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Abstract

Increasing attention has been placed on improving the rea-
soning capacities of multi-modal large language models
(MLLMs). As the cornerstone for Al agents that function in
the physical realm, video-based visual-spatial intelligence
(VSI) emerges as one of the most pivotal reasoning capa-
bilities of MLLMs. This work conducts a first, in-depth
study on improving the visual-spatial reasoning of MLLMs
via R1-Zero-like training. Technically, we first identify that
the visual-spatial reasoning capacities of small- to medium-
sized Qwen2-VL models cannot be activated via Chain of
Thought (CoT) prompts. We then incorporate Group Rel-
ative Policy Optimization (GRPO) training for improved
visual-spatial reasoning, using the carefully curated VSI-
100k dataset, following DeepSeek-R1-Zero. During the in-
vestigation, we identify the necessity to keep the KL penalty
(even with a small value) in GRPO. With just 120 GPU
hours, our vsGRPO-2B model, fine-tuned from Qwen2-VL-
2B, can outperform the base model by 12.1% and surpass
GPT-40. Moreover, our vsGRPO-7B model, fine-tuned from
QOwen2-VL-7B, achieves performance comparable to that of
the best open-source model LLaVA-NeXT-Video-72B. Addi-
tionally, we compare vsGRPO with supervised fine-tuning
and direct preference optimization baselines in terms of
both spatial and general abilities. Our observations indi-
cate that GRPO training achieves significant performance
superiority while effectively balancing spatial and general
capabilities.

1. Introduction

Recently, Large Language Models (LLMs) [1-3, 11, 32]
have emerged as a significant advancement in Al. These
models take text as input and generate corresponding re-
sponses, demonstrating strong generalization capabilities
in various language tasks. To extend their capabilities to
the multimodal domain, researchers have developed Mul-
timodal Large Language Models (MLLMs) [9, 23, 30, 34,
40, 48] based on pre-trained LLMs. They not only take text
but also images and videos as inputs and generate textual re-

sponses, serving as the foundation for various applications,
including multi-modal understanding [23, 34], visual lan-
guage agents [15, 36], autonomous driving [26, 37], etc.

The exhaustive understanding of multi-modal observa-
tions hinges on advanced reasoning capability, which has
spurred growing interest in investigating reasoning mecha-
nisms within MLLMs. This trend mirrors concurrent ad-
vancements in vanilla LLMs [22, 35, 38, 44]. As the foun-
dation for Al agents [5, 42] operating in the physical world,
the video-based visual-spatial reasoning stands out as one
of the most crucial capacities of MLLMSs, enabling appli-
cations in embodied AI [20, 21] and autonomous driving.
However, VSI-bench [41] demonstrates that, although an
MLLM exhibits strong video understanding and linguistic
reasoning capabilities, its spatial reasoning abilities are still
developing, and even the state-of-the-art models lag sig-
nificantly behind human performance. This highlights the
necessity of enhancing the spatial reasoning capabilities of
MLLMs.

This work conducts a systematic study on improving
the visual-spatial reasoning capacities of MLLMs based
on Rl1-Zero-like training. Focusing on the Qwen2-VL
models [34], we first perform an initial study to evaluate
the performance of Qwen2-VL regarding whether simple
reasoning-oriented prompts can activate the visual-spatial
reasoning capacities. We are concerned about Chain of
Thought (CoT) strategies [38] due to their previous success.
However, we find that vanilla non-CoT prompts perform the
best for small- to medium-sized Qwen2-VL on VSI-bench,
compared to various CoT ones. This exposes the issue that
such models cannot trade inference FLOPs for improved
visual-spatial reasoning.

We naturally choose to improve MLLMs on visual-
spatial reasoning data. Although some prior works have
proposed visual-spatial datasets, they primarily focus on the
image domain [6, 7, 23]. As a result, there is an urgent need
for a large-scale video-based visual-spatial dataset to facil-
itate advancements in training MLLMs that can understand
and reason about dynamic visual content. Considering this,
we construct a video-based question answering dataset of
more than 100k samples, VSI-100k, following the proto-
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col of VSI-bench. Specifically, we leverage ScanNet [10]

to get high-fidelity video scans accompanied by meticu-

lous object-level 3D annotations, based on which (question,
answer) pairs regarding spatial information can be easily
crafted.

Given the dataset, we follow the journey of DeepSeek-
R1-Zero [14], which has demonstrated that simple rule-
based reinforcement learning can activate LLMs to au-
tonomously develop complex reasoning capabilities. We
decide to extend Group Relative Policy Optimization
(GRPO) to improve the visual-spatial reasoning capaci-
ties of Qwen2-VL. Specifically, following common prac-
tice [8, 14, 47], we define the rule-based reward function
based on the alignment between the model prediction and
the ground-truth answer to perform GRPO [29]. We also
include a format reward when trying to activate the CoT
reasoning behavior.

Experiments using GRPO on VSI-100k turns the
pretrained Qwen2-VL-2B model into the performant
vsGRPO-2B within just 120 GPU hours. We observe that
vsGRPO-2B outperforms the base model by 12.1% and
even surpasses GPT-40. The same pipeline also transforms
the Qwen2-VL-7B model into vsGRPO-7B, achieving per-
formance similar to that of the best open-source model with
72B parameters. During GRPO training, we have identi-
fied the necessity to keep the KL penalty (even with a small
value) in the training of GRPO and observed phenomena
such as reward hacking. We also compare GRPO with su-
pervised fine-tuning (SFT) and direct preference optimiza-
tion (DPO) [27] in terms of both spatial and general abili-
ties, and confirm the superiority of GRPO in improving the
visual-spatial reasoning capacities of Qwen2-VL while bal-
ancing between these two aspects.

In summary, our key contributions are listed as follows:
e We propose VSI-100k, the first dataset of video-based

visual-spatial question-answer pairs and will release it to
contribute to the spatial understanding and reasoning of
MLLMs.

* We apply GRPO to enhance visual-spatial understanding
in Qwen-VL, with vsGRPO-2B outperforming GPT-40
and vsGRPO-7B achieving competitive results with the
top open-source 72B model.

* We identify the necessity of KL penalty and the reward
hacking phenomenon in GRPO training, providing a thor-
ough comparison with other methods like SFT and DPO.

2. Related Works
2.1. Multimodal Large Language Models

In recent years, large language models (LLMs) such as
GPT-4 [2], LLaMA [32], and Qwen [1] have demonstrated
impressive text generation capabilities. They leverage vast
amounts of data in training to produce coherent and con-

textually relevant text. Building on the architecture of
LLMs, multimodal large language models (MLLMs) have
emerged, enabling the processing of various input modal-
ities, primarily images and videos. This capability allows
MLLMs to excel in vision tasks, bridging the gap between
textual and visual information. Pioneering models such as
the LLaVA series [19, 23], the Qwen-VL series [4, 34],
and the InternVL series [9, 48] have driven this advance-
ment, demonstrating significant improvements in tasks like
image captioning, cross-modal retrieval, visual language
agents [15, 36] and autonomous driving [26, 37].

2.2. Multimodal Large Language Model Reasoning

Inspired by recent advancements in LLM reasoning [22, 33,
38], numerous studies have aimed to enhance the reasoning
capabilities of MLLMs [25, 43, 46]. For instance, some
previous works [40] have developed SFT datasets that in-
corporate step-level reasoning, yet these datasets often lack
sufficient human involvement, which limits their effective-
ness in addressing complex reasoning tasks. Additionally,
some concurrent studies [12, 45] utilize group relative pol-
icy optimization from DeepSeek-R1 [14] to further bolster
general reasoning abilities. Distinct from these works, our
study focuses on the spatial understanding and reasoning
capabilities of MLLMs and provides a thorough analysis of
various training methods.

2.3. Spatial Understanding and Reasoning

With the emergence of Al agents [5, 42], spatial understand-
ing and reasoning have gained even more significance in
multi-modal large language models (MLLM), proving to be
valuable across various fields. In response, VSI-bench [41]
is proposed to measure these abilities, focusing on aspects
such as spatial relations and object size. For training, some
prior works have proposed related datasets. For example,
VSR [23] offers a dataset focused solely on spatial relations,
while Spatial VLM [7] presents an internet-scale 3D spatial
reasoning dataset in metric space, though it is not publicly
available. More recently, SAT [28] introduces a simulated
spatial aptitude training dataset, synthesized using a photo-
realistic physics engine. However, they face challenges due
to their reliance on image-based data, issues of validity, or
synthetic nature. A concurrent work, VisualThinker-R1-
Zero [47], shares a similar idea but is based on the SAT
dataset and overlooks video-based visual-spatial abilities.
Our work is grounded in constructing data from real-world
dynamic scenarios and leverage it to improve video-based
visual-spatial ability.

3. Can Visual-spatial Reasoning Capacities Be
Activated by Prompting?

We initiate by evaluating Qwen2-VL [34] on the VSI-
bench [41] with various prompting strategies.
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Table 1. Quantitative comparisons of different prompting strategies on Qwen2-VL-2B and Qwen2-VL-7B on VSI-bench.

Obj.  Abs. Obj. Room Rel. Rel. Route Appr

Backbone Methods Avg Count Dist. Size Size Dist. Dir. Plan. Order
Think-mode 229 184 43 315 173 283 229 262 168

3;62“;' 218 168 17 327 227 288 276 262 18.1
i Vanilla-mode 233 214 34 323 31.1 267 277 247 189
Think-mode  31.3 44.8 26.1 253 234 347 309 329 315

3;67“;‘ 320 299 19.0 39.6 32.0 346 40.0 360 244
i Vanilla-mode 322 394 250 25.8 432 326 309 27.8 326

Concretely, the VSI-bench includes two types of
question-answer problems:

e Numerical Answer (NA), including tasks such as object
count, absolute distance measurement, object size evalu-
ation, and room size assessment;

* Multiple-Choice Answer (MCA), including tasks related
to relative distance, relative direction, route planning, and
appearance order.

To evaluate the reasoning capacities of Qwen2-VL on
this dataset, we consider two CoT prompting strategies: the
widely adopted think-mode, where the model first thinks
and then replies to the question, and the ,
where the model first observes the input video and then
replies. The latter follows a human-like pattern and has
been explored in related works [39]. We also include a non-
CoT vanilla-mode, the default mode in the original evalua-
tion, for comparison. Here is a summarization of them:

¢ Think-mode: Let’s think step by step
and then answer the question using a
single word or phrase.

. : Please observe the wvideo
first and then answer the question
using a single word or phrase.

e Vanilla-mode: Please answer the question
using a single word or phrase.

CoT prompting is ineffective for small- to medium-
sized Qwen2-VL on VSI-bench. As shown in Table 1, de-
spite longer responses, think-mode and un-
derperform the simple vanilla-mode. Namely, small- to
medium-sized Qwen2-VL cannot trade inference FLOPs
for improved visual-spatial reasoning.

We visualize some output examples given by Qwen2-
VL-2B in Figure 1. We see that the model can actually
understand the instructions for activating thinking, but the
final answer is still wrong, the same as that of the vanilla
prompting. From the exposed chain of thoughts, we realize
that the error may arise from the failure to perceive the sofa
in the video.

4. R1-Zero-like Training for Visual-spatial
Reasoning

Given the above observations, we realize it is necessary to
fine-tune the Qwen2-VL models for improved visual-spatial
reasoning. Typically, we opt to focus on Group Relative
Policy Optimization (GRPO) [29] given its success in build-
ing DeepSeek-R1-Zero.

4.1. Training Data Construction

We first create a video-based question-answering dataset
named VSI-100k for visual-spatial reasoning. It consists
of more than 100k samples and follows the VSI-bench pro-
tocol. Specifically, we utilize ScanNet [10] to obtain high-
fidelity video scans that come with detailed object-level 3D
annotations. These annotations provide rich spatial context,
enabling us to generate (question, answer) pairs that are di-
rectly related to spatial information.

Specifically, we construct questions regarding seven top-
ics, including object count, relative direction, object size,
absolute distance, room size and relative distance. We leave
the other two topics in VSI-bench, route planning and ap-
pearance order, held out. This corresponds to two reasons:
1) (question, answer) pairs of this topic cannot be simply
constructed given rarely the static 3D information, which
implies that expensive annotation or complex pipeline can
be required; 2) with this, we can test the task generalization
ability of the trained models. For the NA type problems, we
implement a question template similar to that used in [41].
For the MCA one, we simplify the question format by re-
moving the options. This adjustment enhances the model’s
capacity to recognize entity correspondence instead of sim-
ply matching symbols. Some examples are provided in Fig-
ure 2.

We provide a brief introduction to the dataset construc-
tion methods for various tasks:

* Object Count: directly leverage the object labels included
in the annotations document, yielding a total of 6.4k sam-
ples;

* Relative Distance: fix one targeted object and compute
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Question: Measuring from the closest point of each object, which of these objects (stove, tv, table,
sofa) is the closest to the stool?
Options: A. stove B.tv C. table D.sofa

Vanilla-mode: C

Think-mode:

To determine which object is the closest to the stool, let's analyze the positions of the
objects in the video:

1. The stove is located on the left side of the kitchen.

2. The TV is located on the right side of the kitchep!

3. The table is located in the center of the kitchen.

4. The sofa is nhot visible in the video.

Given this information, the closest object to the stool is the table. So, the correct answer is:

\C. table.

Figure 1. Comparison between the vanilla-mode and think-mode predictions. We use green to label the correct answers and red to indicate
incorrect generations. We observe that while using think-mode allows the model to leverage more tokens during generation and initiate the
reasoning process in the answer, it still produces the same incorrect response as the vanilla mode. This indicates that Qwen2-VL cannot

trade inference FLOPs for improved visual-spatial reasoning.

the absolute distance between it and four other objects to
estimate relative distance, yielding 13k samples;

* Object Size: leverage the 3D bounding box to compute
the longest dimension of the object, yielding a total of
13k samples;

* Absolute Distance: first remove objects that appear mul-
tiple times to ensure specification preciseness, and then
calculate the distance between geometric centers of vari-
ous 3D point-cloud objects, obtaining 75k samples;

» Room size: use the alpha shape algorithm' to the total
1.5k scenes, resulting in 1.5k samples.

* Relative Direction: select one object as the front and de-
termine the relative direction of two objects based on their
geometric centers of point clouds, getting a total of 8k
samples.

4.2. GRPO

GRPO is a type of reinforcement learning (RL) that elimi-
nates the critic model to reduce training costs. Specifically,
a group of generated output set {01, 09, - - - , 0 } is sampled
for each question ¢ from policy model 7y _,,. Then GRPO

old*

lhttps://en.Wikipedia.orq/wiki/Alphaishape

optimizes the model 7y using the following objective:

Jarro(8) = IE“qNP(Q), {oi}f ~ma 4 (Ola)

G
i=1

79,14 (0i | @)
o el la) y o®
chp(weold ol 1—¢, 1+ s) Al)

— B Dxw (o || mef)],

The reward r guides the direction of the training process
and is crucial. We adhere to [8, 24] of using format rewards
and accuracy rewards, but with necessary modifications.
Format Reward. Although the CoT prompts are useless
for the small-sized Qwen2-VL-2B in inference time, we
still wonder if training with them is beneficial for GRPO.
As a result, following recent progress in the community, we
consider three training prompts for GRPO:
¢ Think-mode: Please think step by step

and enclose your thinking process in
<think> </think> tags and then provide
the short answer with one or two words
or a number in <answer> </answer>.
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Object Count
Question: How many trash can(s)in the room?

Answer: 3

Object Size

Question: What is the length of the longest dimension
(length,width, or height) of the coffee table, measured in
centimeters?

Answer: 113

Room Size
Question: What is the size of this room (in square meters)?

K Answer: 47.9

Relative Direction
Question: If I am standing by the shelf and facing the
shower is the bicycle to the left or the right of the shower?

Answer: left

Absolute Distance
Question: What is the distance between the shower and
the kitchen counter (in meters)?

Answer: 6.1
Relative Distance

Question: Which of these objects (sink, pillow, bed, guitar)
is the closest to the bicycle?

Answer: sink /

Figure 2. Illustrations of the VSI-100k. We focus on six subtasks: object counting, relative direction, object size, absolute distance, room
size, and relative distance. For each question type, we present one example, accompanied by a video.

¢ Observe-mode: Please observe carefully
and analyze what you see that helps
you to solve the question in the video
and enclose it in <observe> </observe>
tag, and then provide the short answer
with one or two words or a number in
<answer> </answer>.

¢ Vanilla-mode: Please provide the short

answer with one or two words or a

number.

The format reward quantifies how the responses follow

the specified format. It returns a score of 1 or 0. Note that
such a reward is omitted for the vanilla-mode.
Accuracy Reward. In the case of non-NA tasks, we
employ a character matching method to assess accuracy,
awarding a score of 1 for a match and 0 for a mismatch. For
NA tasks, we develop a function that computes the absolute
difference between the true value and the predicted one and
divides the result by the minimum of the two values.

Experimental Settings. Unless specified otherwise, we
use Qwen2-VL-2B/7B as the base models due to resource
constraints. For training, we employ LoRA [16] training
with a learning rate of 10~° for Qwen2-VL-2B with only
120 A800 GPU hours and 5 x 10~ for Qwen2-VL-7B. To
ensure robust performance, we conduct 14 rollouts for each
question, allowing for a thorough exploration of possible
responses. We set the default sampling temperature to 1

to maintain a balance between creativity and coherence in
the generated outputs. The KL divergence coefficient S is
configured to 0.0001 as the default setting.

4.3. Results and Analyses

4.3.1. Main Results

Let vsGRPO-T, vsGRPO-0O, and vsGRPO-V denote the
GRPO training on VSI-100k with prompts of think-mode,
observe-mode, and vanilla-mode respectively. We evaluate
them with the corresponding test prompts by default. Given
the studies in the previous section, we also test the trained
models with vanilla-mode prompts.

As shown in Table 2, for models based on Qwen-VL-
2B, all GRPO fine-tuned models improve over the baseline.
Besides, for the models trained with CoT prompting strate-
gies, their CoT test performance outperforms vanilla one.
This indicates that GRPO training can effectively enhance
the model’s long reasoning capabilities. We present an ex-
ample in Figure 3. We notice that, despite receiving explicit
instructions to utilize CoT reasoning and appropriate tags,
Qwen2-VL-2B struggles to adhere to them and tends to pro-
vide short answers. With think-mode prompting trained us-
ing GRPO, the model can correctly apply the tags and ini-
tiate a more structured reasoning process. This also proves
the effectiveness and stability of GRPO in enhancing the
model’s reasoning capabilities.
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Table 2. Quantitative results on VSI-bench. vsGRPO-T, vsGRPO-O, and vsGRPO-V refer to GRPO training on VSI-100k with prompts of

think-mode,

, and vanilla-mode respectively. V, T, and

in the Eval. Mode column refer to using vanilla-mode, think-mode,

and prompts for evaluation, respectively. We also present the best performance of open-source models under the specific
model size, like LLaVA-NeXT-Video [19] (LNV for short) and InternVL2 [9] (IVL2 for short), and close-source ones like GPT-40 [18]

and Gemini-1.5 Pro [31].

Eval. Obj.  Abs. Obj. Room Rel. Rel. Route ApPrL.

Methods Mode Avg Count Dist. Size Size Dist. Dir. Plan Order
Open-source
Qwen2-VL-2B vV 233 214 34 323 31.1 267 277 247 189
+ SFT V. 296 296 235 474 335 269 283 288 18.6
+ DPO vV 239 21.7 37 348 324 271 285 242 186
+ vsGRPO-T vV 261 247 107 374 362 273 295 257 179
+ vsGRPO-O V 280 262 164 448 382 270 293 242 182
+ vsGRPO-T T 29.6 350 282 347 252 28.0 385 285 187
+ vsGRPO-O 312 346 225 448 337 294 418 268 158
+ vsGRPO-V V. 354 53.6 29.0 527 434 28.1 309 268 189
Qwen2-VL-7B V. 322 394 250 258 432 326 309 278 326
+ SFT V. 381 447 276 46.1 504 340 357 33.0 334
+ DPO V. 326 391 252 265 442 326 309 293 333
+ vsGRPO-V V 407 599 29.6 508 483 354 356 340 315
IVL2-2B VvV 274 21.8 249 220 350 338 442 305 7.1
LNV-7B V 356 485 140 478 242 435 424 340 306
IVL2-40B V. 360 349 269 465 31.8 421 322 340 39.6
LNV-72B V409 489 228 574 353 424 3677 350 486
Close-source

GPT-40 V 340 462 53 438 382 370 413 315 285
Gemini-1.5Pro V488 496 288 58.6 494 46.0 48.1 42.0 68.0

Notably, directly applying the vanilla-mode prompting
strategy yields the best performance improvements, partic-
ularly for NA questions, and even outperforms GPT-40. We
refer to this model as vsGRPO-2B by default. This under-
scores the conclusion that CoT prompting is ineffective for
the small-sized Qwen2-VL-2B on the VSI-bench.

In terms of Qwen2-VL-7B, we only tried vsGRPO-V
considering the above results. We observe that vsGRPO-V
performs the best on two subtasks—object count and abso-
lute distance. Moreover, the test performance on the Route
Planning is also improved, similar to the 2B case. This is
possibly because the Route Planning can be divided into
sub-tasks that include relative direction, indicating inter-
task generalization. With only 7B model size, we note that
our model shows performance comparable to that of the
leading open-source model, LLaVA-NeXT-Video-72B [19].

4.3.2. Importance of KL Penalty

The KL penalty term plays a crucial role in regulating the
divergence between the online policy and the frozen ref-

erence one. It avoids the model straying too far from the
initial point. While some works [24, 45] advocate for re-
moving the KL penalty to enhance performance, we have
observed that doing so can easily lead to training collapse,
as illustrated in Figure 4. In contrast, introducing a positive
[ (even very small, such as 0.0001) can effectively address
this issue. This may be attributed to the specific nature of
VSI reasoning problems.

4.3.3. Reward Hacking

During training, we observed that the model occasionally
discovers strategies to achieve high rewards that do not align
with our original intentions. For example, when training in
think-mode, some rollouts share the structure: <think>
There are [number] [object] in the
room</think> <answer> [number]</answer>
in the object count task. We also encountered some extreme
samples in the rollouts, such as <think> </think>
<answer>xx</answer>. While this format is tech-
nically correct, it represents a failure to demonstrate a
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K\/ideo:

will perform the following actions ...:
1. Go forward until the stool 2. [please fill in]

Options: A. Turn Left B. Turn Back C. Turn Right

Qwen2-VL-2B: <answer> B. Turn Back </answer>

e U

=1

Question: You are a robot beginning at the door and facing the stool. You want to navigate to the bed. You

3. 6o forward until the bed. You have reached the final destination.

Instruction: Please think step by step and enclose your thinking process in <think> </think> tags and then
provide the short answer with one or two words or a humber in <answer> </answer>.

vsGRPO-T-2B: <think> The goal is to navigate from the door to the bed. I have already fturned left and
kam now facing the stool. I need to turn right to reach the bed. </think>\n<answer> turn right </answer> /

Figure 3. A comparison between Qwen2-VL-2B and its trained variant, vsGRPO-T-2B. We select the route planning question type, given

that the training dataset does not include this category.

— B=0.0001
— B=0

Format Reward

o 25 50 75 100 125 150 175 200
Steps

Figure 4. The format reward curve of # = 0 and § = 0.0001
during training.

genuine thinking process. This phenomenon is reminiscent
of observations made in VisualThinker-R1-Zero [47]. In
response to this issue, we decided to incorporate a length
reward function as a mitigation strategy. However, we
soon realized that some new generations merely added
extra <think></think> and <answer></answer>
tags to exploit the length reward. This approach also does
not contribute to a meaningful thinking process. So, more
reasonable reward functions should be explored.

4.3.4. Dynamics of Various Rewards

As shown in Figure 5, during the GRPO training, the format
reward converges to 1 quickly, while the accuracy reward
increases more slowly. This phenomenon suggests that the

Reward

°
S

°
=

—— Format Reward
—— Subtask Acc Reward
Total Reward

°

°
°

o 500 1000 1500 2000 2500 3000
Steps

Figure 5. The curve of the format reward (blue), the accuracy re-
ward curve of one subtask of VSI-100k (red), and the total reward
curve (yellow) during GRPO training.

format is more easily learned than spatial knowledge. We
also notice that there appears to be an upper bound for the
accuracy reward, indicating that although GRPO can en-
hance spatial reasoning abilities, there may be inherent lim-
itations to the extent of improvement achievable. This sug-
gests the need for further exploration into alternative meth-
ods or additional training paradigms that could push these
boundaries and lead to even greater advancements in spatial
reasoning tasks.

4.3.5. Comparison to Other Training Approaches

We also compare our approach with commonly used fine-
tuning algorithms, SFT and DPO [27], in Table 2. For SFT,
we directly use the constructed VSI-100k for tuning. For
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Table 3. General understanding and reasoning ability with different training methods. We use VidleoMMMU (16 frames) as the video

reasoning benchmark and VideoMME as the video general benchmark.

Metrics VideoMMMU VideoMME
Qwen2-VL-2B  Qwen2-VL-7B  Qwen2-VL-2B  Qwen2-VL-7B
Base 32.3 43.1 49.6 50.9
SFT 30.7 42.7 49.3 41.8
DPO 322 43.7 48.8 50.9
vsGRPO-V 31.7 43.0 49.1 45.6

DPO, the correct answer is modified to a wrong one to serve
as the less-preferred answer. As shown, the two approaches
both improve over the base model on the VSI-bench, but
still lag behind vsGRPO-V. Besides, the improvement of
DPO is minor, which is perhaps because of the sub-optimal
preference pair construction.

In addition to spatial understanding and reasoning abil-
ities, we also consider general understanding and reason-
ing abilities when training with different methods using
visual-spatial data. To evaluate this, we leverage VideoM-
MMU [17] and VideoMME [ 13] benchmarks following the
setting in [12], shown in Table 3. Combining with the re-
sults in Table 2, we find that, although DPO training does
not result in a significant decline in general understand-
ing and reasoning abilities, it fails to improve spatial abil-
ity. This suggests that using DPO training to inject new
knowledge into the models may not be the most effective
approach for enhancing spatial reasoning skills. In con-
trast, when applying SFT and GRPO, while there is a no-
table improvement in spatial ability, there is also a corre-
sponding drop in general understanding and reasoning per-
formance. This trade-off reveals a critical challenge in bal-
ancing the enhancement of specific skills with the main-
tenance of overall cognitive capabilities. Besides, GRPO
demonstrates a smaller overall decline in general under-
standing and reasoning compared to SFT. This finding high-
lights the advantages of GRPO, particularly when training
with visual-spatial data, suggesting that it may better pre-
serve broader general abilities while still achieving targeted
improvements in specific abilities like spatial understanding
and reasoning.

5. Conclusion

In this work, we center on the video-based visual-spatial in-
telligence of MLLMs. Using Qwen2-VL as the base model,
we identify that the visual-spatial reasoning capacities of
Qwen2-VL-2B/7B cannot be activated via CoT prompts.
We construct VSI-100k to combat data scarcity and adapt
GRPO training. Extensive experiments demonstrate that
vsGRPO-2B and vsGRPO-7B outperform models of the
same size in spatial understanding and reasoning ability,

and also indicate that the GRPO approach achieves greater
improvements in visual-spatial ability while experiencing a
smaller drop in general ability when trained with domain-
specific data in comparison to SFT and DPO.

6. Limitation & Future Work

During the application of GRPO to spatial reasoning, we
made necessary modifications to the reward functions de-
rived from the LLM model, DeepSeek-R1, resulting in im-
pressive outcomes. It is natural to introduce additional re-
ward functions specifically tailored for visual and temporal
aspects of video-based visual-spatial reasoning, which we
did not explore in this study. In the future, we aim to inves-
tigate these additional reward functions to further enhance
the model’s performance in visual-spatial tasks, ultimately
leading to more robust reasoning capabilities.
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