),(559,996 )</answer>

The spare tire that is not used currently.
Output the thinking process in <think>
</think> and your grouding box.

<think> The spare tire is located on the
right side of the car. It is not currently
in use. </think>
<answer>(530,217),(785,575)</answer>

Bo

Output the bounding box in the image \
corresponding to the instruction: the (Y

sauce.

<think> The sauce is the red substance
on top of the pasta. I will identify its
bounding box to extract its coordinates.
</think>
<answer>(107,93),(717,619)</answer>

When enjoying a formal dining experience,
what utensil in the picture would be used mi§
to consume soup? 7\

<think> The utensil used to consume soup
in the picture is a spoon. </think>
<answer>(0,523),(127,996 x/answer>

What object do we usually put on a table
to make the room brighter?

<think>The user wants to know what object
is usually put on a table to make the room
brighter. The answer is a lamp. </think>
<answer>(630,100),(999,875)</answer>

What in the picture provides a fun and
bouncy surface for children to play and
jump on?

<think> The image shows a trampoline in
the foreground, which provides a fun and
bouncy surface for children to play and
Jjump on. </think>
<answer>(0,640),(996,996)</answer>

What object hanging on the wall in the
bedroom can make the atmosphere more
artistic and decorative?

<think> The painting hanging on the wall
can make the atmosphere more artistic
and decorative. </think>
<answer>(396,127),(604,379)/answer>

To display large amounts of information =
visually in a meeting, what object can be =
used to write it down on and display it on e
the wall?

<think> The object that can be used to =
write it down on and display it on the wall
is a whiteboard. </think>
<answer>(0,173),(430,857)</answer>

Output the bounding box in the image g s
corresponding to the instruction: the car =

whose door is open.

<think> The car whose door is open is the . © mmmmmE

black car in the foreground. </think>
<answer>(157,398),(738,960)</answer>

Figure 3. More qualitative results of reasoning grounding on LISA [5] dataset.

detailed comparison with traditional Supervised Fine-Tuning (SFT), we conducted a series of few-shot experiments. These
experiments included 1-shot, 2-shot and 4-shot training settings exclusively on the 65 base categories, and test on 15 unseen
categories. Our goal was to assess how well the model could adapt to unseen classes and maintain robust performance when
trained with minimal data.

The results, as shown in Tab. 4, demonstrate how Visual-RFT outperforms SFT, particularly in scenarios with limited data
availability. These findings highlight Visual-RFT ’s strength in few-shot learning and its ability to generalize effectively to
novel categories, offering a promising approach for applications where data collection is challenging or expensive.



Detect all objects belonging
to the category 'cat’ in the
image

& Detect all objects
" belonging to the category
. 'dog’ in the image

. . <think>
[ijq <think> The Lmage shows two ¥ There are four dogs in the image. Let's identify them o
"Jf  cats. One is lying on the floor E ne by one.
Visual and the ofhfar is standing on a r Visual </1'hink:
stool. </think> RFT <answer
RFT [{'Position': [338, 538, 428, 7581, 'Confidence': 0.99},

=) buses. One is a red bus with th .- = 2 wo ceramic cups with animal f
. e text "Gold Coast Tours" and t {54 . . aces painted on them. </thin
v';.“."‘_ﬂ he other is a blue bus with the %r;nz"_'_: Vé;l._l‘(;ﬂ k> P

&P wo people playing a video g P ee people sitting on a bench.
Visual Gme. </think> Visual </think>
RFT  <answer> RFT  <answer>

<answer>
[{'Position': [150, 718, 408, 9
86], 'Confidence': 0.99}, {'Po
sition': [368, 438, 608, 749],
‘Confidence': 0.99}]</answer>

Detect all objects
belonging to the category
‘bus’ in the image

<think> The image contains two

text "Alamo". </think> =
<answer>

[{'Position': [246, 266, 670, 70
0], 'Confidence': 0.99}, {'Positi
on': [654, 298, 1000, 710], 'Con
fidence': 0.99}</answer>

@

Detect all objects
belonging to the category
‘person’ in the image

<think> The image shows t

[{'Position': [270, 100, 84
4,980], 'Confidence': 0.9
9}, {'Position': [582, 230,
920, 999], 'Confidence': 0.
99}] </answer>

{'Position': [354, 330, 420, 538], 'Confidence': 0.99},
{'Position': [434, 260, 490, 452], 'Confidence': 0.99},
{'Position": [666, 470, 736, 658], 'Col
</answer>

nfidence': 0.

Detect all objects
belonging to the category
‘cup’ in the image

<think> The image contains t

<answer> | SEa
[{'Position": [100, 300, 475, 9 | L
00], 'Confidence': 0.0}, {'Posi
tion': [500, 300, 885, 900],
Confidence': 0.0}1</answer>

Detect all objects
belonging to the category
‘person’ in the image

<think> The image shows thr

[{'Position": [0, 210, 320, 98

71, 'Confidence': 0.99}, {'Posi
tion': [426, 66, 730, 987], 'C
onfidence': 0.99}, {'Position":
[710, 44, 1000, 920], 'Confid
ence': 0.99}k/answer>

Figure 4. More qualitative results of object detection on COCO [6] dataset.

OV on LVIS Dataset In Tab. 5, we evaluate the transferability of the model trained on COCO base categories by testing it
on the LVIS dataset. To increase the difficulty and accelerate testing, we selected 13 rare categories from LVIS for evaluation.
The results show that the Qwen2-VL-2B and Qwen2-VL-7B models improved mAP by 18.0 and 14.7 points over the baseline,
respectively.



This is an image containing an
PR aircraft. Please identify the
: model of the aircraft based
on the image.

O
C
wO)

<think> The aircraft in the image is a Boein

Visual 9 737-900ER, identifiable by its distinctive
RFT fuselage length, wing design, and engine plac
ement. The Boeing 737-900ER is a variant o

f the Boeing 737-900, which is a popular sh

ort to medium-haul jet airliner. </think>
&
\_/

This is an image containing a
car. Please identify the model
of the car based on the image.

<answer>Boeing 737-900ER</answer>

<think> The car in the image appears to be
Visual @ Toyota 4Runner. This can be identified by
RFT the distinctive front grille, headlights, and
overall shape of the vehicle. The 4Runner is
known for its rugged design and is commonly
used for off-road and family-oriented purpo
ses. </think>

<answer>Toyota 4Runner</answer> @
w

This is an image containing a
flower. Please identify the
model of the car based on the
image.

W
C
uO)

<think> The flower in the image appears to
Visual  be ayellow columbine (Aquilegia). This can b
RFT e identified by its distinctive five-petaled f
lowers with a yellow center and long, slende
r petals. The columbine is a popular garden p
lant known for its vibrant blooms and is ofte
n used for its decorative value. </think>

<answer>columbine</answer> o
\_J

This is an image containing an
aircraft. Please identify the
model of the aircraft based
on the image.

Q)

0
C

<think> The aircraft in the image appears to b
z e an Airbus A300B4 or A300B4M, as it has the
Visual  characteristic features of the Airbus A300 fa

RFT  mily, including the shape of the fuselage, the wi
ng design, and the engine placement. The tail de
sign also resembles that of the Airbus A300 fa
mily. </think>

<answer>Airbus A300B4 or A3OOB4M</argwer>
&

This is an image containing a
car. Please identify the model
of the car based on the image.

<think> The car in the image appears to be a D

Visual 0dge Ram, as indicated by the distinctive grille
RFT  and the logo on the front. The Ram model is kno
wn for its large size and robust design, which is
consistent with the appearance of the vehicle in

the image. </think>
¢
w

This is an image containing a
flower. Please identify the
model of the car based on the
image.

<answer>Dodge Ram</answer>

<think> The flower in the image appears to be
Visual @ wallflower (Erysimum), which is known for its
RFT  Vvibrant orange and red flowers. The petals are
typically large and have a slightly waxy texture.
The leaves are green and appear to be somewha
t broad. </think> <answer>Wallflower (Erysimum)
</think>

<answer>Wallflower (Erysimum)</answer> @
\_J

Figure 5. More qualitative results of fine-grained image classification.



Table 8. Ablation between CoT and RFT.

(6{0160) LISA
w/ CoT w/o CoT w/ CoT w/o CoT
Qwen2-VL-2B 19.5 28.6 21.3 26.9
+ SFT 26.4 30.2 29.0 28.3
+ Visual-RFT 42.6 44.3 37.6 35.9

Visual-RFT not only transfers its detection capabilities from the COCO base categories to new COCO categories but
also achieves remarkable performance gains on the more challenging rare categories of LVIS. Notably, as shown in Tab. 5,
the original and SFT-trained models fail to recognize certain rare LVIS categories, resulting in an average precision (AP)
of 0. However, after reinforcement fine-tuning, the model exhibits a qualitative leap from O to 1 in its ability to recognize
previously unidentifiable categories, such as ’egg roll” and futon.”

These results highlight the significant impact of Visual-RFT in enhancing the performance and generalization ability of
large vision-language models (LVLMs) in visual recognition tasks, particularly under challenging scenarios with rare and
unseen categories.

D.2. Fine-Grained Few-shot Image Classification

In Tab. 6, we present classification results under additional shot settings, including the performance of the Qwen2-VL-7B
model in the 4-shot setting. These results provide a broader perspective on how the model performs with varying amounts of
training data, demonstrating its adaptability and generalization capability across different scenarios.

D.3. Few-shot Detectoin on COCO

In the main text, we present the test results of the model trained using Visual-RFT in a few-shot setting on eight COCO
categories. Additionally, in Tab. 7, we provide more extensive results under different shot settings, including the performance
of the Qwen2-VL-7B model. These tables offer a comprehensive view of the model’s effectiveness and generalization ability
when trained with limited data.

E. Visual-RFT Reasoning Cases

We provide a variety of examples for reasoning grounding, detection, and classification in Fig. 3, Fig. 4, Fig. 5, respectively.

F. Other Experiments

We have added some experiments, and we hope they are helpful.

F.1. Necessity of CoT.

Introducing a reasoning chain is necessary for certain tasks that involve inference, such as reasoning grounding (LISA) and
GUI understanding. Using CoT leads to significant improvements in overall performance, demonstrating a trade-off between
latency and performance, despite increasing inference time (e.g., about 25% more on 5k images (Tab. 8).

F.2. Ablation between CoT and RFT.

We ablate the effect of CoT by comparing two variants—with and without CoT reasoning. Both variants substantially
outperform the baseline and SFT (Tab. 8). CoT improves Visual-RFT’s performance on reasoning-heavy tasks like LISA
(mAP35.9—37.6), but slightly reduces accuracy on simpler detection tasks (mAP44.3—42.6). These results suggest that
Visual-RFT is the primary source of pronounced performance gains, regardless of CoT usage, while CoT provides additional
benefits for reasoning-intensive scenarios.

F.3. Extended to more tasks.

We applied our method to the Nuscene-QA. Trained on 2k samples with exact match rewards, our model achieved 41.05 %
accuracy, significantly outperforming the Qwen2-VL-2B baseline (36.11%), and effectively handled diverse question types
such as existence, counting, and comparison.



F4.

Compare to PPO.

We compare GRPO and PPO on Qwen2.5-VL-3B using the same setting. GRPO achieves a higher mAP of 51.98, outper-
forming PPO (50.12) and the baseline (46.52). In addition, PPO requires careful hyperparameter tuning, while GRPO is
simpler and more stable.

F.5. Tracking.

We choose the OTB100 tracking dataset, train the model on just 80 two-frame samples with the IoU reward, and evaluate on
every frame of the test videos. Significant improvements over baseline: AUC 28.87 (vs. 15.54), Prec@20 35.61 (vs. 17.41),
mAP 30.94 (vs. 11.18).
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