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Abstract

The use of Multimodal Large Language Models (MLLMs)
as an end-to-end solution for Embodied Al and Autonomous
Driving has become a prevailing trend. While MLLMs
have been extensively studied for visual semantic under-
standing tasks, their ability to perform precise and quan-
titative spatial-temporal understanding in real-world appli-
cations remains largely unexamined, leading to uncertain
prospects. To evaluate models’ Spatial-Temporal Intelli-
gence, we introduce STI-Bench, a benchmark designed to
evaluate MLLMs’ spatial-temporal understanding through
challenging tasks such as estimating and predicting the ap-
pearance, pose, displacement, and motion of objects. Our
benchmark encompasses a wide range of robot and vehi-
cle operations across outdoor, indoor, and desktop scenar-
ios. The extensive experiments reveal that the state-of-the-
art MLLMss still struggle in real-world spatial-temporal un-
derstanding, especially in tasks requiring precise distance
estimation and motion analysis. Paper Page: https://mint-
sjtu.github.io/STI-Bench.io/

1. Introduction

Recent advances in Multimodal Large Language Models
(MLLMs) [1, 4, 12, 29, 35, 37-39, 44, 50] have positioned
them as powerful tools for numerous vision and multimodal
tasks. MLLMs achieve impressive performance in gen-
eral Visual Question Answering tasks [3], which mainly
focus on 2D visual perception and semantic question an-
swering [18, 19, 21, 25, 40, 41, 52]. Beyond 2D visual
perception, MLLMs are increasingly employed as end-to-
end solutions for Embodied Al [7-9, 15, 23, 26, 32, 46]
and Autonomous Driving [22, 42, 43, 48]. Such tasks re-
quire MLLMs to understand 3D space and time, and predict
optimal manipulation strategies for robotic and vehicular
systems. Despite these explorations, the question remains:
Are MLLMs ready for precise spatial-temporal world un-
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Figure 1. We evaluate state-of-the-art MLLMs on STI-Bench
for precise and quantitative spatial-temporal understanding using
video inputs. Results indicate the significant challenge in all tasks.

derstanding?

To answer this question, we propose a Spatial-Temporal
Intelligence Benchmark (STI-Bench), designed to evaluate
MLLMs’ spatial-temporal world understanding capability.
We evaluate MLLMs using single video or multiple images
as input instead of 3D point clouds. The main reasons are:
1) the majority of state-of-the-art models, e.g., GPT-40 [33]
and Gemini [38], accept images or video as input rather than
3D point clouds; 2) Videos are more frequently used in daily
life and contain sufficient information to infer the spatial-
temporal environment.

STI-Bench contains 300 videos and over 2,000 QA pairs,
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Figure 2. Overview of STI-Bench. We selected the most representative videos from each dataset scene and provided a few simple
questions for demonstration.

covering three major scenarios: Desktop, Indoor, and Out- * We conduct an in-depth study of state-of-the-art video-
door. The videos are sourced from Waymo [36], Scan- based MLLMs on STI-Bench, identify key error patterns
Net [16], and Omni6DPose [51] respectively, encompassing in spatial-temporal reasoning, and provide empirical in-
a broad spectrum of real-world environments. As illustrated sights that can help the community develop more reliable
in Figure 2, we design eight distinct tasks to evaluate mod- MLLM:s for embodied applications.

els’ ability in static spatial measurement and grounding, and
dynamic tasks including speed, acceleration and trajectory 2. Related Work

estimation. 2.1. Multimodal Large Language Models

Through extensive experiments as illustrated in Figure 1,
we observe that even the most advanced MLLMs struggle
with real-world spatial-temporal understanding, especially
in tasks requiring precise distance estimation and motion
analysis. Our error analysis reveals three fundamental lim-
itations: inaccurate spatial quantification, flawed temporal
dynamics understanding, and weak cross-modal grounding
and integration. These insights highlight the significant
challenges MLLMs face in precisely understanding spatial-
temporal information from videos. We believe STI-Bench
will serve as an important touchstone that guides the com-
munity to develop better MLLMs for Embodied Al, Au-
tonomous Driving tasks and beyond.

MLLMs have achieved groundbreaking performance in vi-
sual understanding [1, 4, 12, 38], leveraging large language
models (LLMs) [37, 39, 44] and visual encoders. Recent
advancements have extended multimodal learning to video
understanding. Classical works include VideoChat[24],
which enables interactive video-based dialogue by inte-
grating multimodal understanding. Subsequent models
like Video-LLaVA[30] enhance visual-language alignment
through large-scale vision-language pretraining, extending
LLaVA[31]’s capability to process video inputs effectively.
Recent works like Qwen2.5-VL [44] excel in long-video
understanding and temporal localization by incorporating
absolute temporal encoding, enabling models to capture re-
lationships among video frames more effectively.

2.2. Spatial Understanding with MLLMs

In summary, our main contributions include:

* We present STI-Bench, comprising over 300 videos and
over 2,000 tailored questions across outdoor, indoor, and

desktop scenarios, providing a systematic quantitative as- Video MLLMs have focused heavily on semantic under-
sessment of MLLMs’ spatial-temporal understanding ca- standing. However, spatial understanding remains a signif-
pabilities. icant challenge, inspiring recent contributions [9, 11, 14].
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Benchmark QA Pairs Data Env. Scene View Evaluation Spatial-Temporal

D I O Ego Allo. Num. Desc. Dist. Dir. Vel. Traj.
SAT [34] 218k I S x v X Vv v v v X X X X
VSI-Bench [45] 5,156 A% R v X x V v v v v X X v
EmbSpatial-Bench [17] 3,640 I R x v x V X X v X X X X
EmbodiedAgentInterface [26] 448 - S x v Xx Vv X - - X X X X
EmbodiedEval [15] 328 vw S xvv v X - - X X X X
EmbodiedBench [46] 1,128 I S xv v V/ X - - X X X X
WorldSense [6] 3,172 A\ R v v/ v/ V v X v X X X X
MLVU [52] 3,102 v R v v/ v/ V v X v X X X X
Video-MMMU [21] 300 A\ S X X x X X X v X X X X
STI-Bench 2,064 A% R v v v / v v v /7 7/ v

Table 1. Comparison of STI-Bench with existing benchmarks. Data represents the source of our QA data, where V stands for Video
and I stands for Image. Env. indicates the environment in which the data is generated, where S represents Simulation and R represents
Real. The two columns under View indicate whether the dataset includes Ego-centric and Allocentric perspectives. The two columns under
Evaluation specify whether the ground truth is presented in numerical or textual form. The four columns under Spatial-Temporal indicate
whether the benchmark evaluates spatial distance, direction (with angular precision), velocity, or a precise and comprehensive trajectory

description.

This progress represents a significant step toward devel-
oping world models and embodied agents. Recent ad-
vancements in embodied intelligence have explored inte-
grating large-scale MLLMs into robotic control, enabling
better generalization and semantic reasoning. RT-2 [8] in-
troduces a vision-language-action framework that transfers
web-scale knowledge to robotic control by representing ac-
tions as tokens alongside visual and language data. Build-
ing on this idea, GR-2 [10] extends generalist robot control
across diverse embodiments using a Transformer-based ar-
chitecture. Further refining this approach, 7y [7] incorpo-
rates a flow-matching mechanism to generate continuous,
precise action trajectories, enhancing fine-grained manipu-
lation skills.

2.3. Video Benchmarks for MLLM

Recently, multiple benchmarks [19, 40, 41, 52] have
emerged for comprehensively evaluating MLLMs’ ability
in (long) video understanding, especially visual percep-
tion and semantic reasoning through Video Question An-
swering. LongVideoBench [41] and LVBench [40] focus
on long video understanding, while Video-MME [19] and
MMBench-Video [18] comprehensively evaluate MLLMs
across various video-related tasks. Existing benchmarks
primarily focus on high-level semantic understanding, such
as entity recognition and event understanding, largely con-
fined to a temporal extension of 2D image understanding,
lacking precise 3D spatial and temporal reasoning of phys-
ical quantities. Recent works such as VSI-Bench [45] have
introduced visual-spatial intelligence tasks for MLLMs,
where models are required to provide numerical answers
in certain scenarios. However, as illustrated in Table 1, the
limited inclusion of scenes and spatial-temporal tasks re-
stricts their ability to capture the complexities of the real
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Figure 3. Benchmark Statistics. Top: Video length distribution
across different categories and datasets. Bottom: The number of
questions contributed by each dataset for evaluating different ca-
pabilities.

physical world. In contrast, STI-Bench comprehensively
evaluates models’ ability in precise spatial-temporal under-
standing through tasks of static spatial measurement and
physical motion understanding in Desktop, Indoor and Out-
door scenarios.



3. STI-Bench

In this section, we present the detailed design and construc-
tion of STI-Bench. The construction pipeline is depicted in
Figure 4.

3.1. Task Definition

We propose eight tasks examining distinct aspects of
MLLMSs’ spatial-temporal understanding, divided into
Static Understanding and Dynamic Understanding.

Static Understanding

a. Dimensional Measurement. Estimates object geomet-
ric size and distances, requiring transformation from 2D
pixel observations to physical measurements.

Example: ”What is the height of this box?”

Spatial Relation. Identifies spatial relationships among
objects or between camera and objects, testing relative
positioning understanding across viewpoints.

Example: ’Is the chair on the left or right of the table?”
3D Video Grounding. Retrieves object’s 3D bounding
box given semantic descriptions, requiring alignment of
linguistic and visual features.

Example: ”Locate the 3D bounding box of the red suit-
case near the bed.”

Dynamic Understanding

d. Displacement and Path Length. Measures travel dis-
tance between time points, requiring motion tracking
across frames.

Example: "How far has the car traveled from 1s to 18s?”
Speed and Acceleration. Computes motion parameters
by integrating spatial displacement with time intervals.
Example: ”What is the average speed of the camera?”
Ego-Centric Orientation. Examines camera’s azimuth
orientation changes, requiring understanding of rotation
representations.

Example: "How many degrees does the camera’s hori-
zontal orientation shift?”

Trajectory Description.  Describes motion paths
throughout the video, testing ability to abstract spatial
motion into language.

Example: ”Summarize the camera trajectory, including
distances moved and turns made.”

Pose Estimation. Estimates camera pose at specified
time points using RGB data, requiring visual odometry
capabilities.

Example: ”Given the initial pose, what is the camera’s
pose at the requested time?”

These tasks collectively evaluate comprehensive spatial-
temporal intelligence across different scales, requiring fun-
damental 3D spatial reasoning, physical common sense, and
cross-modal information integration over time.
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3.2. Benchmark Construction

Data Collection. To encompass a broad spectrum of real-
world environments, STI-Bench covers three major scenar-
i0s: Desktop, Indoor, and Outdoor. Accordingly, we draw
from three publicly available datasets—Waymo [36] for au-
tonomous driving, ScanNet[16] for indoor 3D scene re-
construction, and Omni6DPose[51] for desktop-scale 6D
object pose estimation. These datasets provide frame-by-
frame camera intrinsic and extrinsic parameters, as well
as point clouds for each object, which we map to two-
dimensional bounding boxes in each frame.

Automatic QA Pair Generation. We used MLLMs to
produce detailed semantic descriptions for each object, such
as “A beige minivan with a roof rack,” “A refrigerator with
emoji magnets, photos, and a to-do list,” or “A red back-
pack on a brown leather sofa.” Next, leveraging the frame-
by-frame annotations, we computed the ground-truth in-
formation required for each task. We then provided the
ground-truth data, object descriptions, and task-specific QA
requirements to MLLMs to generate a diverse set of ques-
tions and challenging answer options.

Human Quality Control. During QA pair generation,
several issues arose: LLM-generated descriptions could be
inaccurate or fail to uniquely identify the target object; some
questions and options remained unreasonable or incorrect,
even with detailed guidelines; and in certain cases, the video
alone did not provide sufficient information (e.g., when the
camera was occluded but lidar data were available). To ad-
dress these challenges, we developed a website for multiple
rounds of manual filtering and sampling-based review, en-
suring high-quality questions. We also randomly shuffled
the answer options to enhance evaluation robustness. Ulti-
mately, we curated more than 2,000 high-quality QA pairs
from over 300 videos. Details are shown in Figure 3.

Fine-Grained Adjustment. To ensure task diversity and
challenge, each question is equipped with carefully con-
structed distractor options that are both significantly dif-
ferent from the correct answer while remaining within a
reasonable range. Considering the varying precision re-
quirements across different scenarios—millimeter-level for
desktop applications, centimeter-to-decimeter-level for in-
door environments, and decimeter-to-meter-level for out-
door scenes—we applied scenario-specific scaling factors
to generate distractors and employed logarithmic sampling
techniques to distribute numerical differences more evenly,
thereby enhancing the robustness of our evaluation.
Specifically, given a scene type S €
{Desktop, Indoor, Outdoor}, a correct answer A .oprect, and
four initial distractor options {Ag1, Age, Ad3, Ada}, our
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Figure 4. Benchmark curation pipeline. The pipeline first aggregates multi-scene RGB datasets that contain 3D bounding box anno-
tations, camera parameters, and point cloud data, which serve as the basis for computing ground truth. From these datasets, we extract
numerical ground truth such as distance and velocity, as well as textual descriptions of trajectories and directions. Subsequently, we lever-
age GPT to assist in generating QA pairs and design a website for rigorous human verification and filtering.

fine-grained adjustment process consists of the following
steps:

1. We determine the error range [Ein, Emas| based
on the scene type S: - Desktop: [0.5cm, 5 cm] - Indoor:
[5 ¢cm, 50 cm] - Outdoor: [0.5 m, 5 m]

2. We logarithmically sample an error value e from the
corresponding error range:

e=Epin - (Emaw/Emin)u

where u ~ U(0, 1) is a uniform random number.
3. We adjust each distractor option Ag; to A/, using a
weighted average:

Idi = (]_ — w) . Adi +w - Acorrect

where the weight w is identical for all distractors and is de-
termined by solving:

. /
__niil ||Adz - Aco’r‘rect” =e€
1€{1,2,3,4}

This yields:

e
w=1-—

mini€{1,2,3,4} ||Adz - Aco’rrect”

This approach ensures that the minimum distance be-
tween any adjusted distractor and the correct answer equals
the sampled error value e, while other distractors maintain
relatively larger distances but are adjusted using the same
weight factor.
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4. Experiments

4.1. Settings

We conduct a thorough evaluation of leading MLLMs
from diverse model families, focusing on both proprietary
and open-source solutions. Specifically, we assess four
proprietary models: GPT-40[33], Gemini-2.0-Flash[38],
Gemini-2.5-Pro[38], and Claude-3.7-Sonnet[2], as well
as several representative open-source MLLMs that have
undergone specialized video-related training, including
Qwen2.5-VL-72B[5], InternVL2.5-78B[13], MiniCPM-
V-2.6[47], VideoChat-Flash[27], VideoChat-R1[28] and
VideoLLaMA3-7B[49].

Considering the stability of open-source models and the
API limitations of proprietary models, we uniformly sample
30 frames from the video for each record and explicitly in-
dicate the sampling FPS within the prompt. An exception is
made for Claude-3.7-Sonnet, for which only 20 frames are
sampled due to its API constraints. Our benchmark tasks
are presented in a multiple-choice format with five possible
answers, hence a random guess baseline yields 20% accu-
racy. We measure each model’s accuracy by directly com-
paring the model’s selected answer with the ground truth.

4.2. Main Results

As shown in Table 2 and Table 3, we present a comprehen-
sive evaluation of various MLLMs on STI-Bench. Gemini-
2.5-Pro achieves the highest average accuracy of 41.4%,



Static Understanding

Dynamic Understanding

Methods Rank Avg.

Dim. Spatial 3D Video Disp. Speed Ego Traj. Pose
Meas. Relation Grounding & PL. & Acc.  Orient. Desc. Est.
Proprietary Models (API)

GPT-40[33] 8 348 27.1 51.8 29.0 23.2 354 33.7 32.0 53.6
Gemini-2.0-Flash[38] 4  38.7 319 50.0 31.8 27.7 32.1 10.8 38.5 61.3
Claude-3.7-Sonnet[2] 3  40.5 29.8 45.5 35.7 28.9 38.8 40.0 474 62.6

Gemini-2.5-Pro[20] 1 414 38.7 53.8 36.9 33.9 33.1 52.5 474 50.4
Open-source Models
MiniCPM-V-2.6[47] 10 269  27.7 44.5 29.0 19.0 25.7 7.0 30.8 35.6
VideoChat-R1[28] 9 328 232 473 31.5 22.4 31.1 26.0 479 48.3
VideoLLaMA3-7B[49] 7 352 294 48.6 36.1 21.5 36.7 23.2 54.6 48.1
VideoChat-Flash[27] 6  36.3  33.6 51.4 33.1 27.1 323 22.2 54.2 514
InternVL2.5-78B[13] 5 385 299 52.8 31.6 24.9 37.2 49.2 43.6 53.6
Qwen2.5-VL-72B[5] 2 40.7 315 47.6 39.1 25.1 384 43.8 51.3 60.6

Table 2. Evaluation on STI-Bench. | Orange = best; Light Orange = second best.Note: The random baseline for all tasks is 20%.
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Figure 5. Evaluation results across different scenes and tasks.

Model Outdoor Indoor Desktop Overall
MiniCPM-V-2.6[47] 279 26.1 26.6 26.9
VideoChat-R1_7B[28] 41.1 28.0 27.1 32.8
GPT-40[33] 414 33.1 27.3 352
VideoLLaMA3-7B[49] 41.2 319 30.5 352
Gemini-2.0-Flash[38] 39.1 35.9 30.5 36.0
VideoChat-Flash[27] 38.6 36.7 313 36.3
InternVL2.5-78B[13] 46.1 34.5 32.1 38.5
Claude-3.7-Sonnet[2] 47.2 38.2 323 40.5
Qwen2.5-VL-72BJ[5] 50.6 35.0 335 40.7
Gemini-2.5-Pro[20] 48.7 37.1 35.8 41.4

Table 3. Evaluation results across different scenes.

closely followed by Qwen2.5-VL-72B at 40.7% among
open-source models. While these results significantly ex-

ceed the random guess baseline (20%), they highlight sub-
stantial room for improvement in spatial-temporal under-
standing.

Performance across different scene types shows varied
patterns. Qwen2.5-VL-72B demonstrates strong perfor-
mance in outdoor scenarios (50.6%), while Gemini-2.5-
Pro performs well outdoors (48.7%) and leads in desk-
top scenes (35.8%). In indoor environments, Claude-3.7-
Sonnet (38.2%) and Gemini-2.5-Pro (37.1%) lead. These
variations suggest different model specializations, possibly
influenced by training data distribution.

Task-specific performance reveals particularly challeng-
ing areas. Models generally struggle with precise quantita-
tive estimation tasks. The best performance on Dimensional
Measurement is achieved by Gemini-2.5-Pro (38.7%), and
on Displacement & Path Length also by Gemini-2.5-Pro
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Example 1

From 21.0 seconds to 24.0 seconds. What is the

average speed of the camera between 21s and 24s?
m B.0.44n C.0.15m/s D.0.42n

Gemini 2.5 pro:

*Output code estimates the speed of the

‘hole_chili' feature between 21s and 24.6s. It

uses pre-defined normalized coordinates to

calculate displacement. Assuming a board width of

2m for scale, it estimates the real speed (~0.141

m/s). Finally, it finds the multiple-choice

option (A-E) with the closest speed value and

prints its letter ('C').)

Correct!

Example 2

What is the camera's instantaneous speed around
t=12s?
A.0.14m/s
Gemini 2.5 pro:
*The code estimates angular speed based on visual
inspection (~18 deg/s). Assuming a camera orbital
radius of ©.75m, it calculates the corresponding
linear speed (~0.235 m/s) using speed
angular_speed * radius. It then compares this
speed to options A-E and selects the closest one
('D").

Not accurate enough.

Wrong!

D.0.23m/s

Figure 6. The simplified thought process examples of Gemini 2.5 Pro.

(33.9%). In contrast, models demonstrate stronger capabili-
ties in Pose Estimation (best: 62.7% by Claude-3.7-Sonnet)
and Spatial Relation tasks (best: 53.8% by Gemini-2.5-
Pro).

Among open-source models, Qwen2.5-VL-72B stands
out with 40.7% average accuracy, demonstrating highly
competitive performance.  Other open-source models
like InternVL2.5-78B (38.5%) also show promise, though
smaller models like MiniCPM-V-2.6 (26.9%) lag behind
their larger counterparts.

Even the best-performing model, Gemini-2.5-Pro,
achieves only 41.4% average accuracy on our benchmark.
These results indicate that current MLLMs, despite impres-
sive general visual understanding capabilities, still require
significant advancements in precise spatial-temporal intelli-
gence for embodied tasks.

4.3. Experimental Analysis

Given that Gemini-2.5-Pro exhibits strong multi-modal rea-
soning capabilities and achieves the top overall performance
(41.4% average accuracy), we select it as a representative
for in-depth analysis.

Performance varies across scene types: it performs
strongest in outdoor scenarios (48.7%), followed by indoor
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(37.1%) and desktop environments (35.8%). This disparity
might suggest that the model’s training data is better attuned
to outdoor and larger-scale understanding.

Examining task-specific performance, we observe its
strongest capabilities in tasks involving relative understand-
ing and object state. It achieves high scores in Spatial Re-
lation (53.8%) and Ego-Centric Orientation (52.5%), fol-
lowed by Pose Estimation (50.4%). While tasks requiring
precise quantitative estimation show lower absolute scores,
Gemini-2.5-Pro performs competitively and often leads in
these areas, achieving top scores in Dimensional Measure-
ment (38.7%) and Displacement & Path Length (33.9%).

By leveraging the model’s reasoning process and uni-
formly sampling approximately 200 error records across
each task type and scenario, we categorize errors into three
representative patterns. Figure 7 shows the distribution of
error categories.

Inaccurate Spatial Quantification The model faces sig-
nificant challenges in accurately estimating static spatial
properties and relationships from visual inputs. These dif-
ficulties manifest when estimating object dimensions, dis-
tances between objects or between camera and objects, and
absolute 3D coordinates at specific time points. These er-
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Figure 7. Distribution of error categories in Gemini-2.5-Pro across
our sampled error cases.

rors stem from a lack of clear visual size references, dif-
ficulty distinguishing between numerically close options,
and the inherent challenges of inferring metric scale from
2D pixels and estimating depth with monocular cameras.
Such limitations directly impact performance in dimen-
sional measurement, spatial relation, and 3D video ground-
ing tasks.

Flawed Temporal Dynamics Understanding The model
struggles to perceive, track, and interpret cross-frame in-
formation that changes over time, such as motion and its
dynamics. This results in erroneous calculations or descrip-
tions of displacement, path length, speed, acceleration, di-
rectional changes, and overall trajectory shapes. The model
particularly struggles with relative motion (distinguishing
object motion from camera motion), a problem exacerbated
by sparse temporal sampling. These difficulties arise from
challenges in integrating information across frames, lack of
internal models for physics/kinematics, inability to separate
ego-motion from object motion, and information loss due
to sparse sampling. These issues manifest in tasks involv-
ing displacement and path length, speed and acceleration,
ego-centric orientation, trajectory description, and pose es-
timation.

Weak Cross-Modal Grounding and Integration The
model fails to properly connect textual queries/instructions
with relevant spatial-temporal visual content, or to integrate
provided non-visual data (such as initial poses) with vi-
sual information. This includes misinterpreting temporal
constraints (like ”from 1s to 18s,” ”at the end,” ”the mo-
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ment of last co-occurrence”), failing to correctly utilize pro-
vided initial conditions (e.g., initial camera pose in pose es-
timation tasks), and incorrectly associating structured data
(coordinates, timestamps) with visual elements. These er-
rors stem from deficiencies in parsing structured/natural
language instructions and difficulty integrating information
from different modalities into a unified reasoning process.
This affects all tasks that rely on specific instructions or ini-
tial data.

These error patterns highlight that, despite Gemini-2.5-
Pro’s strong performance relative to other models, it still
faces significant challenges in precise spatial-temporal un-
derstanding. Its limitations in quantitative estimation and
complex spatial-temporal reasoning indicate that current
MLLMs remain far from achieving the reliability required
for embodied Al or autonomous driving applications.

5. Conclusion

We introduced STI-Bench, a comprehensive benchmark
to assess MLLMs’ spatial-temporal understanding through
over 300 real-world videos and 2,000 QA pairs of robot out-
door, indoor, and desktop scenarios, which reveals signif-
icant limitations in current MLLMs’ spatial-temporal un-
derstanding capabilities, with top-performing models like
Gemini-2.5-Pro achieving around 41.4% average accuracy.
Models particularly struggle with precise quantitative tasks
like dimensional measurement. Our analysis identifies
three key weaknesses: inaccurate spatial quantification,
flawed temporal dynamics understanding, and weak cross-
modal integration. These findings emphasize the substan-
tial gap between current capabilities and the reliability
needed for embodied Al and autonomous driving applica-
tions. STI-Bench provides a valuable framework for eval-
uating and improving MLLMs’ ability to understand the
physical world—essential for developing the next genera-
tion of embodied intelligent systems.
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