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Route Description (Forward)

Question: Please take a egocentric view to understand the following questions. Please
describe in detail how o get to the final location.

Answer:Put down the pilllows on the sofa. Turn right and pick up the clothes on the
floor and table. Turn left and put them down inside a bag, Go straight to the fitness
equipment and pick up the cloth, turn back to the bag and put the cloth into it. Turn a
round and walk to the TV. Lift up the flowerpot.

Direction MCQ (Forward)

Question: Please take a egocentric view to understand the following questions. Based
on this video, what directions do you need to go through to get to your destination?
A. Leap Skip Bounce Crawl March Sprint

B. Turn right Turn left Go straight turn back Turn a round walk to the TV

C. Circle around Turn inside out Walk away from Move down

D. Jump low Dance fast Swim short Run slow Sit up
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Route Description (Reverse)

Question: Please take a egocentric view fo understand the following questions. Please describe in
detail how to get from the last position in the end view of the picture back to the starting point?
Answer:Put down the flowerpots. Turn back to the bag. Pick up the cloth and turn a round, walk
to the fitness equipment. Put the cloth on it and turn back to the bag. Pick up the clothes. Turn
right to put down the clothes on the table and floor. Turn back to the sofa and pick up the
pillows.

Direction MCQ (Reverse)

Question: Please take a egocentric view fo understand the following questions. Based on this
video, what directions do you need to go through to get to your destination?

A._Turn back fo the bag_Turn a round walk to the fitness equipment Put the cloth on it
Turn back to the bag Turn right to put down the clothes on the table and floor Turn back
1o the sofa

B. Spin towards the mirror Glance over the room Take a seat on the chair

€. Stroll past the bag Spin outside in Run towards the fitness equipment Place the fabric gently
on it Return to the bag once more Rotate left to place the clothing on the bench and hanger
Double back to the couch.

Direction F
S
o
&
Action R Direction R
Action F Landmark F
Landmark R

[0 Qwen2-VL-7B Qwen2-VL-7B-sft [ ST™CoT ST-R1 (ours)

Figure 1. Top: The Ego-ST bench is characterized by Egocentric Spatio-Temporal reasoning questions, and two spatial-temporal reasoning
tasks are chosen here as examples: Route Description and Direction change selection. Bottom left: Shows the performance of each model
in a spatial-temporal reasoning task. Botfom right: Shows the results of the 4 training methods compared to baseline. (In the radar chart, F

stands for forward and R stands for reverse.)

Abstract

Humans excel at spatial-temporal reasoning, effortlessly in-
terpreting dynamic visual events from an egocentric view-
point. However, whether multimodal large language mod-
els (MLLMs) can similarly understand the 4D world re-
mains uncertain. This paper explores multimodal spatial-
temporal reasoning from an egocentric perspective, aim-
ing to equip MLLMs with human-like reasoning capabili-
ties. To support this objective, we introduce Ego-ST Bench,
a novel benchmark containing over 5,000 question-answer
pairs across four categories, systematically evaluating spa-
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tial, temporal, and integrated spatial-temporal reasoning.
Additionally, we propose ST-R1 training paradigm, a video-
based reasoning model that incorporates reverse thinking
into its reinforcement learning process, significantly en-
hancing performance. We combine long-chain-of-thought
(long-CoT) supervised fine-tuning with Group Relative Pol-
icy Optimization (GRPO) reinforcement learning, achiev-
ing notable improvements with limited high-quality data.
Ego-ST Bench and ST-RI provide valuable insights and
resources for advancing video-based spatial-temporal rea-
soning research.
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1. Introduction

Multimodal large language models with first-person spatial-
temporal reasoning mimic human perception by seamlessly
integrating visual, auditory, and textual data. This advanced
capability enables a deeper understanding of dynamic en-
vironments, thereby supporting highly accurate predictions
and context-aware decisions in fields such as autonomous
driving, robotics, and augmented reality. Their human-like
reasoning fosters more reliable, adaptable, and robust Al
systems capable of handling complex tasks. Nevertheless,
whether current large language models truly possess such
sophisticated spatialtemporal reasoning abilities remains an
open question that warrants further investigation.

Recently, this issue has garnered widespread attention.
VSI-Bench[34] introduced a benchmark for spatial reason-
ing and found that spatial reasoning capabilities remain the
primary bottleneck for MLLMs. However, it mainly fo-
cuses on spatial aspects such as object and room sizes,
spatial relationships, and distances, while lacking evalua-
tion data for spatialtemporal reasoning tasks, such as the
trajectory of ego motion, environmental description along
paths, and action prediction. Moreover, it does not evalu-
ate the network’s reverse reasoning abilities. In terms of
models, VADAR[20] proposed an agentic approach to de-
compose spatial reasoning tasks and perform reasoning in-
crementally, but this approach is limited to static spatial
problems and still fails to address spatialtemporal reason-
ing. Meanwhile, SpacialCoT[15] introduced spatial coordi-
nate bi-directional alignment and chain-of-thought spatial
grounding to enhance spatial reasoning, yet it still faces
challenges in handling spatialtemporal reasoning, such as
issues with temporal alignment. Therefore, we require a
new benchmark for spatialtemporal reasoning to support re-
search in this area. Moreover, training a model capable of
spatialtemporal reasoning remains an important and chal-
lenging task.

In this paper, we first propose a novel Ego-ST bench de-
signed to evaluate current multimodal large language mod-
els and support cutting-edge research on spatialtemporal
reasoning from an egocentric perspective. This compre-
hensive dataset comprises over 5,000 meticulously anno-
tated instances, including detailed question-answer pairs
and various multiple-choice questions. Notably, it is the
first dataset to annotate both forward and reverse reason-
ing, thereby facilitating rigorous evaluation and in-depth re-
search on bidirectional reasoning mechanisms. In our Ego-
ST bench, our aim is to comprehensively evaluate the ad-
vanced perceptual capabilities of MLLMs. Unlike previous
benchmarks such as HourVideo [2] and VSI-Bench [34],
our work places a stronger emphasis on accurately describ-
ing complete routes, reasoning about directional changes
and landmarks, and eliciting more granular and precise
model responses. Inspired by Lu’s work on LLMs [16]
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and the inherent challenge of retracing reasoning paths fre-
quently encountered in everyday human experiences, we
introduce the novel concept of Reverse Thinking for the
first time in the domain of multimodal large-scale model
ego-video analysis. This innovative approach encourages
MLLMs to adopt a human-centric perspective when inter-
preting ego-video content, enabling us to rigorously evalu-
ate their capabilities in both spatialtemporal recall and re-
verse reasoning. Moreover, our benchmark sets a new stan-
dard that drives further research and paves the way for sig-
nificant advancements in this emerging field.

In addition, we propose a new spatial-temporal rea-
soning training paradigm, S7T-RI. Building on insights
from reverse thinking, the chain-of-thought (CoT) con-
cept [28], and reinforcement learning approaches exempli-
fied by Deepseek R1 [9], we have developed novel strate-
gies for training a robust spatialtemporal reasoning model.
Our core idea is to employ reverse thinking as the thought
process to enhance spatialtemporal reasoning capabilities.
To the best of our knowledge, we are the first to adopt re-
verse spatialtemporal thinking to boost the spatialtemporal
reasoning ability of multimodal models. As shown in Fig-
ure 5, our ST-R1 Video model restructures the tasks of for-
ward and reverse route descriptions by using the latter as
a reasoning process. Specifically, we construct spatialtem-
poral CoT data that enables the model to learn the reason-
ing style and logic through Supervised Fine-Tuning (SFT)
while retaining key generic capabilities. Subsequently, we
employ Group Relative Policy Optimization (GRPO) as a
second stage to further enhance the model’s reasoning per-
formance.

On the Ego-ST Bench, we found that existing models
still exhibit considerable room for improvement in spa-
tialtemporal reasoning and question answering. Surpris-
ingly, there is no significant performance gap between open-
source and closed-source models in this domain; in fact,
some open-source models supporting longer context win-
dows even achieve superior performance. This suggests that
there is substantial research potential for enhancing the spa-
tialtemporal reasoning capabilities of these networks. By
post-training with a small amount of high-quality long CoT
data, we developed the ST-R1 model, which significantly
outperforms traditional SFT methods. This outcome under-
scores the effectiveness of our proposed multi-stage post-
training strategy.

Our main contributions can be summarized as three-fold:

* We introduce a new Ego-ST Bench designed to evaluate
multimodal large models from an egocentric perspective.
This dataset comprises over 5,000 annotated instances,
including both question-answer pairs and multiple-choice
questions. Notably, it is the first to annotate both forward
and reverse reasoning, thereby supporting comprehensive
bidirectional evaluation.



We propose the novel concept of Reverse Thinking in
the context of ego-video analysis for multimodal mod-
els. This approach mimics human reasoning by retracing
the reasoning path, providing a human-centric perspective
that enhances spatialtemporal recall and reverse reason-
ing capabilities—an innovation not previously explored
in this domain.

We develop a new spatialtemporal reasoning training
paradigm, ST-R1, which leverages insights from reverse
thinking, the CoT concept, and reinforcement learning
strategies. Our multi-stage training process, starting
with SFT using spatialtemporal CoT data and followed
by GRPO, significantly improves reasoning performance
compared to traditional methods.

2. Related Work

Egocentric Video Understanding. Egocentric video un-
derstanding is a critical subfield of video analysis that
provides a promising avenue for investigating whether
multi-modal large language models (MLLMs) can emu-
late human-like reasoning. Moreover, it offers valuable in-
sights for research in embodied intelligence and robotics.
Compared to traditional video understanding tasks—such
as those involving MSVD-QA [32], MSRVTT-QA [32],
ActivityNet-QA [35], and LongVideoBench [29] egocen-
tric video understanding is inherently more complex, de-
manding greater time and computational resources. In re-
sponse to these challenges, numerous scholars have intro-
duced several pivotal datasets, including Ego4D [8], EPIC-
KITCHEN [7], HD-EPIC [23], and HOI4D [14]. Build-
ing upon these resources, researchers have recently begun
to explore the capacity of MLLMs in the context of ego-
centric video, leading to the development of several bench-
marks such as HourVideo [3], EgoPlan-Bench2 [25], and X-
LeBench [36]. However, none of these benchmarks specif-
ically target the evaluation of higher-level spatial-temporal
reasoning capabilities in MLLMs. To address this gap, we
propose the Ego-ST bench, which offers a detailed evalua-
tion and analysis framework designed to evaluate these ad-
vanced reasoning skills.

Multimodal Spatial Benchmarks. In previous studies,
numerous scholars have evaluated the spatial capabilities
of MLLMs. For instance, SpatialVLM [4] and Spatial-
RGPT [6] primarily address 2D image-level spatial un-
derstanding. However, spatial-temporal comprehension is
critical in the video domain. Although benchmarks such
as HourVideo [2], OVO-Bench [13], and X-LeBench [36]
have assessed spatial-temporal understanding, an in-depth
evaluation of multimodal spatial-temporal reasoning re-
mains lacking. To address this gap, we propose the Ego-ST
bench, which specifically focuses on evaluating higher-level
spatial-temporal reasoning abilities in MLLM:s.
Mutimodal Reasoning. As large language models (LLMs)
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Figure 2. Benchmark pipeline. The pipeline starts by manually
filtering segments from different datasets and self-collected video
data into a standardized format for consistent processing. Forward
and reverse route description QA pairs are then generated through
manual annotations and question templates. After obtaining the
manually annotated route description QA pairs GPT-40 api is used
to generate the corresponding three types of multi-selected QA
pairs.

such as OpenAl’s O1 [21] and DeepSeek-R1 [9] continue to
gain prominence, a growing body of research has explored
their application in multimodal domains. Notable examples
include multimodal frameworks like LLava-O1 [33] and
Open-R1-Multimodal [12], which seek to bridge the gap
between textual, visual, and other data modalities. How-
ever, we contend that the challenges in multimodal domains
do not currently require the same chain-of-thought reason-
ing techniques that have proven effective for mathematics,
coding, and logic. Rather, the critical need lies in address-
ing advanced spatial-temporal reasoning problems that tra-
ditional methods struggle to resolve. In response to this gap,
we introduce the ST-R1 model, which is specifically de-
signed to excel in complex spatial-temporal reasoning tasks.
By leveraging recent advances in multimodal reasoning and
focusing on the intricate interplay between spatial and tem-
poral features, the ST-R1 model aims to push the boundaries
of multimodal reasoning and establish a new benchmark for
tackling these sophisticated challenges.

3. Ego-ST Bench

3.1. Overview

We present the Ego-ST bench, which evaluate higher-level
spatial-temporal reasoning abilities in egocentric video-
based MLLM. The Ego-ST bench consists of over 5000
Question and Answer pairs from 789 real video clips. In
total, these videos are divided into two types of scenarios,
which include indoor scenarios and ever-changing outdoor
complex scenarios. And there are five video sources, in-
cluding video clips from SUN3D [31], HUJI [24], DoM-
SEV [26], Aria Project and self collection video data. The
reuse of these existing ego-video datasets provides accu-
rate and difficult annotations. The Ego-ST bench consists
of eight tasks of four types: Route Description, Direction



Route Description (Forward)

Question: Please take a egocentric view to understand the following
questions. Please describe in detail how to get to th

Answer:Put

Direction Description (Forward)

Question: Please take a egocentric view to understand the following

rawl Marc in

B. Turn right Turn left Go straight turn back Turn a round walk to the

v

Landmark Description (Forward)

Question: Please take a egocentric view to understand the following
questions. Based on this video, which landmarks (objects or scenery
changes) did you pass by to reach your destination?

armchair chand: kout gear fabric backpack monitor planter

C. sofa table fitness equipment cloth bag TV flowerpot

. lamp et exer bike towel purse > playe

Action Description (Forward)

Question: Please take a egocentric view to understand the following

back to the bag and put the cloth into it Turn a round and walk to the

1 location.

Route Description (Reverse)

Question: Please take a egocentric view to understand the following
questions. Please describe in detail how to get from the last
position in the end v

£ the picture back to the starting point?

Direction Description (Reverse)

Question: Please take a egocentric view to understand the following

questions. on this video, what directions do you need to go
through to get to starting point?

A. Turn back to the bag Turn a round walk to the fitness equipment
Put the cloth on it Turn back to the bag Turn right to put down the
clothes on the tab: ck to the sofa

B. Spin towards th

Landmark Description (Reverse)
Question: Please take a egocentric view to understand the following
questions. Based on this video, which landmarks (objects or scenery

) did you pass by to return to the st oint?

rames light fixture carpet cookw

plates

abinets fridge
s blanke

amp book 3s
bag_cloth fitness equipment table floor sofa pillows

D. £l

Action Description (Reverse)

Question: Please take a egocentric view to understand the following

TV Lift up the flowerpot

C. Put down the flowerpots Turn back to the bag Pick up the cloth and
turn a round walk to the fitness equipment Put the cloth on it turn
back to the bag Pick up the clothes Turn right to put down the clothes

on the table and floor Turn back to the

sofa and pick up the pillows
t \ ot er

he I r

Figure 3. Demonstration of tasks for Ego-ST bench. It includes 8 QAs for 4 types of tasks, which are route description, direction

description, landmark description, and action description.

Change Description and Action Change Description. Each
of these types of tasks contains problem settings for for-
ward and reverse reasoning, fully assessing the capabilities
of MLLM in spatial-temporal reasoning. We believe that
only a model that truly has the ability to reason inversely
about forward video information can be called capable of
spatial-temporal reasoning. For an overview of the Ego-
ST bench task samples, see Figure 3. For related statistics,
please refer to Figure 4.

3.2. Benchmark Construction

We develop a sophisticated spatial-temporal benchmark
construction pipeline to effectively generate high-quality
question and answer (QA) pairs at scale, you can see the
pipeline framework in Figure 2.

Data Collection and Unification. We conducted a de-
tailed research and screening of past egocentric video
datasets(such as excluded videos where route descrip-

tions could not be annotated (approximately 40%), and fi-
nally we selected 6 egocentric video datasets, including:
SUN3D [31], HUJI [24] , DoMSEV [26], Aria Everyday
Activities [17], Aria Digital Twin [22] and Nymeria [18].
In addition to this, we also collect a portion of the video
to make up for the lack of richness of the picture in the lo-
cations where the original video data was concentrated. In
these data we collated the describable parts by manually fil-
tering and cropping the clips to make sure that the content
of each video clip is labellable and has spatial-temporal rea-
soning implications. In the end, we collated and filtered a
total of 789 video clips with videos containing indoor single
scenes, multi-scenes and outdoor open complex scenes.

Question-Answer Generation. We spent a total of over
900 human annotated hours in manual filtering and anno-
tation time, from video data filtering to QA pair creation.
We carefully designed and refined the labelling templates
for the positive and negative questions for the videos of four
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Video Length Distribution

30%

Figure 4. Benchmark Statistics. Left: The distribution of tasks
across four main categories. Right: The video length statistic.

different scenarios (2 outdoor scenes and 2 indoor scenes).
Among them, as it involves reverse route annotation, it re-
quires the annotator to have a very high concentration and
reverse spatial-temporal reasoning ability.

Based on the forward and reverse route annotation in-
formation of the video data of the four sections, we elab-
orated a set of automated multiple-choice question genera-
tion and calibration pipeline, as shown in Figure 2. Based
on this pipeline, we use the gpt-4o0 to generate three types of
multiple-choice questions (direction description, landmark
description, and action description) from the annotated data.

4. Spatial-Temporal R1

Next we will introduce a new paradigm for training in
spatial-temporal tasks. The Spatial-Temporal R1 (ST-R1)
model is a framework designed to understand and reason
about 4D spatial-temporal information in videos. The goal
of ST-R1 is to interpret complex events in videos by track-
ing objects, actions, and their interactions across space and
time. By modeling both spatial configurations and temporal
dynamics, ST-R1 can comprehend scenarios such as physi-
cal events, human activities, and scene changes, enabling it
to answer questions or make inferences about video content.
Formally, given a video (a sequence of frames) and a query,
ST-R1 produces a reasoned answer by analyzing visual cues
through time. To achieve this high-level understanding, as
shown in Figure 5 ST-R1 is trained in two stages: first with
supervised learning to teach chain-of-thought reasoning and
second with reinforcement learning to refine its policy for
video question-answering.

4.1. Chain-of-Thought Supervised Fine-Tuning

In this stage, the model learns to produce intermediate rea-
soning steps, not just final answers, when solving video-
related questions. We prepare a training set Dcor
(@, ¢ a)) where each z(¥) is an input (the video con-
tent and a question about it), ¢ is a human-crafted chain-
of-thought (a step-by-step reasoning process) for that ques-
tion, and a(?) is the correct answer. The model is fine-tuned
to generate the full reasoning trace followed by the answer,
effectively learning a reasoning process from the question
to the answer. Formally, if we denote the combined reason-
ing and answer text as y() = (¢, a(?)), the fine-tuning
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Multiple-Choice Question
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Figure 5. Spatial Temporal Reasoning Model. Our model is
trained in two stages: (1) Create Chain of Thought (CoT) data for
supervised fine-tuning (SFT). (2) Enhancing the model using the
rule-based reinforcement learning GRPO algorithm.

SFT
—_—

............................... @

MLLM

objective maximizes the likelihood of the correct reasoning
sequence given the input:

ESFT (9) = _E(m,c,a)NDcoT [1Og P0 (07 a | LL’)] (l)

where 6 are the model parameters. This loss expands
over the tokens of the chain-of-thought and answer, ensur-
ing the model learns to think aloud and arrive at the cor-
rect answer step by step. We use the forward problem as
the thinking process for the reverse problem and the reverse
problem as the thinking process for the forward problem.

Integrating forward and reverse reasoning has been
shown to improve overall reasoning accuracy[10], as the
model learns not only to derive answers but also to validate
them. After this CoT fine-tuning stage, ST-R1 has a strong
initial ability to produce reasoned answers for video-based
questions, but there is room to optimize its performance and
alignment further. This motivates our second training stage
using reinforcement learning.

4.2, Post-training using GRPO

Revisit Group Relative Policy Optimization. Group Rel-
ative Policy Optimization(GRPO) is a recent policy opti-
mization technique tailored for training large models (like
language or multimodal models) with complex reasoning
tasks. At its core, GRPO is similar in spirit to Proximal
Policy Optimization (PPO) but introduces key differences
in how the policy is updated and how the reward signal is
used. Rather than relying on a learned value function (critic)
to estimate expected reward, GRPO entirely foregoes the
critic model. Instead, it estimates the baseline or expected
reward by sampling a group of outputs from the current pol-
icy for each input and using their collective reward statis-
tics. In other words, the model generates multiple can-
didate answers for a given query or state and uses their
relative rewards to decide how to adjust the policy. This
group-based advantage estimation removes the need to train
a separate value network, simplifying the algorithm and re-
ducing computational overhead. The development of ST-



R1’s training procedure was inspired by the DeepSeek-R1
project, an advanced language reasoning model. DeepSeek-
R1[9] demonstrated that reinforcement learning can be re-
markably effective for honing a model’s reasoning abili-
ties, even to the point of learning complex reasoning with
minimal supervised data. It highlighted how GRPO can
be used effectively in language model training to improve
reasoning. The success of DeepSeek-R1 informed our ap-
proach for ST-R1: we similarly employ a two-stage training
(CoT SFT followed by GRPO-based RL) to develop strong

spatial-temporal reasoning capabilities.

GRPO Training for ST-R1. In the second stage of train-
ing, we apply the GRPO algorithm to fine-tune ST-R1 with
reinforcement learning. At this point, ST-R1 already has
a supervised foundation in reasoning (from the CoT train-
ing stage), so the aim is to further improve its accuracy
and decision-making on video-based questions by optimiz-
ing directly for task-specific rewards. The objective of
GRPO training is to adjust the model’s parameters to maxi-
mize the expected reward E[R(z,y)] over the distribution
of video questions, using the group-based policy update
scheme outlined earlier. ST-R1’s initial policy for this stage
T, 18 set to the CoT fine-tuned model from stage one. We
then iteratively improve the policy using GRPO updates: in
each iteration, for each training query x, multiple answers
Y1, ...,y are sampled and scored, and the policy is up-
dated to prefer answers with higher scores, while maintain-
ing closeness to iy

K
> wn om0 o | )|~ Dicu (ol ) mer(- 1 2))
k=1 )
Here wy, is the weight assigned to output y;, after reward
normalization (for example, w;, could be %
some scaling temperature 7), and the second term is a KL
divergence penalty. The KL term, with coefficient 3, mea-
sures the divergence between the updated policy 76 and a
reference policy rref.

Through these principles, GRPO provides a stable and
efficient way to fine-tune ST-R1: it pushes the model toward
higher-reward (better reasoning) outputs while maintaining
coherence with its initial learned behavior.

Reward Function Design. A critical aspect in this RL
stage is the design of the reward function R(x,y), es-
pecially for a complex domain like video understanding.
Many of the video understanding tasks are formulated as
multiple-choice questions to simplify evaluation. Instead of
having the model generate a free-form answer that might
be hard to judge automatically, we provide a fixed set of
answer options (one correct and the rest incorrect) for a
given question. The model’s answer, in this case, is its
choice among these options. The reward is then defined
in a straightforward way: The model receives a positive re-
ward if it selects the correct option and a zero (or negative)
reward if it selects an incorrect option. The multiple-choice
formulation thus greatly eases the reward engineering prob-
lem for many questions, allowing ST-R1 to learn from ex-

J(0) = E,

for
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Model
Openai-03-mini
Gemini-2.0 Flash
Gemini-1.5 Pro

Best Part Avg.
21.6/46.4
23.2/36.4

16.0/36.2

Direction (D)
16.0/46.2
26.6/45.6
18.9/41.4

Landmark (L) Semantic (S)
24.6/43.1 24.0/50.0
17.7/23.6 25.4/40.0
12.0/28.6 17.2/38.4

Qwen2-VL-7B 31.0/33.0 23.4/27.0 41.2/41.2 28.0/30.8
Qwen2.5-VL-7B 37.8/43.4 33.2/40.2 46.2/48.2 34.2/41.4
Qwen2.5-VL-72B 42.6/50.6 36.4/49.4 52.0/53.4 39.0/49.0
InternVL2.5-8B 41.8/48.0 37.6/44.9 48.8/53.2 39.0/45.6
InternVL2.5-78B 43.2/51.2 37.0/49.2 51.6/54.0 41.0/50.2

LLaVA-OneVision-7B
LLaVA-OneVision-72B

36.8/39.2
39.8/44.6

30.4/34.6
34.6/43.0

46.4/48.0
48.2/48.8

33.4/35.0

N
D
D
L
L
L
L
L
L
L 36.4/42.4

Table 1. Detailed scores for route descriptions, which each contain
a forward reasoning score and a reverse reasoning score.

plicit right/wrong feedback.

Using the above reward strategies, we train ST-R1 with
GRPO by continually generating answers and adjusting the
policy. Over many iterations, this process increases the
likelihood of the model producing answers that yield high
rewards — in other words, answers that are correct and
well-reasoned. Due to the multiple-choice reward design,
the model receives very clear signals about which answers
are right. The GRPO algorithm’s group-based updates en-
sure that the model explores different possible answers and
learns from comparing them.

5. Evaluation on Ego-ST Bench
5.1. Evaluation Setup

Benchmark Models. We comprehensively evaluate 10
MLLMs from a diverse model family, including both
closed-source and open-source models (the open-source
models were tested in large and small-parameter ver-
sions, respectively). For proprietary models, we consid-
ered OpenAl-03mini, Google Gemini-2.0, and Gemini-1.5
Pro. For open-source models, we evaluated models from
InternVL2.5 [5], Qwen2-VL [27] , Qwen2.5-VL [1] and
LLaVA-OneVision [11]. All evaluations were performed in
a zero-shot setting and used the default cue for each model.
More details of the parameters can be found in the Ap-
pendix.

Metric Design. Two types of questions are included
in our Ego-ST bench, including Open-ended Questions
and Multiple-Choice Questions (see Figure 3). Regard-
ing Multiple-Choice Questions (MCQ), we follow standard
workflow by using Accuracy (ACC), based on exact match-
ing, as the primary metric.

For the open-ended questions we used standard work-
flow [19, 30] by using by using LLM judge.We used GPT-
4o api and set up a set of spatial-temporal evaluation of
route description prompt.The evaluation method we devised
for route descriptions is different from the evaluation meth-
ods, such as Video-ChatGPT [19], that use absolute ‘yes’
or ‘no’ and single-score evaluation methods. In total, we
consider three aspects of route descriptions which include
direction, landmark and semantic logic. More detail of this
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Methods | Avg.(ST) Avg.(Total) | Route Description Multiple-Choice Answer
Proprietary Models (API)

Openai-o03-mini 41.8 45.8 21.6 46.4 43.9 55.1 253 28.6 73.5 71.7
Gemini-2.0 Flash 42.1 47.3 232 36.4 52.0 56.8 29.9 273 76.2 76.3
Gemini-1.5 Pro 404 452 16.0 36.2 46.7 62.8 21.5 26.3 78.1 74.0

Open-source Models (Zero-shot)
Qwen2-VL-7B 44.8 58.8 31.0 33.0 52.6 62.4 71.0 67.1 76.3 76.7
InternVL2.5-8B 50.6 62.2 41.8 48.0 56.7 55.7 80.9 76.1 72.5 65.8
Qwen2.5-VL-7B 49.9 62.4 37.8 434 54.8 63.7 75.7 70.1 78.6 74.8
InternVL2.5-78B 51.8 63.3 432 51.2 56.0 56.8 79.6 759 74.8 68.9
LLaVA-OneVision-7B 51.5 63.9 36.8 39.2 67.7 62.3 79.1 74.9 76.5 74.3
LLaVA-OneVision-72B 53.7 65.6 39.8 44.6 64.4 65.8 74.1 69.8 87.9 78.5
Qwen2.5-VL-72B 57.4 69.0 42.6 50.6 63.9 723 78.0 75.9 83.6 84.7

Table 2. Evaluation on ST-bench. We designed four categories of questions, each subdivided into forward and reverse reasoning tasks
for separate evaluation. The table presents the average scores on the strong temporal reasoning task and the overall average scores for each

model.

prompt you can check in appendix. Our approach includes
direction changes, landmark changes, and logical semantic
consistency. Each section is scored in integer from 0-5, and
a final percentage score is calculated for the overall average
score.

5.2. Results

Training Setting.We list all the key training parameters in
appendix, and all experiments were run on 4 x H100 GPUs.
Overall model performance. We categorize the evalu-
ated models into Proprietary Models (using commercial
APIs) and Open Source Models (locally deployed). Be-
yond testing general multimodal LLMs that support video,
we also include models with strong reasoning abilities,
such as 03-mini and Gemini-2.0. As shown in Table 2,
we report both the overall scores and scores on challeng-
ing spatial-temporal reasoning tasks (including route and
direction-change descriptions). Notably, under identical
evaluation settings, no open source model scores above
60 on these complex tasks, though they perform well on
single-dimension tasks like spatial (landmark) or temporal
(action) comprehension. This indicates that current mul-
timodal LLMs can handle isolated spatial or temporal un-
derstanding, but integrating both for spatial-temporal rea-
soning remains a significant challenge. Since humans natu-
rally operate in a 4D world (3D space plus time), enhancing
models’ spatial-temporal reasoning capabilities is a crucial
direction for future research.

Mutiple Choice Question. We constructed three new types
of multiple choice questions based on the open-ended ques-
tion labels, as shown in Figure 3. The model needs to se-
lect the one with the correct chronological order and change
among multiple options. These three types of problems
cover direction change judgement, landmark scene change
judgement and action change judgement. We consider these
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questions to be spatial-temporal reasoning questions in a
wide sense, but each category has a different focus for eval-
uating the ability of the model.

Direction change is mainly concerned with whether
the model has spatial-temporal understanding. Landmark
changes focus on the ability of the model to recognise spa-
tial semantics. Action changes place more emphasis on the
temporal detection ability of the model.

As shown in Table 2, It can be seen that the open-source
model perform relatively poorly in direction change, which
also indicates that the existing general multimodal large lan-
guage model lacks of spatial-temporal reasoning ability, but
performs relatively well in the lanmark and action, which is
also due to the fact that the models nowadays have carried
out in-depth research on both spatial and temporal under-
standing. But when these two task combine together the
results are bad. In addition, based on the overall perfor-
mance of each model in different tasks, we can see that the
increase in the number of model parameters does not lead
to a comprehensive improvement in spatial-temporal rea-
soning ability under the existing multimodal large language
model training methods and frameworks. This is the rea-
son why we would like to try to go for the improvement of
spatial-temporal reasoning ability of multimodal large lan-
guage models.

Open-ended Route Description. As shown in Table 1, we
report detailed scores for each component of the compre-
hensive route description task. Notably, scores for the di-
rection and landmark categories in the open-ended route de-
scription task are much lower than those in the correspond-
ing multiple-choice tasks. This gap underscores that open-
ended route description, unlike multiple-choice formats, is
a substantially greater challenge for current models. Open-
ended descriptions require holistic integration of spatial-
temporal information, reasoning about temporal causal-



Model Training Num. Avg. Direction (D) Landmark (L) Action (A) Model Train Test Direction (D) Landmark (L) Avg.
Qwen2-VL-7B 0/3582 65.4/684  51.8/61.5 69.1/669  75.4/76.7 Qwen2-VL-7B SUN3D  45.0/49.7 73.0/738  59.0/61.8
Qwen2-VL-7B-sft 630/3582 66.2/68.1 53.3/60.8 69.5/66.2 75771773 ST-R1(indoor-cross)  HUJI+Self+Aria SUN3D 74.8/90.1 83.5/80.4 79.2/85.3
SFT+GRPO 630/3582 80.3/83.1  76.4/83.7 84.0/84.4 80.4/81.1 Qwen2-VL-7B HUJI+Self  56.6/77.0 63.9/73.9  60.3/75.5
ST-CoT 630/3582 53.2/553 47.6/483 52.5/56.1 59.5/61.5 ST-R1(indoor-outdoor) SUN3D+Aria HUJI+Self 77.6 /100 81.5/84.1 79.6/92.1
ST-R1 63/3582 64.8/63.5  549/538 709/71.0  68.6/65.6
ST-R1 126/3582 624/62.1  53.0/63.5 63.4/63.0  70.7/59.8
STRI 252/3582  67.1/662 59.8/682  61.5/669  73.9/63.6 Table 4. OOD Testing. We have done detailed tests on indoor
STRI 3783582 7007678 564/51.8  80.4/823  73.3/694 scenarios OOD data and indoor to outdoor performance migration
ST-RI 504/3582 80.7/82.6  75.3/83.2 86.5/84.1  80.4/80.5 lizati
ST-R1 630/3582  $63/861  82.0/85.5 88.1/85.5  88.9/87.2 and generalization.

Table 3. Training results with small amounts of data under differ-
ent training paradigms. Each section contains both forward and
reverse scores.

ity, and flexible shifts in spatial perspective—capabilities
that go far beyond the recognition and recall assessed by
multiple-choice questions. As a result, open-ended route
description emerges as the primary pain point for spatial-
temporal reasoning in today’s multimodal large language
models. Model performance on the open-ended task gen-
erally aligns with trends observed in multiple-choice ques-
tions. Across all evaluated models, scores in the Landmark
category under Spatial Semantic Understanding are consis-
tently highest, while performance in the Direction Chang-
ing Environment—a key indicator of spatial-temporal rea-
soning—remains low for both open-source and closed-
source models. These findings reinforce that current model
architectures and training paradigms are inadequate for
handling the complex reasoning demands of open-ended
spatial-temporal tasks.

5.3. Results of ST-R1 Model

Comparison of different training paradigms. Based
on our thinking about the benchmark evaluation results
and Deepseek-R1 training paradigm, we propose a new
training paradigm for spatial-temporal reasoning in video.
We divide the multiple-choice questions in the overall
benchmark into Train and Test in the ratio of 1:6. In
addition, we incrementally expanded the training dataset
from small to large, aiming to investigate whether our
reasoning framework—combining spatial-temporal Chain-
of-Thought (CoT) fine-tuning with GRPO reinforcement
learning—can achieve superior generalization and spatial-
temporal reasoning capabilities, even with limited train-
ing data. As shown in Table 3, the two-stage training
approach for the ST-R1 model yields superior generaliza-
tion performance even with limited training data. Our ST-
R1 model, which is post-trained based on Qwen2-VL-7B,
achieves significant performance improvements over tradi-
tional SFT methods. Initially, the model is trained using
spatial-temporal chain-of-thought (CoT) SFT as a cold start,
followed by a secondary training phase employing GRPO.
Although direct GRPO tuning improves performance, pre-
training with CoT SFT further enhances the results. Ex-
perimental results also indicate that when using GRPO for
reinforcement alignment, it is crucial to perform prompt-
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tuning with CoT SFT rather than with conventional SFT. To
demonstrate the necessity of spatial-temporal CoT SFT(also
can call it reverse thinking CoT), we also trained a model
using regular SFT with GRPO without CoT, reward curve
as shown in Appendix. Under the same training conditions,
the model trained with regular SFT+GRPO exhibited ex-
tremely unstable performance during GRPO training, and
its final performance was markedly inferior to that achieved
with the CoT SFT+GRPO configuration.

Out of Distribution (OOD) Generalization. The experi-
ments in the previous sections showed that a small amount
of training data can generalise strongly in same distribu-
tion. As shown in Table 4, we continue to experiment with
a small amount of training data (630 samples) to test on
OOD, and we also validate the performance of indoor to
outdoor across domains. As we can see from the experi-
mental results, ST-R1 is able to perform well on OOD with
a small amount of training data, and ST-R1 achieves a sig-
nificant improvement of over 32% in the two types of OOD
tasks, respectively. Through the comprehensive analysis of
Table 3 and Table 4, we can see that ST-R1 is able to show
an extremely strong and comprehensive generalisation abil-
ity with a small amount of training data.

6. Conclusion

In this paper, we investigated the spatial-temporal reason-
ing capabilities of current multimodal large language mod-
els, identifying this as both a critical and challenging re-
search area. To facilitate comprehensive evaluation, we
introduced ST-Bench, a benchmark specifically designed
for complex spatial-temporal reasoning tasks. Our results
show that, although open-source and proprietary models
perform similarly overall, all models suffer a significant
performance drop when required to generate integrated,
open-ended route descriptions—despite performing well on
simpler tasks such as landmark recognition or directional
changes in multiple-choice settings. This highlights the dif-
ficulty current models face in integrating and reasoning over
complex spatial-temporal information. Furthermore, our
proposed two-stage post-training strategy brought notable
improvements over existing approaches, providing valuable
insights for advancing spatial-temporal and general video
reasoning.
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