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Reasoning

(Example) Question: Navigation Instruction given at initial position: [Observe
around, then fly towards the road, then turn left and land on the roof of the
building on the left]. What are you doing now?
Choose: A.llook around the square area.  B. | fly towards the road.

C. I turn left and land on the roof of the building on the left.

D. I fly over the park. E.lland.

{— Fast-Thinkin
E.lland. Q & )
Slow-Thinking =

" Think: Let's analyze the event sequence and the instruction step by step:
1. Initial Position: | start by observing around the square area.
2. Next Step: After observing, | fly towards the highway.
3. Subsequent Step: Once at the highway, | should turn left.
4. Final Step: Finally, | should land on the roof of the building on the left.
From the video frames:
- The initial frames show buildings and a square area, indicating the phase.
- The subsequent frames show a transition from the square area to a broader view.
- The later frames depict a clear view of the road and surrounding buildings.

w Answer: B. | fly towards the road. O

Figure 1: Embodied spatial reasoning: tasks and thinking process. Challenging tasks from public embodied video datasets are
identified, encompassing both indoor and outdoor scenarios. We introduce slow-thinking to improve reasoning performance.

Abstract

Humans can perceive and reason about spatial relationships from se-
quential visual observations, such as egocentric video streams. How-
ever, how pretrained models acquire such abilities, especially high-
level reasoning, remains unclear. This paper introduces Embodied-
R, a collaborative framework combining large-scale Vision-Language
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Models (VLMs) for perception and small-scale Language Models
(LMs) for reasoning. Using Reinforcement Learning (RL) with a
novel reward system considering think-answer logical consistency,
the model achieves slow-thinking capabilities with limited com-
putational resources. After training on only 5k embodied video
samples, Embodied-R with a 3B LM matches state-of-the-art mul-
timodal reasoning models (OpenAl-o1, Gemini-2.5-pro) on both
in-distribution and out-of-distribution embodied spatial reasoning
tasks. Embodied-R also exhibits emergent thinking patterns such as
systematic analysis and contextual integration. We further explore
research questions including response length, training on VLM,
strategies for reward design, and differences in model generaliza-
tion after SFT (Supervised Fine-Tuning) and RL training. The project
page is available at: https://embodiedcity.github.io/Embodied-R/
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1 Introduction

On the path toward Artificial General Intelligence (AGI) [17], we
hope that pre-trained foundation models can not only perform tasks
such as dialogue and image understanding in the cyber world [2, 44]
but also develop human-like embodied spatial cognition in the three-
dimensional physical world, enabling them to perceive, think, and
move [4, 32]. The fundamental way humans achieve spatial cogni-
tion is through continuous, dynamic visual observations, akin to
video streams [26, 30]. For example, by observing their surround-
ings, humans can infer their position relative to nearby objects.
Similarly, based on historical visual observations, humans can de-
termine the actions they should take to reach a target destination.

Visual spatial cognition can be divided into two levels: perception
and reasoning [51]. Perception refers to “what is seen", character-
ized by direct, low-level tasks such as object recognition, edge de-
tection, or color differentiation [52]. Reasoning, on the other hand,
involves “what is understood" and “what actions to take", which
are indirect and higher-level tasks requiring logical inference and
knowledge integration [62]. Examples of reasoning include “Where
did I come from?" (e.g., recalling historical movement trajecto-
ries [36]), “Where am I?" (e.g., inferring the spatial relationships
between nearby objects and distances [5]), and “Where do [ want to
go?" (e.g., planning actions and deciding movements to reach a des-
tination [8]). While most existing research focuses on improving the
perception capabilities of foundation models [6, 11], with notable
progress, their spatial reasoning abilities remain limited [9, 58], and
methods for enhancement are largely unexplored.

Specifically, video-based spatial reasoning poses several chal-
lenges, as follows:

e Reasoning is always built upon perception [19, 32]. For the stud-
ied problem, continuous visual observations impose higher de-
mands on perception. Reasoning cannot be well achieved with
faulty perceptions or hallucinations [53]. It is challenging to
reason when it is already hard to perceive from the videos.

e Video data naturally involves complex spatio-temporal relation-
ships, requiring the discovery of object associations across frames
and the extraction of semantics relevant to the reasoning task [16].
For instance, to navigate to a destination outside the current field
of view, one must infer their location from historical visual ob-
servations, build a mental map of the environment, develop a
high-level plan to determine the direction, and finally decide on
specific actions to execute. Existing supervised fine-tuning (SFT)
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training methods lack supervision for the reasoning process,
making it difficult to handle such reasoning tasks [62].

e Embodied visual observations have distinct characteristics. First,
understanding disembodied videos, such as movies or TV shows,
primarily emphasizes the content within the video, often from
a broad and objective perspective [27]. In contrast, egocentric
videos focus on understanding the relationship between the
observer and the surrounding environment, often from a con-
strained first-person perspective [22]. Second, embodied con-
tinuous visual observations are generated over time, indicating
that embodied perception should rely on sequential inputs rather
than aggregating all visual observations for a single input after a
prolonged period [31]. Finally, due to the continuity of motion
in the physical world, egocentric visual observations also exhibit
spatial continuity, meaning there is significant redundancy and
repetition between frames. Consequently, directly applying ex-
isting multimodal large language models (MLLMs) to embodied
videos leads to issues, including loss of generalization and input
token limits caused by excessive redundant frames [1, 29].

Recently, the impressive performance of OpenAlI’s 01/03 [38]
and DeepSeek-R1 [24] in solving complex reasoning problems(e.g.,
mathematics, coding, science, etc.) has drawn attention to rein-
forcement learning (RL) techniques. By incorporating the chain-of-
thought (CoT) reasoning process into post-training, large language
models (LLMs) demonstrate a "slow-thinking" mode, where they
reason thoroughly before generating responses [45, 55]. Inspired
by this, we attempt to introduce “slow thinking" into embodied
video-based spatial reasoning tasks, as shown in Figure 1.

This brings a new challenge: the trade-off between model size and
computational cost. Existing studies suggest a strong correlation
between multimodal understanding/perception capabilities and
model size [7, 20, 56]. Since reasoning builds on perception, larger
vision-language foundation models should be used as the starting
point for training. However, increasing model size leads to often
unacceptable computational costs. Additionally, video inputs map
to long token sequences, further raising computational demands.
Is there a way to leverage the perception capabilities of large-scale
models while developing embodied reasoning abilities at a lower
computational cost?

Inspired by neuroscience [64], spatial perception and reasoning
involve distinct brain regions: visual perception occurs in the visual
areas of the occipital lobe [13], basic spatial understanding in the
parietal lobe [18], and complex spatial reasoning in the prefrontal
cortex [14]. This inspired the design of a collaborative framework
with two main components: a large-scale vision-language model
(VLM) for perception and a small-scale language model (LM) for
reasoning. Based on the continuity of observations, we first propose
a key-frame extractor to retain critical information while reducing
computational costs. Using a VLM, we sequentially extract semantic
information from the frames, which simulates real-world online
reasoning while effectively managing the input token length of
VLMs for long video inputs. Finally, the semantic information and
reasoning question are fed into the small-scale language model,
which outputs the reasoning process and final answers. The small-
scale language model is trained with RL, where the reward modeling
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not only incorporates rule-based rewards inspired by Deepseek-R1-
Zero [24] but, more importantly, introduces a novel reward for the
logical consistency of the reasoning process. In the experiments,
we explore seven research questions, covering the framework’s
performance, RL’s role in activating embodied spatial reasoning,
and out-of-distribution generalization capabilities.

In general, the main contributions of this paper are as follows:

e We propose a collaborative framework for large-scale and small-
scale foundation models to address spatial reasoning in the video
modality. By decoupling perception and reasoning, the frame-
work leverages the perceptual strength of large-scale foundation
models while efficiently enhancing the reasoning capabilities of
smaller models in a computationally resource-friendly manner.

This is the first work to employ reinforcement learning

(RL) to enhance the embodied spatial reasoning abilities of

foundation models. Specifically, we introduce a novel logical

consistency reward, which improves the alignment between
reasoning processes and generated answers.

e Our proposed Embodied-R achieves performance comparable
to state-of-the-art multimodal large language models (e.g.,
OpenAl-01/Gemini-2.5-Pro) on both in-distribution and out-
of-distribution benchmarks. We further investigate research
questions including the generalization comparison between
models trained by SFT & RL, reward design strategies, etc.

2 Related Work

Large Language Model Reasoning. Recently, enhancing reason-
ing capabilities has become a key focus in large model technologies,
demonstrating remarkable performance on tasks such as mathemat-
ical and logical problem-solving [25, 47, 57]. Following the release
of OpenAT’s 01 [38], numerous studies have proposed various tech-
nical approaches to achieve similar functionalities, including Chain-
of-Thought (CoT) [54], Monte Carlo Tree Search (MCTS) [23, 60],
distillation [35], rejection sampling combined with supervised fine-
tuning (SFT) or Direct Preference Optimization (DPO) [40], among
others. Furthermore, Deepseek-r1 [24] introduced a method to fos-
ter the emergence of reasoning abilities in large language models
(LLMs) through rule-based rewards combined with reinforcement
learning. Similarly, Kimi k1.5 [45] proposed a comparable approach,
presenting various training techniques, such as curriculum learn-
ing. This reinforcement learning paradigm has sparked significant
interest, with subsequent works successfully reproducing related
results [55, 59].

Embodied Spatial Reasoning with VLMs. Inspired by the gener-
ality of foundation models across various domains [2, 3], embodied
intelligence aims to develop agents that utilize large multimodal
models as their "brains” to achieve perception, navigation, and
manipulation in the 3D physical world [15, 41]. In terms of input,
human visual-spatial perception is more akin to continuous RGB
observations, similar to video streams [12, 42], rather than static
images [48] or point clouds [52]. Several embodied video bench-
marks [58] demonstrate that, while perception tasks are relatively
well-addressed, spatial reasoning tasks—such as spatial relationship
inference, navigation, and planning—remain highly challenging.
However, existing research [16, 43] on video reasoning primarily
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focuses on disembodied content reasoning, with little emphasis on
scenarios involving embodied continuous visual inputs.
Collaboration between large and small models. Existing re-
search primarily focuses on addressing the resource consumption
and privacy risks associated with large models, as well as the ef-
ficiency and performance advantages of small models in specific
scenarios [50]. Small models can assist large models in data selec-
tion, prompt optimization, and reasoning enhancement [28, 61]. The
use of small models to detect hallucinations and privacy leakage is
explored in [49, 63], improving overall system reliability. While our
work shares the goal of reducing computational resource demands,
it differs by emphasizing the complementary roles of large-scale
VLMs in perception and small-scale LMs in enhancing embodied
spatial reasoning.

3 The Embodied-R Method

We first define the problem of embodied spatial reasoning. Sub-
sequently, we introduce the VLM-based perception module and
the LM-based reasoning module. The collaborative framework is
shown in Figure 2.

3.1 Problem Formulation

In the physical world, an agent moves through space, generating
a sequence of video frames (continuous visual observations) f =
[fo, fi,-- -, fT]. Suppose a spatial reasoning problem is denoted as
q. Our goal is to build a model that takes q and f as inputs and
outputs an answer a. The answer a is considered correct if it is
semantically consistent with the ground truth g; otherwise, it is
deemed incorrect.

3.2 Large-Scale VLM-based Perception

3.2.1 Key-Frame Extractor. As the agent moves continuously
in space, high sampling frequencies result in significant overlap be-
tween consecutive frames. On one hand, the VLM relies on changes
in the static objects within the environment across frames to infer
the agent’s pose variation. On the other hand, excessive overlap
between frames leads to increased inference costs for both the
VLM and LLM. To address this, we designed a key-frame extractor
tailored to the characteristics of embodied videos, selecting key
frames that retain overlap while ensuring sufficient information
gain between them.

The extraction of key-frames is based on the overlap of visual
fields caused by motion continuity. When the agent moves forward,
the visual content in the latter frame is expected to overlap with a
portion of the former frame, and the reverse is true when moving
backward. Similarly, during left or right rotations, the latter frame
should partially overlap with the former frame in the horizontal
direction, and during upward or downward rotations, the overlap
occurs in the vertical direction. Given that the sampling frequency
of visual observations is typically much higher than the agent’s
motion speed, frames generally exhibit significant overlap.

Specifically, a perspective transformation is used to model the
geometric relationship between frames. Assuming f; is a key-frame,
to determine whether f;,1 should also be considered a keyframe,
keypoints and descriptors are calculated from f; and f;4+1 using the
Oriented FAST and Rotated BRIEF (ORB) algorithm. Next, a feature
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Format: <think> ... </think>
<answer> ... </answer>?

Logical Consistancy

Response:

| |
| |
I |
I I
I I 2221 | <think> p </think>
| , | N
| LAccuracy: a==g? ] (%P) Reference LM *;%3 a—->ad=a?| | <answer> a </answer>
) - | 7y
[ . . . .
4 Policy Optimization Inference
[ h Small-Scale Language Model (LM) ]
. Navigate to [area between red building and hill], the best next action is: . .
: mantic Representation S :
Question g A. Turn Right; B. Move Forward; C. Move Right; D. Camera Tilt Upward Semantic Representatio
v Frame Action A Information -Related
— q
vy My field of view consists
Q
i v Ji, / of a light blue building ... None
[ =S § . . .
= o 0 Camera Tilt The parking lot to the left is
.r<D Urnb 3, fk] Downward  now partially obscured ... None
1
o
5 =3
3 a 2
1) © = £ Move My post-action field of ~ Red Building;
o =20 kit Forward  view reveals the roof of ... Hill
(=3 —r 3
o < f Move | am now closer to the Red Building;
g = ky Forward building and the hill ... Hill )
h
” h Training -ﬁé— Frozen
N N/

Figure 2: The proposed Embodied-R is a collaborative embodied spatial reasoning framework integrating a Vision-Language
Model (VLM) and a Language Model (LM). The separation of perception and reasoning enables us to leverage the perceptual
capabilities of large-scale VLMs while training a resource-efficient small-scale LM to activate embodied reasoning through RL.
Notably, we introduce a novel logical consistency reward to guide the LM in producing logically coherent reasoning and answer.

matching algorithm, such as the Brute-Force Matcher, is applied
to match the descriptors between the two frames and the Random
Sample Consensus (RANSAC) algorithm is employed to estimate
the homography matrix. The overlap ratio between two frames is
then computed. If overlap ratio is less than a predefined threshold,
it indicates significant visual changes between the frames, and f;+1
is marked as a key-frame. Otherwise, the algorithm proceeds to cal-
culate the overlap ratio between f; and f;42. This process continues
until a new key-frame is identified, which then becomes the refer-
ence for subsequent frames. Considering the effect of viewpoint
changes, rotations (both horizontal and vertical) result in larger
field-of-view variations, leading to more frames being recorded dur-
ing these movements. If the indices of the extracted keyframes are
denoted as " = [ S Jres -+ -5 Jrn ], the keyframe extraction process
can be summarized as:

f’ = K-Extractor(f). (1)
3.2.2 Embodied Semantic Representation. Since perceptual
capability is positively correlated with model size [27, 58, 62], we
employ a large-scale VLM to process visual inputs to ensure high-
quality perception. The differential information of each key frame
is described sequentially. This approach provides two key benefits:
1) The sequential and dynamic processing aligns better with the
characteristics of embodied scenarios, where visual observations
are continuously generated over time. At each moment, the model

should integrate historical semantic representations with the latest
visual observations, rapidly updating the semantic understanding
of spatial perception. 2) It facilitates the handling of long videos by
avoiding the input token limitations that arise when all frames are
processed simultaneously by the VLM.

Specifically, for the first frame, the VLM identifies the objects
present in the scene, their attributes, and their spatial locations. For
subsequent frames, both the previous frame and the current frame
are input into the VLM to extract key semantic representation Sk;*

Sk ~ Vol fie;p i3 @s J= 120001, (2)

where sy, consists of three items:

e Action: Inferring the agent’s actions based on the changes in
visual observations between consecutive frames.

o AInformation: Determining changes in the spatial relationships
between the agent and known objects, as well as identifying
whether new objects appear in the field of view.

o g-related content: Detecting whether objects or information
relevant to the reasoning task appear in the latest field of view.

In this way, we can extract spatial semantic representations s =
[Sky» Sky» - Sk, | from the keyframe f”.
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3.3 Small-Scale LM-based Reasoning

Given semantic perception, we can train a training-friendly small-
scale language model capable of performing embodied spatial rea-
soning. Assuming the small-scale LM is denoted as 7y, the response
o inferred from the model can be expressed as: 0 ~ my(0 | ¢,s).

Our training objective is to ensure that the model adheres to
the "think-then-answer" paradigm, where the thinking process is
logical, and the answer is correct. We follow DeepSeek-R1-Zero
and adopt a computationally efficient RL training strategy, Group
Relative Policy Optimization (GRPO). Besides rule-based format and
accuracy rewards, we propose a novel reasoning process reward
tailored for embodied reasoning tasks to mitigate reward hacking
and enhance the logical consistency between the reasoning process
and the final answer.

3.3.1 Group Relative Policy Optimization. For a given query
q and semantic annotation s, GRPO generates a group of outputs
{01,092, ...,0G} using the reference policy 7f. The reference pol-
icy typically refers to the original model not trained via GRPO.
The policy model 7y is then updated by optimizing the following
objective:

G
1 79 (0ilg s)
0)=E — ZOAID Y 4
J©) (g5)~D{0i Y ~moa(0lgs) | G ; m(ﬂold(oilq,S) b
(3)
clip| 70019 4y lay| - por (ol ||,
7o1d (0i g, s)

where € and § are hyperparameters, and Dxr, (7g || 7ref) is KL diver-

gence penalty: Dgy, (7| 7ref) = ﬁzf((rri"lli’;)) —log zzf((rri"lli’:)) - 1.4

represents the advantage corresponding to the output o;, calculated

4. _ rimmean({ry,rs,...rG})
16 Y Al = TS o))

from the corresponding {ry, rz, ..

3.3.2 Reward Modeling. Reward modeling is a critical compo-
nent of RL algorithms, as their design guides the direction of model
optimization. We propose three types of rewards: format reward,
accuracy reward, and logical consistency reward. These are de-
signed to respectively guide the model to learn the "think-answer"
reasoning pattern, accurate embodied spatial reasoning, and logical
consistency between reasoning and the answer.

Format Reward: We aim for the model to output o; by first produc-
ing an embodied reasoning process p; followed by the final answer
a;. The reasoning process and answer are enclosed within <think>
</think> and <answer> </answer> tags, respectively:

Please assume the role of an agent. Given a question and a
series of frames, you should first think about the reasoning pro-
cess in the mind and then provide the final answer. The reason-
ing process and answer are enclosed within <think> </think>
and <answer> </answer> tags, respectively, i.e., <think> rea-
soning process here </think> <answer> answer here </answer>.
Ensure that your answer is consistent with and directly derived
from your thinking process, maintaining logical coherence be-
tween the two sections. The frames represent your egocentric
observations from the past to the present. Question: q. Video:
f’. Assistant:
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A regular expression is applied to evaluate whether o; meets the
specified requirements, thereby generating the format reward r{:

rp= (4)

;L if format is correct;
0, if format is incorrect.

Accuracy Reward: The accuracy reward r;” model assesses whether
the answer q; is semantically consistent with the ground truth g.
For example, multiple-choice questions typically have precise and
unique answers, which can be easily extracted when the response
adheres to the specified format.

1, ai=g9;
r = 1=9 )
0, aj#g.

Logical Consistency Reward: When using only the format reward
and accuracy reward, we consistently observed hacking behaviors.
Specifically, for spatial reasoning tasks where the possible answers
are limited (e.g., the relative position of an object with respect to
the agent’s body), cases arise where an incorrect reasoning process
pi leads to a correct answer a;, which is mistakenly assigned a
positive reward. As such cases accumulate, the logical consistency
of the model’s responses deteriorates. To address this issue, we
introduce a simple yet effective process reward. Our goal is to ensure
alower bound on logical consistency, such that the reasoning ability
of 7y should not degrade below that of the reference model 7f.
Therefore, when the model’s answer is correct (a; = g), we input
the question g and reasoning process p; into the reference model
without providing video frames, yielding an answer:

a; ~ Tyet (alq. pi) - (6)
If a} is consistent with a;, it indicates that the reasoning process

can logically lead to the answer; otherwise, it reflects a logical
inconsistency between the reasoning process and the answer.

1, aj=d,=g;
r{,, _ 5 i i 5 7
! 0, else. @)

Total Reward: The total reward is a linear combination of the
three rewards mentioned above:

ri = wir] + war; +wsr]”. (8)

4 Experiments

We first provide the details of the experimental setup and then
demonstrate the following: quantitative results, qualitative results,
and ablation studies. These correspond to addressing the following
three research questions (RQs):

e RQ1: How does Embodied-R perform compared to existing
video-LLMs?

e RQ2: Has Embodied-R learned slow-thinking?

e RQ3: What are the contributions of each module?

4.1 Experimental Setup

4.1.1 Data Preparation. We primarily focus on spatial reasoning
problems during motion within three-dimensional physical space
to evaluate the effectiveness of our method. For this purpose, we se-
lected two embodied video datasets as the main training and testing
sets: VSI-Bench [58], which contains indoor first-person navigation
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Table 1: Accuracy of Embodied-R and baselines on 8 indoor and outdoor embodied spatial reasoning tasks. The baselines
include popular proprietary models, state-of-the-art (SOTA) multimodal reasoning models, open-sourced video-large language

models, and models fine-tuned on the same training dataset.
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I~
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o 2 N 5 2 ks = © o LB N
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s © 3 Q N > T S ;e e 10
£ £ g = = = 5 8 Dk
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Qwen2.5-VL-7B-Instruct[1fps] | 45.4 | 40.2 53.4 38.0 40.8 47.8 46.3 44.1 56.1 w/o 348 318 457 283 28.1 41.0 29.7 37.5 460

Proposed Embodied-R w 511 551 599 39.7 47.6 50.0 443 36.8 72.0
VLM-72B + LLM-3B [<32f] | 51.1 | 55.1 59.9 39.7 47.6 50.0 44.3 36.8 72.0 A +163+233 +142 +114 +195 +9.0 +14.6 -0.7 +26.0

data. , and UrbanVideo-Bench [62], which consists of outdoor em-
bodied data captured by drones navigating through aerial spaces
These datasets provide diversity in scenarios by incorporating both
outdoor and indoor video data. Based on the content of the tasks, we
specifically selected four distinct types of tasks from each dataset,
characterized by long spatial reasoning chains and low accuracy.
These tasks are formulated as multiple-choice question-answering
problems, ensuring determinism in answers to facilitate RL training
and allowing direct calculation of accuracy to evaluate performance.
Across eight task categories, the dataset covers multiple levels of
spatial reasoning, comprising a total of 5,415 QA pairs and 1,492
videos. Additionally, we include two out-of-distribution dataset,
EgoSchema [34] and Egocentric task in MVBench [27]. EgoSchema
is designed for task-level reasoning from a first-person perspective,
with 500 QA pairs and 500 videos available in its fully open-source
portion. MVBench encompasses the embodied task of egocentric
navigation, comprising 200 QA pairs and 200 corresponding videos.
These datasets serves to evaluate the generalization capability of
the trained model.

To ensure comprehensive evaluation, we conducted five repeated
experiments. The dataset was randomly divided into five equal parts
and 5-fold cross-validation is adopted. The final testing results are
averaged across the five experiments. Furthermore, we address the
issue of potential semantic bias in the datasets. For instance, in
action generation tasks, forward movement may inherently have a
higher correctness rate than adjusting the gimbal angle, which is a
characteristic of the task itself. To prevent the testing performance
from being influenced by the model learning textual distribution
rather than truly understanding the spatial information in video, we
implement an additional filtering step for the testing set. Specifically,
we train a LLM through supervised fine-tuning using only the
textual QA pairs from the training set, without video inputs. If a
question in the testing set can be correctly answered by the fine-
tuned LLM but not by the original LLM, it indicates semantic bias in
that QA pair. These biased QA pairs are excluded from the testing
set as they fail to accurately assess the spatial reasoning capabilities
of models.
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Frame 15

Landmark Position
Question: At the initial position, you are asked to navigate to the elevator on the left side of the entrance. When you
reach your current location, what is the direction to the destination?
Choices: A.|am currently located over the park, far away from the target building.

B. I am currently located directly above the elevator, to the left of the entrance.

C.lam currently located to the right of the target building, above street level.

D. | am currently located on the roof level of the target building.

E.1am currently located behind and to the left of the target building, above street level.

% qwen2.5-vL.78:

Based on the observations, the agent starts at a high vantage point, looking down at the cityscape. The agent moves
through the urban environment, observing buildings, roads, and trees. The agent's final position is near the entrance
area, with the blue building on the right side prominently visible. The agent's goal is to navigate to the elevator on the
left side of the entrance. Given this information, the agent needs to move towards the left side of the entrance to reach
the elevator. <think>The answer is C.

(&
Embodied-R:

<think> At the initial position, the agent is observing the urban landscape from a high vantage point, looking down at the
city. The goal is to navigate to the elevator on the left side of the entrance. - Option A is incorrect because the agent is
not currently located over a park; they are in an urban setting. - Option B is incorrect because the agent is not directly
above the elevator; they are at a elevation but not directly above it. - Option C is incorrect because the agent is not to
the right of the target building; they are looking down at it. - Option D is incorrect because the agent is not on the roof
level of the target building; they are at a higher elevation but not specifically on the roof. - Option E is correct because
the agent is currently located behind and to the left of the target building, above street level, which aligns with the
description of being at a higher elevation and looking down at the entrance. Therefore, the correct answer is E. </think>

Relative Distance
Question: Measuring from the closest point of each object, which of these objects (chair, bed, pillow, lamp) is the
closest to the microwave?
Choices: A. chair. B. bed. C. pillow. D. lamp.

("4 Gemini-2.5-Pro R
<think>Let's analyze the video frames step by step to determine the proximity of each object to the microwave: - In
Frame 3, the microwave is visible on the countertop. - In Frame 11, after moving right, the microwave is visible again,
this time in the kitchen area towards the back of the room. - In Frame 15, the desk and its contents are visible, but the
microwave is not in the immediate foreground. Therefore: - The chair is visible in multiple frames but is not near the
microwave. - The bed is visible in several frames, but it is not near the microwave either. - The pillow is not mentioned
or visible in the video. - The lamp is not mentioned or visible in the video. Since none of the objects (chair, bed, pillow,
lamp) are explicitly mentioned or visible in the video, we cannot determine their proximity to the microwave based on
the given information. However, if we consider the options provided and the fact that the microwave is in the kitchen
area, the closest object to the microwave would logically be the chair, as it is the only object mentioned in the options
that could be in the kitchen area. </think>

<answer>A. chair</answer>

%
(& Embodied-R: \
<think>To determine which of the objects is the closest to the microwave, | need to assess the spatial proximity of these
objects to the microwave in Frame 3, where the microwave is clearly visible. From Frame 3, it is evident that the
microwave is situated on the countertop, and there is no immediate object directly adjacent to it. However, considering
the context provided by the frames around it, particularly Frame 11 where | see a view including the kitchen area, the
bed appears to be in close proximity to the kitchen area where the microwave might logically be found in a household

setup. So the object that is spatially nearest to the microwave among the choices provided is the bed. </think>
<answer>B.bed</answer> é

<answer>E</answer> °
(OSpanalneasomngJ @sutematicAna\ysy (Or textual ) (OT“" Formad

Figure 3: Case Analysis: Embodied-R has initially developed the ability for slow-thinking: it can think before answering,
effectively distinguish spatial relationships, provide structured and organized responses, and integrate information across
multiple frames for embodied scene analysis.

(0 IogicallDiscontintity) ‘ OSpa(iaIConfusion‘ ‘ @ Thought-Answer Mismatch ) (@) chaotic Format |

UrbanVideo-Bench misjudgment in accuracy. During this phase, the format reward

Embodied-R
O/ rapidly converges to 1.

- ' e Stage 2: In epochs 3 and 4, the focus shifts to improving the

0.4 7 03-mini __ peepseek-R1 ) i
___________________ PSEE : accuracy of the model’s responses, guiding the model to produce
03 J- 2l lgllllITe . correct reasoning answers. The weights are set as w1 : w2 : w3 =

Qwen2.5-7B-Instruct | Qwen-Max 3:7:0.
0.2 4 . ooii--s /y/O o o Stage 3: In subsequent 5-12 epochs, the aim is to enhance accu-
Embodied-R (w/o RL) : : racy while simultaneously improving the quality of the "thinking"
0.1 . . © ' \Sl-Bench process, ensuring logical consistency between thinking and the
: : Con N answer. The weights are setas wy : wp 1 w3 =1:7: 2.
0 01 02 03 04 05

4.2 How Does Embodied-R Perform Compared
to Existing Video-LLMs?

To evaluate the effectiveness of the proposed method, in addition

to the random baseline, we introduced four categories comprising

17 multimodal large language models capable of processing video

inputs:

Figure 4: Ablation of RL training and comparison to other
language models.

4.1.2 Implementation Details. We use Qwen2.5-3B-Instruct [57]
as the small-scale LM and Qwen2.5-VL-72B-Instruct [6] as large-
scale VLM. Both training and inference processes were conducted
using 8 NVIDIA A800-SXM4-40GB GPUs, with each RL training
requiring approximately 90 GPU hours. Other key hyperparame-
ters for training are as follows: learning rate: 5e-7, temperature:
1.0, train batch size: 32, rollout size: 8, KL coefficient: 0.001, maxi-
mum response length: 2048, input length: 6144. When conducting
inference on the test set, the temperature is set to 0.5.

e Proprietary Models: Cost-effective multimodal models with
over 100B parameters, including Qwen-VL-Max [46], GPT-4o [37],
Gemini-1.5-Flash [44], and Gemini-1.5-Pro [44].

e SOTA Reasoning Models: State-of-the-art reasoning models
with the highest performance but significant computational cost,
including OpenAlI-o1 [38] and Gemini-2.5-Pro [21].

e Open-Source Models: Popular open-source multimodal models,

including LLaVA-NeXT-Video-7B-hf [29], Phi-3.5-vision-instruct [1],

the Internvl2 series [11], and the Qwen-VL series [6].

Supervised Fine-Tuning (SFT): Considering the scarcity of

embodied video tasks, the aforementioned models may lack ex-

posure to relevant data. Therefore, Qwen2.5-VL-3B-Instruct [6]

and Qwen2.5-VL-7B-Instruct [6] are fine-tuned for these tasks.

4.1.3 Three-Stage Training Schedule. As for the RL training

on the LM, we design a three-stage training schedule to achieve

a smooth improvement in training performance. The primary dis- .
tinction between stages lies in the different weight ratios assigned

to three types of rewards.

e Stage 1: In epochs 1 and 2, the goal is to guide the model to follow
the "<think> </think> <answer> </answer>" output format. At
this stage, the weights are set as w1 : w2 : w3 =7 : 3 : 0. Correct .
format rewards also assist in locating the answer and reduce

The results presented in Table 1 lead to the following conclusions:

After undergoing RL training on embodied reasoning tasks, our
model significantly outperformed proprietary models as well
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as OpenAl-ol and Gemini-2.5-Pro by over 10%. Moreover, it
consistently demonstrated leading performance across various
tasks. These results highlight the considerable difficulty of em-
bodied reasoning tasks and indicate that current reasoning
models lack generalization capability for such spatial reasoning
challenges. On the other hand, the findings confirm that collab-
orative framework with RL can effectively enhance model
reasoning performance in specific domains, especially for
tasks that remain poorly solved.

e For embodied video reasoning, a highly coupled perception-
reasoning problem, the VLM model Qwen2.5-VL-72B-Instruct
achieved an accuracy of only 34.9% through direct inference. In
contrast, incorporating a small-scale LM model improved accu-
racy to 51.1%. Given limited computational resources for
training, the collaborative framework proposed in this
study provides an effective solution for balancing model
size with hardware constraints.

e Under similar computational resource limitations, direct fine-
tuning is restricted to models with a size of 7B or smaller. How-
ever, the perceptual capacity of small-scale VL models imposes a
low upper bound on accuracy compared to Embodied-R. Addi-
tionally, fine-tuned models lack the capability for slow-thinking.

4.3 Has Embodied-R Learned Slow-Thinking?

Beyond the quantitative results, we aim to explore whether spatial
reasoning capabilities in the output of Embodied-R are improved. As
illustrated in Figure 3, after RL training, Embodied-R demonstrates
the following human-like reasoning ways:

o Spatial Relationship Reasoning: Accurately inferring the rel-
ative spatial relationship between itself and the surrounding
environment.

o Systematic Analysis: Breaking down problems into compo-
nents, presenting answers with a "part-to-whole" structure, and
maintaining clear logical organization.

o Contextual Integration: Integrating semantic information across
different frames to perform comprehensive analysis.

o Think-Answer Format: Strictly adhering to a structured pro-
cess of reasoning before outputting the final answer.

In summary, Embodied-R demonstrates a certain degree of slow-
thinking capability in embodied spatial reasoning.

4.4 Contributions of Each Module

4.4.1 Ablation of Key-Frame Extractor. The role of Key-Frame
Extractor is to reduce inference time and training time by retaining
essential frames and removing redundant ones while maintaining
perceptual quality. As shown in Table 2, while improving accuracy,
training time is significantly reduced by 12.6%, and single inference
time is reduced by approximately one-third.

4.4.2 Ablation of Collaboration. The collaborative framework
enables improved reasoning capabilities under limited computa-
tional resources for training. With training-free large-scale pre-
trained VLMs, it only requires training small-scale LM models to
achieve enhanced reasoning performance. As shown in Table 3,

Zhao et al.

with identical key-frame inputs and using the same VLM, Qwen2.5-
VL-72B-Instruct, the overall accuracy of collaborative inference is
1.5 times higher than that of the standalone VLM.

4.4.3 Ablation of RL Training. RL is central to the LM training
in this paper. Without RL training, directly applying the original
LM-3B model for reasoning leads to poor performance, as the LM
has limited exposure to embodied spatial reasoning data during
pretraining. After RL training, the LM achieves significant improve-
ments, with a 27.9% increase on the UrbanVideo-Bench and a 20.6%
increase on the VSI-Bench benchmarks.

Given that VLM has already transformed visual inputs into tex-
tual representations, we introduced 4 text-based reasoning mod-
els (03-mini [39], Deepseek-R1 [24], Qwen-Max [46], Qwen2.5-7B-
Instruct [6]) as baselines to further assess the importance of reason-
ing capability in the embodied spatial task. The results demonstrate
a clear positive correlation between the reasoning ability of the
model and its accuracy. The strong performance of Embodied-R
may not only stem from its familiarity with the data distribution
but also from its synergy with the representations provided by
the VLM. Following training, the small-scale LM becomes more
attuned to the VLM-generated representations, which translates
into enhanced performance on embodied reasoning tasks.

5 Further Exploration

Building upon the aforementioned experiments, we further explore
four intriguing RQs related to embodied video-based RL training:

e RQ4: What Is the Relationship Between Inference Ability,
Aha Moments, and Response Length?

¢ RQ5: Why Not Directly Perform RL Training on VLLMs?

e RQ6: Is Accuracy+Format Rewards All You Need?

e RQ7: RL vs SFT when Generalize to Out-of-Distribution
(OOD) Embodied Tasks?

5.1 Relationship Between Inference Ability,
Aha Moments, and Response Length?

The GRPO training process is illustrated in Figure 5a-d, which corre-
spond to the validation set’s accuracy reward, format reward, ratio
of logical consistency reward to accuracy reward, and the response
length, respectively. Notably, existing pure-text-based reproduc-
tions [55, 59] of DeepSeek-R-Zero models identify inference ability
and the "aha moment" as key indicators of emergent reasoning ca-
pabilities. However, such phenomena are rarely observed in other
multimodal reasoning tasks, such as image-based reasoning [10, 33].
This leads us to hypothesize that response length is strongly influ-
enced by the nature of the question itself. For instance, mathemati-
cal problems often require multi-step calculations, where increased
reasoning length tends to correlate positively with reasoning ability.
In contrast, for multimodal reasoning tasks like embodied spatial
reasoning, the LM model training process converges toward an op-
timal range of text output distributions. Concise reasoning patterns
may facilitate the embodied spatial reasoning. This highlights the
versatility of RL-based post-training method, demonstrating the
ability to benefit a wide range of reasoning tasks.
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Figure 5: a-d. The GRPO training process (a: accuracy reward; b: format reward; c: ratio of logical consistency reward to accuracy
reward; d: response length of validation set). e. Comparison of accuracy reward curves for RL training of equivalently sized LM
and VLM models. f. Model performance before and after integrating logical consistency reward. g. Comparison of generalization

performance between models trained with RL and SFT.

5.2 Why Not Directly Perform RL on VLLMs?

We previously attempted direct RL training on the Qwen-VL-3B-
Instruct model. As shown in Figure 5e, under similar training param-
eters and time, the performance of the VLM was notably inferior
to that of the LM. Upon convergence, the VLM achieved an accu-
racy of 43.8% on the test set, significantly lower than the LM. The
limited perceptual capability of the VLM restricts its potential for
reasoning improvements. Therefore, under resource-constrained
conditions, collaborative inference integrating models of different
scales present a promising solution.

5.3 Is Accuracy+Format Rewards All You Need?

According to the Deepseek-R1-Zero, it appears that accuracy and
format rewards are enough to guide the model toward correct
reasoning. However, during training in our problem, we observed
instances of reward hacking, where the model optimizes the answer
but the reasoning process leading to that answer is inconsistent
with the answer itself. We aim to ensure alignment between the
model’s reasoning process and its answer, both to enhance general-
ization and improve the interpretability of the reasoning process. As
shown in Figure 5f, we employ GPT-4o0 to evaluate the proportion
of logically consistent outputs on the test set before and after incor-
porating a logical consistency reward. This proportion increased
from 46.01% to 99.43% after the reward was added, demonstrating
the value of this approach in addressing embodied spatial multiple-
choice reasoning tasks. Moreover, this reward mechanism could
potentially be extended to other reasoning tasks prone to answer
accuracy hacking during training.

5.4 RL vs SFT when Generalize to
Out-of-Distribution (OOD) Embodied Tasks?

For small-scale LMs, we aim to explore their generalization perfor-
mance when trained with SFT instead of RL. To evaluate this, we
introduced two OOD datasets: EgoSchema and the egocentric task
in MVBench. As discussed in Sections 4.1.1, these two OOD datasets
differ significantly from the training set in both task content and
scene characteristics. The accuracy results are shown in Figure 5g.
RL-trained models demonstrate generalization ability across both
datasets. On the EgoSchema dataset, the RL-trained language model
under the Embodied-R framework even achieve performance com-
parable to the state-of-the-art multimodal reasoning model, Gemini-
2.5-Pro. SFT-trained models showed improvement on EgoSchema
but a decline on MVBench. This suggests that slow reasoning, as
employed in RL models, could be a promising approach to improve
the generalization capabilities even for small-scale models.

6 Conclusion

To address embodied spatial reasoning tasks, we propose a col-
laborative framework that leverages the perceptual capabilities
of large-scale VLMs and the reasoning potential of compact LMs.
Through 90 hours of RL training on a 3B LM using 8 NVIDIA A800-
SXM4-40GB GPUs, Embodied-R surpasses OpenAl-o1 by 13.9% and
Gemini-2.5-Pro by 10.3% on the test set. Other Key findings include:
(1) RL training leads to output length convergence, aligning with
the requirements of the task; (2) the reasoning upper bound of
same-scale VLMs trained with RL is significantly lower than that
of Embodied-R, due to inherent limitations in perception; (3) the
proposed logical consistency reward enhances reasoning quality;
and (4) models trained via RL exhibit stronger generalization on
out-of-distribution datasets compared to those trained with SFT.
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A Appendix

A.1 Dataset Introduction

UrbanVideo-Bench: UrbanVideo-Bench is one of the training
and testing datasets designed for embodied reasoning (embodied-r).
This benchmark was proposed by Tsinghua University in February
2025. It captures two embodied characteristics of urban environ-
ments: complex urban scenes featuring dynamic and static elements,
and unique aerial navigation scenarios. The dataset consists of 4
categories and 16 tasks, aimed at evaluating Video-LLMs in terms
of recall, perception, reasoning, and navigation capabilities. In our
paper, we focus on 4 of these complex tasks for reinforcement learn-
ing in video-based learning: Landmark Position, Counterfac-
tual Reasoning, Progress Evaluation, and Action Generation,
which represent challenging embodied outdoor tasks.

VSI-Bench: VSI-Bench is another training and testing dataset
for embodied reasoning (embodied-r). Proposed by Fei-Fei Li’s team
at Stanford in December 2024, this benchmark provides high-quality
evaluation metrics for assessing the 3D, video-based, visual-spatial
intelligence of multimodal large language models (MLLMs). The
dataset comprises 2 categories and 8 tasks designed to evaluate key
aspects of spatial reasoning. In our paper, we focus on 4 tasks for
reinforcement learning in video-based learning: Relative Distance,
Relative Direction, Route Planning, and Appearance Order,
all of which are categorized as challenging embodied outdoor tasks.

EgoSchema: EgoSchema is one of the Out-of-Distribution (OOD)
datasets utilized to evaluate the generalization capability of our
model. This dataset is specifically designed as a long-form video
question-answering benchmark, aimed at assessing modern vision
and language systems’ ability to understand and reason over ex-
tended video content. It provides a rigorous evaluation framework
for long video understanding tasks.

MVBench: MVBench is another Out-of-Distribution (OOD)
dataset employed to test the generalization capability of our model.
MVBench consists of 20 complex video tasks, offering a comprehen-
sive benchmark for evaluating the video understanding capabilities
of existing multimodal models. This dataset is designed to address
diverse and challenging scenarios in video-based reasoning.

A.2 Details of Key-Frame Extractor

The goal of key-frame extraction is to ensure sufficient information
gain between frames while maintaining a certain degree of overlap.
The specific process is as follows:

Step 1: a perspective transformation is used to model the geo-
metric relationship between frames. Assuming f; is a key-frame,
to determine whether f;11 should also be considered a keyframe,
keypoints and descriptors are calculated from f; and f;+1 using the
Oriented FAST and Rotated BRIEF (ORB) algorithm:

Keypoints,, Descriptors, = ORB(f;), o)

Keypoints,_;, Descriptors,,; = ORB(f+1). (10)
Next, a feature matching algorithm, such as the Brute-Force Matcher,
is applied to match the descriptors between the two frames, identify-
ing corresponding keypoint pairs lliey and ll;i}ll. Using the matched
keypoint pairs, the Random Sample Consensus (RANSAC) algo-
rithm is employed to estimate the homography matrix M, which
maps the content of f;;1 to the coordinate space of f;.
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Step 2: The overlap ratio between two frames is then computed.
Assuming the size of each video frame is wxh, for frames f; and f;11:
1; = {[0,0], [w, 0], [w, k], [0, h]} represents the four corner points
of fi; 141 = {[0,0], [w, 0], [w, k], [0, h] } represents the four corner
points of f;1. Using the homography matrix M, the corner points

l;4+1 of f;41 are transformed into the coordinate space of f;: l; i =

M-lg41,i, wherelpy1; = [x, 9, 1]T represents the corner points of f;11
’
t+1,i
the transformed corner points. The transformed points are further
normalized to recover 2D coordinates, resulting in a quadrilateral
representing f;4+1 in f;’s space. In f;’s coordinate space, there are
two polygons: Polygon L;is defined by the corner points 1; of f;;
Polygon L; ,is defined by the transformed corner points 1} ;. Thus,
the overlap ratio c is defined as:
Area(L; N L,

t+1) (1)
Areagoty]

in homogeneous coordinates, and 1 = [x",y’,w']T represents

C

If ¢ is less than a predefined threshold ¢, it indicates signifi-
cant visual changes between the frames, and f;1; is marked as
a key-frame. Otherwise, the algorithm proceeds to calculate the
overlap ratio between f; and f;42. This process continues until a
new key-frame is identified, which then becomes the reference for
subsequent frames. Considering the effect of viewpoint changes,
rotations (both horizontal and vertical) result in larger field-of-view
variations, leading to more frames being recorded during these
movements. If the indices of the extracted keyframes are denoted
asf’ = [ S Srep -+ fk,,]> the keyframe extraction process can be
summarized as:

f’ = K-Extractor(f). (12)

A.3 Details of Data Preparation

A.3.1 Task Selection Criteria. In our study, we carefully selected
specific tasks that emphasize spatial reasoning capabilities during
motion within three-dimensional physical space. The selection
process was guided by several key considerations:

Focus on Reasoning Processes: We prioritized tasks that re-
quire deep cognitive processing rather than simple recognition or
recall. As highlighted in the main text, embodied spatial reasoning
involves complex spatio-temporal relationships where agents must
discover object associations across frames and extract task-relevant
semantics. For instance, navigation tasks require agents to infer
their location from historical observations, construct mental maps,
develop high-level plans, and determine specific actions—processes
that demand sophisticated reasoning capabilities.

Diversity in Spatial Contexts: To ensure comprehensive eval-
uation, we selected tasks from both indoor (VSI-Bench) and out-
door (UrbanVideo-Bench) environments, providing diverse spatial
contexts that test different aspects of embodied reasoning. This di-
versity is crucial for evaluating the generalizability of our approach
across varying spatial scales and environmental complexities.

Emphasis on Long Reasoning Chains: We specifically tar-
geted tasks characterized by long spatial reasoning chains and his-
torically low accuracy rates. These challenging tasks better demon-
strate the value of our "slow thinking" approach, which encourages
thorough reasoning before generating responses—similar to how
recent advances in mathematical and scientific reasoning have ben-
efited from reinforcement learning techniques.
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Table 4: Hyperparameters used in reinforcement learning
training of Embodied-R.

Hyperparameter Value
Optimizer AdamW
Learning Rate 5e-7
Temperature 1.0
Train Batch Size 32
Rollout Size 8

KL Coefficient 0.001
Maximum Response Length 2048
Input Length 6144
Training Epochs 12

Deterministic Evaluation: All selected tasks were formulated
as multiple-choice question-answering problems to ensure deter-
minism in answers, facilitating both RL training and direct calcula-
tion of accuracy for performance evaluation.

A.3.2  Question Filtering Methodology. To ensure the quality and
validity of our dataset, we implemented a rigorous question filtering
process:

Blind Testing Filter: We first evaluated questions using an
untrained 7B language model without video input (blind selection).
Questions that could be correctly answered without visual infor-
mation were identified as potentially problematic, as they might
rely more on textual patterns or common knowledge rather than
genuine spatial reasoning based on video content.

SFT-based Filtering: After conducting supervised fine-tuning
(SFT) without video inputs, we analyzed which question types
showed significant improvement in accuracy. Categories where
the model’s performance increased substantially without visual
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information were flagged for removal, as this indicated strong cor-
relations between question text and answers that could be exploited
without actual spatial reasoning.

Correlation Analysis: We specifically eliminated question types
where:

e The model could achieve high accuracy without accessing
video content

o Performance improved dramatically after text-only SFT train-
ing

o Question-answer pairs exhibited strong textual patterns that
could be exploited without spatial understanding

This filtering methodology ensured that our final dataset gen-
uinely tests embodied spatial reasoning capabilities rather than
linguistic pattern matching or prior knowledge exploitation. By re-
moving questions with strong text-answer correlations, we created
a more challenging and valid benchmark that requires models to
truly understand spatial relationships from video content.

A.4 RL Hyperparameters

The reinforcement learning (RL) training of Embodied-R requires
careful hyperparameter tuning to balance computational efficiency
with model performance. We conducted extensive experiments to
determine the optimal configuration for our collaborative frame-
work. The key hyperparameters used in our RL training process
are summarized in Table 4. These settings were selected to ensure
stable training while maximizing the model’s embodied reasoning
capabilities. Notably, we used a relatively small learning rate (5e-7)
to prevent catastrophic forgetting and a moderate KL coefficient
(0.001) to maintain proximity to the reference model while allowing
sufficient exploration.
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