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Figure 1: Ego3D-Bench is a 3D spatial benchmark for VLMs using ego-centric multi-view im-
ages. It spans ego- and object-centric perspectives across 5 categories. A significant gap exists
between human and VLM performance; our method, Ego3D-VLM, consistently narrows this gap.

ABSTRACT

Understanding 3D spatial relationships remains a major limitation of current
Vision-Language Models (VLMs). Prior work has addressed this issue by cre-
ating spatial question-answering (QA) datasets based on single images or in-
door videos. However, real-world embodied AI agents—such as robots and
self-driving cars—typically rely on ego-centric, multi-view observations. To this
end, we introduce Ego3D-Bench, a new benchmark designed to evaluate the
spatial reasoning abilities of VLMs using ego-centric, multi-view outdoor data.
Ego3D-Bench comprises over 8,600 QA pairs, created with significant involve-
ment from human annotators to ensure quality and diversity. We benchmark 16
SOTA VLMs, including GPT-40, Geminil.5-Pro, InternVL3, and Qwen2.5-VL.
Our results reveal a notable performance gap between human level scores and
VLM performance, highlighting that current VLMs still fall short of human level
spatial understanding. To bridge this gap, we propose Ego3D-VLM, a training-free
framework that enhances 3D spatial reasoning of VLMs. Ego3D-VLM generates
cognitive map based on estimated global 3D coordinates, resulting in 12% and
56 % average improvements on multi-choice QA and absolute distance estimation,
respectively. Ego3D-VLM can be integrated with any existing VLM. Together,
Ego3D-Bench and Ego3D-VLM offer valuable tools for advancing toward hu-
man level spatial understanding in real-world, multi-view environments. Code is
available in the supplementary materials.
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1 INTRODUCTION

3D spatial understanding is a critical capability for embodied Al agents operating in the real world
(Chaplot et al.l 2021; Wang et al., |2024b). This includes perceiving the location of surrounding
objects, estimating their distances, and reasoning about their motion. VLMs have recently emerged
as powerful tools to integrate visual perception and language reasoning, making them promising
components for building intelligent embodied Al systems (Ma et al., 2024b; |L1 et al.,2024b)). Thus,
enhancing and evaluating the spatial understanding of VLMs has become an increasingly important
research direction (Team| [2025} |Cheng et al.,|2024;|Chen et al., 2024} Zhao et al.,2025;|Zhang et al.}
2025b; |Wang et al., 2024a; Wu et al., |2024bza; Song et al., [2025; [Ray et al., 2025).

Recent benchmarks on spatial understanding focus mainly on spatial reasoning from single images
(Cheng et al., [2024; [Chen et al.} 2024; |Liao et al., 2024) or videos captured in static indoor envi-
ronments (Yang et al.l 2024} Daxberger et al.,2025)). In such cases, spatial understanding is framed
around passive observations, where a single camera moves in a room to create a video, and the model
should infer spatial relationships in a relatively static scene. This setup differs fundamentally from
the perceptual experience of real-world embodied agents such as self-driving cars or mobile robots.
These agents rely on ego-centric multi-view observations (Ma et al [2024b)), provided by multiple
cameras simultaneously capturing front, side, and rear views of their surroundings. These views
are not interchangeable or purely visual; they carry explicit spatial semantics tied to the agent’s
frame of reference. E.g, “left” & “right” refer to fixed directions relative to the agent’s body, and
must be interpreted consistently over time as the agent moves through dynamic environments. This
distinction is crucial: while prior video-based datasets may offer multiple viewpoints, they do not
reflect the structured, directional, and temporally evolving nature of ego-centric multi-view inputs.
Also, existing benchmarks do not evaluate VLMs’ reasoning ability across these spatially grounded
perspectives in dynamic, real-world scenes.

This gap motivates the need for new benchmarks that better align with the spatial reasoning demands
of embodied agents. To this end, we introduce Ego3D-Bench, a benchmark of 8.6K QA pairs
carefully curated from the validation set of 3 public datasets: NuScenes (Caesar et al.,[2020), Waymo
Open Dataset (Sun et al.} [2020), and Argoverse 1 (Chang et al.,2019). Human annotators played
a central role in both the dataset construction and the rigorous quality review process to ensure the
reliability of the benchmark. We focused specifically on ego-centric multi-view tasks, rather than
building a general-purpose benchmark, to complement existing monocular spatial benchmarks (e.g.,
VSI-Bench (Yang et al., 2024)). Thus, we excluded questions that can be answered based on each
view independently across multiple images (e.g., counting objects) or general knowledge of LLMs
(e.g., size of well-known objects). Ego3D-Bench extends existing multi-view benchmarks (Yang
et al.,[2024; |Yeh et al., [2025)) to ego-centric scenario that is specialized for embodied Al.

We evaluated 16 SOTA VLMs, including generalist and 3D spatial ones on Ego3D-Bench, reveal-
ing a significant gap between human performance and current VLMs. We hypothesize that a key
limitation lies in the inability of VLMs to construct a coherent world model from multi-view images.
In contrast, humans naturally integrate visual info from their left, right, and front views into a uni-
fied spatial representation, enabling real-time reasoning and navigation. Prior work has attempted
to bridge this gap by first generating a 3D point-cloud (Team), 2025} Huang et al.,2024; Hong et al.,
2023b; [Zhang et al. [2024a; [Hong et al.l [2023a) or rendering a bird-eye-view (BEV) image of the
scene (Q1 et al.,[2024). Although point-clouds and BEV images offer rich spatial information, they
are challenging to reconstruct in dynamic environments, struggle with sparse multi-view inputs, and
significantly increase inference time(Zhu et al., 2024).

To this end, we propose, Ego3D-VLM, a training-free method that improves 3D spatial understand-
ing of VLMs. The main idea of Ego3D-VLM is to create a textual cognitive map of the surrounding.
The textual cognitive map defines a coordinate system center on the ego and locates important object
(i.e., those referred to in the input prompt) in 3D coordinate space. Unlike point-clouds and BEV
image methods (Team), [2025; |Q1 et al., [2024), our cognitive map only focuses on referred objects,
making the number of input tokens significantly smaller and enabling efficient reasoning.

Given multi-view images as input, we first use referring expression comprehension (REC) models
to find the 2D location of referred expressions in pixel space. We also use a metric depth estimator
to estimate the depth values. We then convert the 2D points to 3D points in camera coordinate
space and transform 3D points from all views to the global coordinate space (i.e., front camera
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Figure 2: Overview of our Ego3D-Bench creation pipeline. Human annotators played a key role
in the process. Right: the distribution of the samples. Ego.: Ego-centric, Obj.: Object-centric.
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coordinate space). We define a cognitive map generator function that returns a textual cognitive
map given 3D coordinates. The textual cognitive map defines a coordinate space for the VLM
and organizes detected objects (expressions) based on the view-point. The textual cognitive map
consistently improves SOTA VLMs on spatial reasoning. The major contributions of our work are:

* We introduce Ego3D-Bench, an ego-centric multi-view benchmark to evaluate 3D spatial un-
derstanding of VLMs.

* We propose Ego3D-VLM, a plug-and-play training-free framework to enhance 3D spatial under-
standing of VLMs, especially in ego-centric multi-view scenarios.

* Through extensive experiments, we demonstrate that Ego3D-VLM significantly improves SOTA
generalist as well as 3D spatial VLMs in 3D reasoning.

2 RELATED WORK

3D Spatial Benchmarks/Datasets for VLMs. We categorize prior datasets and benchmarks into
three groups based on the input data type. (1) (Liu et all, 2023} [Kamath et all, 2023}, [Liao et al.}

[2024; [Song et al. 2025}, [Zhang et al., 2025b; [Cheng et al., 2024; [Du et al., 2024) focus on single-
view images. (2) (Yang et al., 2024; [Daxberger et al., 2025} [Li et al., 2025} [Yang et al. 2025}
2025)) focus on videos captured from indoor static scenes. As noted, this setup differs from

the perceptual experience of real-world embodied agents, which involves ego-centric multi-view
images. (3) All-Angle is the first multi-view benchmark for VLMs. However, in
their setup, multiple cameras observe a scene from different directions—similar to surveillance or
motion capture systems. In contrast, Ego3D-Bench is the first ego-centric multi-view benchmark
for VLMs created from dynamic outdoor scenes.

3D Spatial VLMs. These models—also referred to as 3D-LLMs or 3D-MLLMs—aim to perform
tasks such as 3D grounding, spatial reasoning, depth estimation, and distance measurement. We
categorize existing approaches into two main groups: (1) models that take point-clouds as input or
reconstruct them from multi-view images, and (2) models that operate directly on image data.

(Hong et al. [2023bj{a; [Huang et all, 2024} [Team| [2025}, [Zhang et all, [20254; 2024a)) fall in the

first group. While point-cloud representations offer rich spatial information, they are difficult to
reconstruct in dynamic scenes, often struggle with sparse multi-view data, and significantly increase
inference time by over 10x. The 2nd group includes LLaVA-3D (Zhu et al},2024)), Video-3D LLM

(Zheng et al.l 2024), GPT4Scene (Qi et al.,2024), MM-Spatial (Daxberger et al., 2025), Spatial VLM
Chen et al.,[2024), SpatialRGPT (Cheng et al., 2024), and SpatialPIN (Ma et al., 2024a). Our work

falls in this image-based category.

LLaVA-3D and Video-3D LLM use depth maps and camera poses for 3D positional encoding.
GPT4Scene leverages BEV to address 3D queries. However, these models are primarily trained
on indoor, static scenes and limited in handling quantitative spatial relationships such as object dis-
tances. Spatial VLM addresses this limitation by introducing a synthetic data generation pipeline,
enabling more robust spatial reasoning 2024). SpatialRGPT enhances input representa-
tion using region proposals alongside the original image. MM-Spatial proposes a VLM that supports
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Figure 3: Ego- and object-centric samples from each category in Ego3D-Bench.

Chain-of-Thought spatial reasoning involving 2D grounding and depth estimation, and can also
leverage depth input via tool-use. Different from SpatialRGPT, Spatial VLM, and MM-Spatial, our
proposed Ego3D-VLM is a training-free method, can be applied to any existing VLM, and enhances
spatial understanding of VLMs and outperforms prior works on ego-centric multi-view reasoning.

3 EG03D-BENCH

Ego3D-Bench is designed to quantitatively evaluate 3D spatial understanding of VLMs from
multi-view outdoor images. A major distinction between Ego3D-Bench and previous works
is its focus on ego-centric multi-view data—an approach particularly relevant for applications in
self-driving and robotics. Ego3D-Bench contains over 8.6K QA pairs in 5 distinct categories.
This benchmark is constructed from the validation sets of 3 prominent outdoor multi-view datasets:
nuScenes (Caesar et al 2020), Waymo Open Dataset 2020), and Argoverse 1
2019), featuring 6, 7, and 5 distinct camera views, respectively (Figure[Z). These datasets cover
diverse outdoor environments, including urban areas, highways, and rural regions. Ego3D-Bench
leverages the multi-view nature of these datasets to formulate questions that require fine-grained
visual comprehension across different viewpoints as well as reasoning over 3D spatial relationships.
In this section, we describe the detailed process of constructing the questions of Ego3D-Bench.

3.1 BENCHMARK CONSTRUCTION

Creation of Source Files: Outdoor datasets, unlike their indoor counterparts, often feature multiple
instances of the same object within each scene. While indoor environments typically contain unique
items—such as a single oven or television per room—outdoor scenes commonly include numerous
similar objects, like multiple cars or pedestrians. This makes it challenging to uniquely reference
a target object in the scene. Thus, annotators begin by carefully reviewing each scene to identify
unique objects (called “Filtering” in Figure[Z). They then compose concise captions describing these
objects (called "Captioning” in Figure2). The descriptions are designed to be short, yet discrimina-
tive such that each object can be uniquely identified. Furthermore, the ground-truth 3D annotations
(bounding boxes) are collected from the source datasets. Object captions, 3D annotations, and the
camera view from which the object is visible are used to construct a source file for QA creation.

Creation of QAs: Each question category follows a predefined template with placeholders for
object names, such as How far is <objl>in <viewl>from <obj2>in <view2>? (see Appendix[A.3]
for all question templates). Each question is constructed by placing the generated object annotation
and camera views from the source file in the question template. To generate the answers, we use
rule-based functions that leverage ground-truth 3D annotations. For challenging categories, such as
motion reasoning, a final human review is conducted to ensure the accuracy of the QA pairs.
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Figure 4: An overview of Ego3D-VLM, our training-free 3D spatial understanding framework.

3.2 BENCHMARK DETAILS

Figure[3|illustrates different question categories in Ego3D-Bench. We emphasize on questions that
require understanding the 3D world by utilizing information from multiple views. Thus, we exclude
questions that can be answered using a single-view or by analyzing each view independently (e.g.,
counting the number of objects), as they do not contribute to multi-view spatial reasoning. We
define question from the perspective of both ego and objects in the scene. To clearly indicate the
perspective of each question, we categorize them into ego-centric or object-centric. In the following,
we describe the five tasks (each composed of ego-centric and object-centric types) in our benchmark.

(1) Absolute Distance Measurement. This category asks the VLM to estimate the absolute metric
distance between the ego and another object in the scene or between two different objects from
different views. This category is designed in two forms of multi-choice QA and absolute meter.

(2) Relative Distance Measurement. In this task, the VLM is asked to determine which of two
objects is closer—either to the ego or to a specific object, designed in the form of two-choice QA.

(3) Localization. This category is only object-centric and assesses the VLM’s ability to localize
objects within a scene. Specifically, the model is asked to infer the location of object-1 from the
perspective of object-2 in the form of multi-choice QA.

(4) Motion Reasoning. This category defines a coordinate system using cardinal directions and
asks the VLM that if the ego or object-1 moves in a direction, whether or not it gets closer to or
farther away from object-2. Answering this yes/no question requires mapping the spatial relationship
between the objects and how the distances would change if one object moves in a specific direction.

(5) Travel Time. Given a specific motion speed, this category asks (via multi-choice QA) to estimate
the required time to move from the location of either the ego or object-1 to the location of object-2.

Evaluation Metrics. We design most of the questions as multi-choice QA and use accuracy as
the evaluation metric. We also have two absolute distance estimation for which we use root mean
squared error (RMSE) in meters as the evaluation metric.

4 TRAINING-FREE 3D SPATIAL UNDERSTANDING : Ego3D-VLM

Figure [] shows an overview of our proposed framework, Ego3D-VLM. Given a set of multi-view
images and a natural language prompt, we use a REC model to detect all objects mentioned in the

prompt. For each camera view v € {1,2,...,V}, the REC model returns a set of detected objects:
@)
0 = { (o, ") }N (1)
v i=1
where bgv) € R* denotes the 2D bounding box coordinates for the i-th object in view v, and cgv)

is the corresponding referring expression match. We compute the 2D pixel-space center of each
(v)

bounding box as u;”’ € R? to create a list of 2D centers of the objects in the pixel space.
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Camera Coordinate Transformation. To obtain 3D spatial info, we use a metric depth estimator
to predict a dense depth map D) € R¥*W for each view v. For each detected object center
ul(.v) = (x;,v;) ", we extract the corresponding depth value dgv) = D@ (z;,;). We then project
each center point into the 3D camera coordinate system using the camera intrinsics K (*) € R3*3:

1 | Xy
Pl = (K) [y | € RE. @)
1

Next, we transform the 3D point from the local to the global coordinate system, i.e., defined as the
front camera view point coordinate system. This replicates the human perception mechanism given
multi-view cameras by using the front view as the reference building the 3D world based on that.
Using the rotation matrix R(") € R3*3 and translation vector T(") € R3*3, we have:

v R () ()
pélo)bal,i = [ 0 1 : pc?lm’l € R*. (3)

This process effectively simulates human spatial perception by leveraging multi-view images to
construct a unified 3D representation of the scene.

Relational Scaling. Humans estimate object sizes using known references—e.g., knowing a person

is = 1.7 m tall helps infer the size of nearby objects. Inspired by this, we scale 3D points péfo)baL ; us-
ing familiar object categories (e.g., sedans, humans, bikes) identified in a few representative frames
across all camera views. We compute the average observed height hey and scale all 3D points by
8 = hes/ hest, Where he is the canonical common sense height (e.g., 1.7 m for humans). This yields

piﬁ?led’ ;=5 p;lvo)bah ;» producing physically plausible scales without ground-truth depth.

Creating a Cognitive Map. We define a cognitive map generator function JF.g, which takes as input
the set of 3D global coordinates and corresponding referring expressions for all detected objects
across all camera views. Specifically, for each object ¢ detected from view v, we denote its global

3D position as pgé’a)led , and its matched referring expression as cl(.v). The function outputs a textual

cognitive map C, defined as:
o ({l2t),.)

)

Feog constructs an ego-centric world model centered on the agent. It integrates multi-view detections
and links each referred object to its spatial position and originating viewpoint. The resulting cogni-
tive map captures both linguistic references and spatial semantics in a compact, human-interpretable
form—enabling grounded reasoning and situational awareness. Figure[3]illustrates a sample prompt,
the corresponding multi-view images, and the generated cognitive maps.

Given a VLM V that answers queries by visual-textual contexts, it takes as input the cognitive map

C, a set of multi-view images Z = {7 (“)}v, and a natural language query g, to return an answer a:
a=Y(C,Z,q). 4)

The cognitive map C provides structured spatial grounding, while Z supplies rich visual cues—such

as appearance, color, and fine-grained context—not captured in C'. Together, they guide the VLM
in interpreting and answering the query.
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Table 1: Comparison results of generalist VLMs vs. Ego3D-VLM on Ego3D-Bench.

| Accuracy (%) T | RMSE|
Ego Obj. Ego Obj. Travel Ego Ob{'. Ego Ob;.
Model Dist. Dist. Loc. Mot. Mot. Time Rel. Rel. | Avg.{| Dist. Dist. | Avg.]
Human Level 782 57.1 100 100 953 72.7 85.0 94.1 ‘ 85.3 - - -
Chance Level 25.8 255 243 49.7 50.6 24.0 499 50.1|37.5 - - -
Closed-source Models
PT-40 514 384 477 869 71.1 358 659 84.2|56.7 | 8.5 29.5|19.2
Ego3D-VLM cprao 76.3 589 573 873 89.7 599 70.6 853|732 | 63 84 |74
Gemini-1.5-Pro 51.3 358 494 884 70.6 37.7 555 714|575 |10.7 28.6|19.6
Ego3D-VLM Gemini-1.5-pr0 | 65.0 62.0 67.2 939 914 584 662 80.6/73.1 | 6.6 7.8 |7.2
QOwen2.5 Family
Qwen2.5-3B 21.5 294 28.8 50.3 419 309 54.1 56.1|39.1 |30.5 33.7]32.1
Ego3D-VLM qyen2s38 | 35.0 30.0 29.8 524 564 29.6 60.1 62.0|44.4 | 12.7 12.5|12.6
Qwen2.5-7B 32.7 31.5 30.5 459 44.0 345 432 66.5|41.1 |25.1 35.5130.3
Ego3D-VLM qyenxs7s | 59.4 545 33.1 623 582 494 505 669|543 | 8.1 109 |9.5
Qwen2.5-32B 454 40.7 49.6 756 741 40.1 54.0 79.0|57.3 |21.2 104 |15.8
Ego3D-VLM qyenns5308 | 63.7 62.6 545 87.7 862 40.8 62.6 72.0|65.5 |11.6 159 |13.7
Qwen2.5-72B 424 38.6 548 86.8 689 38.5 533 80.5]58.0 |10.3 22.2|16.2
Ego3D-VLM qyenxs7o8 | 62.1 61.4 582 940 845 56.0 63.1 76.6/69.5 | 6.8 8.3 |7.5
InternVL3 Family
InternVL3-8B 25.8 287 29.8 54.1 548 36.1 499 652]43.1 | 152 39.1|27.2
Ego3D-VLM pyemvizss | 654 56.1 37.0 73.0 714 49.0 635 66.0/60.1 | 6.8 9.0 |8.0
InternVL3-14B 46.0 356 359 632 659 41.6 555 70.1]51.7 |10.6 24.5|17.6
Ego3D-VLM inemvizass | 703 609 50.5 79.8 83.1 502 63.0 70.7|66.1 | 6.6 8.8 |7.7
InternVL3-38B 354 31.0 394 66.6 649 380 61.0 77.3|51.7 | 86 422|254
Ego3D-VLM pyemvizass | 55.1 64.5 534 872 889 519 666 76.5|68.0 | 82 8.7 |85
InternVL3-78B 54.6 484 503 77.7 70.0 44.8 57.0 76.6|59.9 |12.0 15.5]13.8
Ego3D-VLM rpyemvizss | 68.3 627 629 91.6 89.2 55.1 663 782|71.8 | 6.8 8.1 |74
Ovis2 Family
Ovis2-4B 29.8 289 184 475 48.1 369 542 703|418 |17.1 29.5]23.3
Ego3D-VLM oyis2-48 62.1 469 20.1 49.1 519 333 620 604|482 | 6.5 104 |85
Ovis2-8B 25.6 28.6 31.1 453 514 314 50.7 682|415 |11.5 30.2]20.8
Ego3D-VLM o.is2-s8 649 549 335 572 57.1 46.1 65.1 71.0(56.2 | 6.0 9.5 |7.8
Ovis2-16B 41.7 36.5 41.1 505 525 279 509 74.9‘47.0 ‘ 10.8 16.6 ‘ 13.7
Ego3D-VLM ovis>-168 63.4 58.1 43.7 539 734 51.1 610 829|609 | 6.6 83 |74

5 EVALUATION ON EG03D-BENCH

In this section, we present a comprehensive evaluation of VLMs on Ego3D-Bench. We orga-
nize our experiments into 4 parts by benchmarking (1) generalist VLMs (i.e., models trained for
general vision-language tasks), (2) 3D-VLMs (i.e., models trained specifically for 3D SU), (3)
VLM, pepm+rec (i-€., generalist VLMs augmented with depth and REC tools), and (4) ablation stud-
ies. We use a fixed R1-style prompt (Guo et al., |2025) in the evaluations of all models (details in
the Appendix @) We use Grounding-Dino-Base (Research, [2023) as the REC model and Depth-
Anything-V2-Metric-Large (Contributors, |2024) as the metric depth estimator in all experiments.

Chance/Human Performance Levels. We provide frequency-based random selection as the chance
level baseline for the multi-choice questions. Furthermore, we conduct human evaluation on multi-
choice questions, where 10% of the questions from each category are randomly sampled and eval-
uated by each human annotator. Table [T presents the results of this analysis. While humans can
accurately answer the questions that require reasoning about relative location of the objects in space,
their performance degrades in questions that require estimation of the exact distance between ob-
jects. This highlights the challenging nature of accurate distance estimation.

5.1 BENCHMARKING GENERALIST VLMS

We use GPT-40 (OpenAl, [2024) and Gemini-2-Flash (DeepMind, 2023) closed-source VLMs, and
3 competitive families of open-source models: InternVL3 (et al., 2025), Qwen2.5-VL (Qwen et al.,
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2025)), and Ovis2 (Lu et al [2024) open-source models. Inference time analysis, numerical results
on more generalist VLMs, and qualitative examples are given in the Appendix and

As given in Table[I] the performance of the VLMs varies considerably across different model param-
eter sizes. Smaller models (e.g., 3B and 8B) operate near chance level, indicating limited capacity
for multi-view 3D reasoning. In contrast, larger models demonstrate substantial improvements over
the chance level, yet still exhibit a noticeable gap when compared to human level performance.
Furthermore, our proposed Ego3D-VLM provides significant improvement across all model sizes
and tasks (average 56% relative improvement in RMSE and 12% in Accuracy), underscoring the
importance of providing structured spatial representations to the model in 3D understanding tasks.

Performance Analysis. Figure [] shows the average per-
formance of 4 leading models (GPT-40, Gemini-1.5-Pro, Localization
InternVL3-78B, and Qwen2.5-VL-72B) with and without Travel
Ego3D-VLM integration across all multiple-choice QAs.

Travel time, localization, and object-centric absolute dis- w0 1%
tance are the most challenging tasks for VLMs with 40%- ...

45% average accuracy. We argue that these categories Disance
require intricate spatial reasoning and the ability to con-

struct an accurate mental map by the relative positioning

Object-Centric
Absolute

Distance

Ego-Centric
Absolute
Distance

of objects. While humans can simply build such maps and Object Centrid o
1 . . Relative bject-Centric
achieve perfect accuracy, VLMs struggle to replicate this Distance ~ Motion Reasoning
indi 1 Motion Reasonin
level of SU, 1nd1gat1ng a key area fpr further Flevelopment. e Level o S
In the absolute distance tasks, the incorporation of 3D lo-  — Chancelevel — Ego3D-VLM Mean Ego3D-VLM

cation data through the cognitive map substantially narrows

the gap between model and human level accuracy. Notably, Figure 6: Average performance of
for object-centric absolute distance, VLMs augmented with leading VLMs w/ and w/o Ego3D-
Ego3D-VLM even surpass human. This is expected, as hu- VLM vs. chance & human levels on
man estimation of 3D distances in object-centric cases is each category of Ego3D-Bench.
prone to substantial error without explicit 3D spatial info.

Conversely, in the localization task, VLMs continue to fall short of human proficiency, even with
cognitive map support.

Blind VLM Performance. This baseline evaluates how much spatial reasoning can be achieved
by VLMs using only textual input, without any visual information, relying solely on their world
knowledge (Majumdar et al.,2024)). We report the average performance of GPT-40 and Gemini-1.5-
Pro models. The blind VLMs perform 5% worse than vision-enabled VLMs (53.8% vs. 58.8%) and
16.4% better than chance level. These results are consistent with findings from prior single-view
and video-based spatial reasoning benchmarks (Cheng et al.,[2024;|Yang et al., 2024).

Blind Ego3D-VLM Performance. In this section, we run an experiment by feeding the cognitive
map to a text only LLM. Since InternVL3-8B/14B use Qwen2.5-7B/14B as their backbone LLM, we
use the same models for fair comparison. Table 2] shows that Ego3D-VLM with VLM outperforms
Ego3D-VLM with LLM since VLMs can ignore false positives in the cognitive map and remain
robust when false negatives occur, whereas LLMs suffer performance drops in those cases.

5.2 BENCHMARKING 3D-VLMs

3D-VLM models have been trained on Table 2: Blind Ego3D-VLM performance analysis.

datasets designed for 3D SU, such as ab- Only | Mult. Choice Abs. Ans.
solute distance estimation and relative lo-  Model LLM| (Acc.?) (RMSE])
cation inference. = We benchmark Spatial-  InternVL3-8B 1 27.
RGPT and two checkpoints trained with Eégggg%ﬁi:g:ztzg v e o
the Spatial-VLM framework (Chen et al. IntemVL3-14B 517 76
2024): SpaceThinker-Qwen2.5-3B (remyxai, ~ Ego3D-VLMiyemvis.iap | v ‘ 55.6 10.8
2024) and SpaceQwen2.5-3B. The Spatial- _E203D-VLMunernvis 14 68.0 8.5

RGPT (Cheng et al.,|2024)) model assumes that

specific regions of the image are annotated with bounding boxes and is trained to answer 3D ques-
tions based on these regions. To evaluate SpatialRGPT on our Ego3D-Bench, we reformat the
input: object names in the questions are replaced with placeholder labels (e.g., region-i), and a list



Published as a conference paper at ICLR 2026

of corresponding region captions is passed to the REC model to generate bounding boxes. These
estimated bounding boxes were then overlaid on the images before being fed to SpatialRGPT.

Table [3] presents the performance of the above-mentioned 3D-VLMs on our Ego3D-Bench.
SpaceThinker-Qwen2.5-3B achieves the highest overall performance, surpassing both SpatialRGPT
with 8B parameters and other generalist VLMs of similar scale. This outcome highlights the critical
role of dedicated 3D spatial pretraining and end-to-end architecture in advancing VLM capabilities
for spatial reasoning tasks. Moreover, augmenting SpaceThinker with Ego3D-VLM leads to an av-
erage improvement of 3% on multiple-choice questions and a reduction of more than 4 meters in
absolute distance RMSE, emphasizing the effectiveness of our proposed solution.

Table 3: Comparison results of 3D-VLMs and our method (Ego3D-VLM) on Ego3D-Bench.

| Accuracy (%) T | RMSE|

Ego Ob;. Ego Obj. Travel Ego Obj. Ego Ob;j.
Model Dist. Dist. Loc. Mot. Mot. Time Rel. Rel. | Avg.7| Dist. Dist. | Avg.|
SpaceQwen2.5-VL-3B 18.1 214 16.1 356 352 30.2 312 32.01(27.5 |10.6 157|13.2
SRGPT-VILA1.5-8B 457 355 39.6 43.6 458 249 508 71.7|44.7 |11.5 15.1 133
SThinker-Qwen2.5-3B 389 39.0 219 575 534 27.1 528 71.6|452 | 152 16.9]|16.0

Ego3D-VLM sthinker-Qwen2.538 | 50.6 442 264 534 57.0 42.6 547 59.8148.6 | 11.1 122|11.6

5.3 BENCHMARKING VLM, pgprusREC-

This category enhances the base VLM with a metric Table 4: Ego3D-VLM vs. generalist VLMs
depth estimator and a REC model. We pass each with REC+depth tools on Ego3D-Bench.

query to the REC model (Research, [2023) to extract Mult. Choice Abs. Ans.
BBox of the referred objects, and use a metric =~ Model (Acc. 1) (RMSE])
depth estimator (Contributors, 2024) to estimate %nternxg-gg g}%é %g%
depth values. We then construct a list that pairs E;ZSHD-VL_M “DepheREC 201 8.0
each matched referring expression with its corre-

. . . . Qwen2.5-7B 41.1 30.3
sponding BBox and estimated depth (i.e., distance  Qwen2.5-7B.pept+rec 49.4 11.8
from the ego). An example entry in this list is: _£g03D-VLM quen2s78 543 9.5

[Front-View: Detected pedestrian

with red hat at bbox [x1, yl, x2, y2], depth: =z, Back-View:...]
(examples in the Appendix [A.9). As shown in Table ] equipping the VLM with REC and depth
estimator models improves its baseline performance, highlighting the base model’s limitations in
accurately identifying objects and estimating their depths. However, even with these enhancements,
it falls short compared to our proposed Ego3D-VLM framework. This underscores the importance
of integrating depth information into a unified map representation, enabling the VLM to reason
more effectively about the 3D relationships between objects across different views.

5.4 EGO3D-VLM ON FURTHER BENCHMARKS

Our Ego3D-VLM is designed for ego-centric Tuple 5:
multi-view cases, which are particularly relevant gaonch and VSI-Bench (accuracy).

for Al agent applications. In this section, how- Model "All-Angle-Bench VSI-Bench
ever, we evaluate the performance of Ego3D- GPTdo ‘ 178 340

Comparison results on All-Angle

VLM in alternative multi-view settings, specifi- Gemini-1.5-Pro 474 45.4
cally those used in All-Angle Bench (Yeh et al, ~_Gemini-1.5-Flash 46.6 42.1
2023) and VSI-Bench (Yang et al} 2024). Table  InternVL3-8B ‘ 47.9 38.1

Ego3D-VLMnemvis-g 49.5 39.6

[5] presents the performance of Ego3D-VLM com- & e
. InternVL3-14B 50.3 38.2
pared to open- and closed-source baseline VLMs  E¢o3D-VLM eyt s 148 521 40.0

on All-Angle Bench and VSI-Bench. Despite the
differences in data settings compared to our primary benchmark, Ego3D-VLM still outperforms the
respective baselines, demonstrating its adaptability across diverse multi-view scenarios. More de-
tails are given in the Appendix[A.6

5.5 ABLATION STUDIES

Ego3D-VLM Components. Table 6] presents an ablation on Ego3D-VLM core components. Start-
ing from the baseline, vy, we incrementally add each component. In v;, we use a cognitive map
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with estimated rotation (R), translation (7"), and intrinsic parameters (/). Specifically, all cam-
eras are positioned at the coordinate center with 7' = [0, 0,0]. The front camera uses an identity
rotation matrix, while all the other cameras—front-right, right, back-right, back, etc. —are incre-
mentally rotated 45° around the Y-axis. The focal length is estimated from the images’ approximate
field of view. In v,, we use the actual K and in v; we further use actual R, and T relative to
the front camera, i.e., often available as a fixed parameter for an embodied Al agent. v; and v,
obtain a comparable RMSE, while vs is only 2.4% higher in multi-choice QAs. Thus, even with
estimated camera parameters our cognitive map can significantly boost the baseline’s performance.
v4 adds relational scaling to cognitive map which

decreases the RMSE by 2.5 meters. v4 is indeed Taple 6: Ablation on Ego3D-VLM main com-
Ego3D-VLM with all components. We provide ponents. v4: all components.

two more ablations to evaluate the upper-bound Mult. Choice Abs. Ans.
of Ego3D-VLM. vs; assumes that the list of ob- (Acc.t)  (RMSE])
jects (only their names) in the input query are v, InternVL3-8B 43.1 27.2
provided which enhances the REC results. v is ! I(;(OgMap (est. R, T, K) ggg %8?
the ground-truth cognitive map with ground-truth ~ vs + g,ilf 28.411 1 80.04
3D locations. The difference between Ve and hu- T glfgobjects ‘ 613 s
man level is only 5% showing the upper bound of ~ vsé GT CogMap 794 1.3

Ego3D-VILM.
Perception-Reasoning Disentanglement. In or- Table 7: Perception-reasoning disentanglement.
der to disentangle perception from reasoning, we ‘ GT | Mult. Choice Abs. Ans.
add the ground-truth 2D BBox for all objects to ~ _Model BBOX| (Acc.?) (RMSE])
i i - InternVL3-8B 43.1 27.2

the benchmark. This allows repeating our ex-  Intemnvi3-§8 ‘ v ‘ o) 303
periments with BBox overlaid, effectively isolat- ¢
B . . g03D-VLM1mngL3.gB 60.1 8.0
ing the reasoning and perception. As expected,  Ego3D-VLMyemvizss | v 62.2 6.8
adding GT BBox as visual prompts to the images  InternVL3-14B ‘ ‘ 51.7 17.6
will help the VLM to handle perception easier, lmegnvu'MB v Z;'g 16.2

: : : Eg03D-VLMyemvis- . 7.7
therefore improving the results. The results in Ta-  ES03p vt 1o ‘ ‘ 663 75

ble [/| show that the major limitation of baselines
is not 2D perception, but 3D perception and reasoning. More reasoning analysis on Ego3D-Bench
as well as Ego3D-VLM’s robustness in challenging conditions are given in Appendix and[A7]

Cognitive Map Format. We explore 3 different ~ Table 8: Ablation on cognitive map format.

formats for our generated cognitive map: visual, Mult. Choice Abs. Ans.
JSON, and textual. Examples of the visual and (Acc. )  (RMSE))
textual maps are shown in Figure [5] The aver- Visual Cog-Map 50.9 14.4

; JSON Cog-Map 60.0 8.4
age results are presented in Table[§] Among the Textual Cog-Map 60.1 30

three, the textual and JSON formats achieve the
best overall performance.

6 CONCLUSION AND FUTURE WORK

In this work, we proposed Ego3D—-Bench, a benchmark for spatial understanding of VLMs on ego-
centric multi-view images. Overall, the benchmark shows a significant gap between human scores
and VLMs. To address this limitation, we provided a training-free solution named Ego3D-VLM to
enhance the performance of VLMs. Future work should explore fine-tuning VLMs with ego-centric
multi-view QAs and incorporating 3D projection modules proposed in Ego3D-VLM in the course of
fine-tuning. The limitations of this work are provided in the Appendix (A.10).
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A APPENDIX

In this appendix, we present the following additional discussions and experimental results corre-
sponding to our proposed Ego3D-Bench and Ego3D-VLM:

* Code and Ego3D-Bench

* Ego3D-Bench vs. Other Benchmarks

¢ Further details on Ego3D-Bench creation and question templates

* Benchmarking the thinking of Ego3D-Bench as an Open-QA
 Results of the three source datasets: NuScenes, Waymo, and Argoverse
* Benchmarking more generalist VLMs

* Inference time analysis of Ego3D-VLM vs. other baselines

» Robustness of Ego3D-VLM in challenging conditions

* Qualitative results and prompts structure

e Limitations and future work

A.1 CODE

In order for our results to be reproducible, we share our code as supplementary materials, with
detailed instructions included in the associated README.md file. We have also included the
Ego3D-Bench in the supplementary material. However, due to size limitation, images should
be downloaded from the source datasets. Instructions to download images and models are provided
in the README.md file.

A.2 Eco3D-BeENcH VS. OTHER BENCHMARKS

As described in the main body of this paper, our proposed Ego3D-VLM is designed for ego-centric
multi-view scenarios, which are particularly relevant for Al agent applications. Ego3D-VLM is dif-
ferent from alternative multi-view settings, specifically those used in All-Angle Bench (Yeh et al.,
2025)) and VSI-Bench (Yang et al., 2024). Figure [/] illustrates the configurations of these bench-
marks in comparison to Ego3D-Bench. All-Angle Bench features stationary multi-view cameras
observing the same scene from different angles—a setup commonly used in motion capture and
surveillance systems. VSI-Bench, on the other hand, involves a single moving camera within a
static indoor environment, typically used for static scene reconstruction and SU. In contrast, our
Ego3D-Bench assumes multiple cameras mounted on a moving ego agent, capturing the surround-
ing environment—a configuration suited for Al agent applications such as robotics and autonomous
driving.

All-Angle Bench VSI-Bench Ego3D-Bench
1
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Figure 7: Settings of multi-view/video spatial understanding benchmarks for VLMs.
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A.3 Eco3D-BeENcH: FURTHER DETAILS

In this section, we provide the templates used to create questions of the benchmark. Figure [8|shows
templates used to create each category of Ego3D-Bench. We replace <objl>, <obj2>, and
<ob3j3> in the templates with object descriptions. <viewl>, <view2>, and <view3> are re-
placed with the camera views from which the object is visible (e.g., Front-Right, Left, etc.). The
placeholder <direction> in motion reasoning tasks is substituted with one of the four cardi-
nal directions—"north”, “east”, west”, or ”south”—and this process is repeated until all directions
have been used. The placeholder <Y> is for motion reasoning tasks and is replaced with a number
between 2 to 5 meters. <X1>, <X2>, <X3>, and <X4> serve as placeholders for multiple-choice
options in absolute distance estimation tasks. One of these options is replaced with the ground-truth
distance, while the remaining are filled with randomly generated values, ensuring that the distance
between any two options is at least 8 meters.

A.4 BENCHMARKING THE THINKING OF EGo3D-BENCH AS AN OPEN-QA

All our question-answer pairs include a ”thinking” step in open-ended format. In this section, we
generate ”GT thinking” for further open-ended type evaluation. To this end, we used the GT cog-
nitive maps along with GPT-40 to generate the reasoning for two categories that require numerical
answers: Ego-Centric / Object-Centric Absolute Distance (in meters). Table [9] shows that Ego3D-
VLM thinking is better than the baselines.

Table 9: Benchmarking the thinking of VLMs on Ego3D-Bench as an open-ended category. The
GT thinking is generated using GT cognitive maps along with GPT-4o.

‘ Thinking of Obj. Abs. Dist. Thinking of Ego Abs. Dist.

GPT-40 Score (0-10)1 GPT-40 Score (0-10)1
InternVL3-8B ‘ 1.9 2.0
Eg03D—VLM InternVL3-8B 4.7 5.2
InternVL3-14B 2.3 2.4
EgO3D-VLM InternVL3-14B 5.7 5.0
InternVL3-38B 2.1 2.5
EgO3D—VLM InternVL3-38B 7.1 3.7
InternVL3-78B ‘ 2.1 1.7
EgO3D—VLM InternVL3-78B 7.0 6.8

A.5 BENCHMARKING GENERALIST VLMS: FURTHER RESULTS

In the main paper, we reported results for InternVL3, Qwen2.5-VL, and Ovis-2 as representa-
tive open-source models, as they are, to the best of our knowledge, the current SOTA among
open-source VLMs. Table [I0] extends this comparison by including additional generalist VLMs
on Ego3D-Bench, such as Gemini-1.5-Flash (DeepMind, [2023), Gemini-2-Flash (DeepMind),
2023)), Gemini-2.5-Flash (DeepMind| 2023)), Phi-3.5 (et al.,|2024), LLaVA-One-Vision-7B (Li et al.,
2024al), LLaVA-Next-Video-7B (Zhang et al., |2024b), and DeepSeek-VL2 (Wu et al.| 2024c).
We observe that LLaVA-One-Vision, Phi-3.5, and DeepSeek-VL2 underperform compared to In-
ternVL3 and Qwen2.5-VL models of similar size. For instance, InternVL3-8B achieves an accuracy
of 43%, while LLaVA-One-Vision-7B achieves 38.7%. Likewise, Phi-3.5 (3.8B) attains an accuracy
of 40.3%, compared to 41% from Ovis-2 (4B).

A.6 INFERENCE TIME ANALYSIS

Table [[T] shows the inference time analysis of Ego3D-VLM compared to baseline models. We re-
port End-to-End Latency (E2E Lat.) in seconds and Peak Memory in GB. For the E2E Lat., we
measure the average end-to-end inference of models on 50 samples of Ego3D-Bench and for the
peak memory we report the peak memory usage during inference on the same samples. Experi-
ments are performed using flash-attention-2. The memory and latency overhead of Ego3D-VLM
over InternVL3-78B is 0.6% and 31% , respectively. The main reason for the latency overhead is
that the model reasons more when cognitive map is provided in the Ego3D-VLM. In order to make
the inference more efficient and deal with the latency overhead of the VLMs, post-training tech-
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U Travel Time:

How much time does it take to move from the location of <objl> in <viewl> directly
towards the location of <obj2> in the <view2> with the speed of {V} m/s?

A.Less than 5 seconds B.5-10 seconds C. 10-20 seconds D. More than 20 seconds

ULocalization:

- Typel:
The front-view corresponds to the north direction. If I stand at the location of
<objl> in the <viewl> facing north, is the <obj2> to my left, right, front, or
back?
A.Front B. Back C. Right D. Left

- Type2:
The front-view corresponds to the north direction. Assume <objl> in the <viewl> is
facing north. From the perspective of <objl> in the <viewl>, where is <obj2> in
the <view2> located?
A. Front B. Back C. Right D. Left

U Ego Motion Reasoning:

The front view corresponds to the north direction. If the ego car moves <Y> meters
{direction} while all other objects remain stationary, does the ego car get closer to
the <objl> in the <viewl>?

A. Yes B. No

Qobject Motion Reasoning:

The front view corresponds to the north direction. If the <objl> in the <viewl> moves
<Y> meters <direction> while all other objects remain stationary, does the <objl> in
the <view-1> get closer to the <obj2> in the <view2>?

A. Yes B. No

Qobject-Centric Relative Distance:

Which one is closer to <objl> in the <viewl>, <obj2> in the <view2> or <obj3> in the
<view3>?

A. <obj2> B. <obj3>

U Ego-Centric Relative Distance:
Is <objl> in the <viewl> closer to the ego car than <obj2> in the <view2>?
A. Yes B. No

QO Ego-Centric Absolute Distance (Meter):
How far, in meters, is <objl> in the <viewl> from the ego car?

U object-Centric Absolute Distance (Meter):
How far, in meters, is <objl> in the <viewl> from <obj2> in the <view2>?

O Ego-Centric Absolute Distance (Multi-choice):
How far, in meters, is <objl> in the <viewl> from the ego car?
A. <X1> meters B. <X2> meters C. <X3> meters D. <X4> meters

Uobject-Centric Absolute Distance (Multi-Choice):
How far, in meters, is <objl> in the <viewl> from <obj2> in the <view2>?
A. <X1> meters B. <X2> meters C. <X3> meters D. <X4> meters

Figure 8: Templates used to create questions of Ego3D-Bench.

niques such as quantization (Gholami et al.| [2025)), token pruning (Alvar et al.| [2025)), or knowledge
distillation (Gholami et al., [2024a)) can be used.

A.7 ROBUSTNESS OF Ego3D-VLM IN CHALLENGING CONDITIONS

To isolate tool performance, we included an ablation with ground-truth cognitive maps in the main
body of the paper (Table[6), which improve the results from 60.1% to 79.4% accuracy. This confirms
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Table 10: Results of further generalist VLMs on Ego3D-Bench.

| Accuracy (%) 1 | RMSE]|
‘Ego Obj. Ego Obj. Travel Ego Obj.‘ Ego Obj.
Model Dist. Dist. Loc. Mot. Mot. Time Rel. Rel. | Avg.1 Dist. Dist. | Avg.]
Gemini
Gemini-1.5 Flash 404 269 505 70.1 61.8 28.0 53.6 75.6]50.9 |10.8 31.0(20.9
Gemini-2-Flash 433 38.6 54.1 58.0 39.3 29.1 47.1 68.5(47.2 | 109 29.4 |20.1
Gemini-2.5-Flash 413 25.6 65.1 934 848 20.1 635 68.5/57.8 |11.4 19.6 |15.5
Phi
Phi3.5 | 28.3 30.8 242 59.6 559 213 453 56.7|40.3 |22.8 49.4 |36.1
LLaVA Family
LLaVA- Next Video-7B | 30.2 26.6 422 60.8 58.0 483 55.1 73.5 ‘49.3 ‘195 22.8 ‘21.2
LLaVA-OV-7B 235 22.1 584 563 525 179 59.0 20.0(38.7 | 17.8 19.3|18.5
DeepSeek Family
DeepSeek-VL2-tiny 347 29.0 199 60.0 593 46.6 57.8 65.0|46.5 | 14.0 18.7 |16.3
DeepSeek-VL2-Small | 18.1 19.2 28.6 50.3 55.6 374 505 59.3(39.9 |12.7 14.7 |13.7
DeepSeek-VL2 223 253 324 600 59.1 214 56.7 62.0[424 |20.3 17.4|18.8

Table 11: Inference time and memory usage of Ego3D-VLM compared to the baselines.

E2E Lat. Memory H E2E Lat. Memory
(sec) (GB) (sec) (GB)
InternVL3-8B 5.2 18.1 InternVL3-38B 16.9 80.0
Eg03D'VLMImemVL3—SB 8.6 26.5 Eg03D'VLM[mcrnVL3—3SB 19.1 84.6

InternVL3-14B 15.5 33.1 H InternVL3-78B 35.0 161.7
Eg03D-VLM1mCI«n\/L3_14B 16.4 40.2 Eg03D'VLM[mcmVLBJSB 46.9 162.4

that, there is still a gap between the accuracy of such imperfect tools and ground-truth REC/depth.
However, compared to the baseline, our solution still achieves more robust results even in chal-
lenging conditions such as low brightness, motion blur, and occlusion. To support this claim, we
simulated these conditions and re-ran more specific experiments shown in the Table[T2]

Although G-DINO and Depth-Anything used in Ego3D-VLM are among the best tools for REC and
depth estimation, our solution is orthogonal to any such tools, and has no limitation in this regard.

Table 12: Robustness of external tools in scenarios involving occlusion, motion blur, and low light.

Mult. Choice Abs. Ans.
(Acc. 1) (RMSEJ)

InternVL3-8B 43.1 27.2
EgO3D—VLM InternVL3-8B 60.1 8.0
InternVL3-8B [60% Darkness] 41.1 29.8
Ego3D-VLM inemvis-ss [60% Darkness] 59.6 10.6
InternVL3-8B [Motion Blur, 15x1 kernel] 42.5 28.5
Ego3D-VLM ineemvis-s8 [motlon blur, 15x1 kernel] 57.9 9.9
InternVL3-8B [30% Occlusion] 42.0 28.9
Ego3D-VLM meemvis-sg [30% Occlusion] 58.7 10.7

A.8 RESULTS OF DIFFERENT SOURCE DATASETS

Table T3] presents the results for different source dataset splits used to create Ego3D-Bench. De-
spite the varying number of camera viewpoints across the three datasets, the performance deviations
are minimal. This consistency underscores the reliability of Ego3D-Bench as a benchmark, in-
dicating that model performance is not heavily influenced by the specific choice of source data—a
desirable property for robust and fair benchmark design.

A.9 QUALITATIVE RESULTS AND PROMPTS STRUCTURE
Figures[T0}20|demonstrate example responses of InternVL3-78B and Ego3D-VLM yemvi.3-7s5 on all

categories of Ego3D-Bench. As seen, Ego3D-Bench enhances the spatial reasoning ability of
the baseline by providing the textual cognitive map.
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Table 13: Results on samples of Ego3D-Bench generated from each of the source datasets.

NuScenes Waymo Argoverse
AccT RMSE] | AccT RMSE] | Acct RMSE|

Closed-source Models

PT-40 609 21.2 | 60.0 19.0 | 594 17.1
Ego3D-VLM cpr.40 73.5 8.5 73.1 7.5 72.7 6.2
Gemini-1.5-Pro 593 264 ‘ 55.6 12.7 ‘ 57.5 19.5
Ego3D-VLM Gemini-1.5-pr0 | 77.1 8.1 68.9 6.3 73.0 7.1

Qvg&%&??lgy 39.7 334 |38.6 315 |389 312
Ego3D-VLM quen>538 ‘ 447 130 ‘ 403 121 ‘ 481 126
Qwen2.5-7B 409 36.0 |40.6 247 |41.6 30.1
Ego3D-VIM qyen2s572 | 564 11.3 | 51.9 8.3 54.4 8.7

wen2.5-32B 56.6 17.5 | 56.0 11.0 | 592 18.7

g03D-VLM oyen2s5308 | 643 171 | 648 10.6 | 64.0 12.1
Qwen2.5-72B 582 212 | 577 11.1 582 162
Ego3D-VIM qyen25-18 | 74.4 8.5 64.4 6.4 69.5 7.6

InternVL3 Family
InternVL3-8B 423 283 | 440 217 |429 315
Eg03D-VLM InternVL3-8B 62.0 10.5 57.1 6.5 61.3 6.7
InternVL3-14B 51.7 204 | 50.2 158 | 53.3 16.6
Eg03D-VLM InternVL3-14B ‘ 69.0 8.8 ‘ 63.7 7.5 ‘ 67.0 6.3
InternVL3-38B 512 314 | 505 194 | 534 254
Eg03D-VLM InternVL3-38B 71.7 8.7 64.3 8.2 67.0 6.3
InternVL3-78B ‘ 60.0 16.7 ‘ 59.7 10.7 ‘ 60.1 13.7
Eg03D-VLM InternVL3-78B 76.5 8.3 67.0 6.5 71.0 7.5

Ovis2 Family
Ovis2-4B ‘ 412 292 ‘ 430 18.1 ‘ 409 225
Eg03D-VLM Ovis2-4B 47.3 9.8 47.5 7.1 49.7 8.3
Ovis2-8B 415 214 | 419 207 |41.0 20.2
Eg03D-VLM Ovis2-8B ‘ 55.6 9.4 ‘ 55.1 6.8 ‘ 57.9 7.0
Ovis2-16B 486 162 455 119 |468 129
Eg03D-VLM Ovis2-16B 62.6 8.5 57.9 7.15 62.2 6.5

A.10 LIMITATIONS AND FUTURE WORK

This work has several limitations that need further investigation. Ego3D-VLM does not improve the
innate visual spatial reasoning of VLMs, but rather proposes a framework that augments VLMs with
structured 3D information. Future work, should consider end-to-end training of Ego3D-VLM using
reinforcement learning [Rezaei et al. (2026)); |Shao et al.| (2024) to enhance the spatial perception
capability of VLMs. The proposed Ego3D-VLM relies on the reasoning capabilities of the underly-
ing vision-language models (VLMs). Consequently, for models with limited reasoning ability (e.g.,
VILA1.5-8B), we observe little to no improvement when combined with Ego3D-VLM. In this work,
we did not address spatial reasoning tasks in conjunction with temporal understanding. Future work
should extend the proposed method to incorporate the temporal dimension |Cannons et al.| (2025).

Additionally, the REC models used in our pipeline provide 2D bounding box locations for all ex-
pressions in the prompt. This results in redundant information within the cognitive maps, which
may confuse or mislead the VLMs. Our ablation studies demonstrated that when the list of objects
mentioned in the prompt is known in advance, the RMSE improves by approximately 1.5 meters.

Another limitation lies in the accuracy of metric depth estimation in outdoor environments. To miti-
gate this, we proposed a relational scaling approach based on common-sense object sizes. However,
this method is inherently approximate and not fully reliable. Future work should aim to address
these issues by enhancing the depth understanding of VLMs or by improving metric depth estima-
tion in outdoor settings. Better integration of spatial reasoning and scene geometry into VLMs could
further improve performance in complex 3D environments. Another major limitation in spatial rea-
soning datasets and benchmarks is the availability of ground-truth 3D. Previous work has shown the
effectiveness of neural radiance fields in generating photo-realistic 3D data|Gholami et al.| (2024b).
Future work should investigate this direction for extending spatial reasoning dataset without having
ground-truth 3D annotations.
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A.11 VSI-BENCH’S COGNITIVE MAP VS. EGO3D-VLM:

VSI-Bench uses the VLM itself to estimate a cognitive-map and then passes the generated cognitive-
map to the VLM in a second call. However, we use external tools to create the map which leverages
higher accuracy in depth estimation and 2D localization of objects. Moreover, creating the cogmap
by external tools is faster than calling the VLM twice. In order to quantitatively evaluate, the method
in VSI-Bench and Ego3D-VLM, we use VSI-Bench method to create cognitive map and compare
its results with Ego3D-VLM (Table[T4).

Table 14: Cognitive Map of VSI-Bench vs. Ego3D-VLM
‘ InternVL3-8B InternVL3—8BVSI.COgMap Il’lteI‘IlVL3—8BEg03D.VLM
Acuracy | 43.1 61.6 47.0

A.12 FURTHER DETAILS OF THE DATASET

Ego3D-Bench annotations were conducted internally by trained researchers within our organiza-
tion who are experienced in 3D perception, autonomous driving, and dataset curation. No external
crowd workers were used. In total, the annotation process required 112 human-hours. All annota-
tors were compensated according to their standard full-time employment contracts; no task-based
or performance-based payment structure was used. Since the annotators were internal researchers
rather than external contractors, no additional compensation scheme applied.

Figure [0] shows the distribution of objects in our benchmark. The captioning process was inten-
tionally designed not to rely on rigid linguistic or structural templates. Instead, annotators were in-
structed to produce concise, factual descriptions that focus on object identity, 3D spatial attributes,
and scene-relevant properties (e.g., “a white sedan parked on the right lane” or “a pedestrian cross-
ing in front of the ego vehicle”). This flexible guideline ensures that captions remain natural while
still being compatible with downstream VLM training.
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Figure 9: Distribution of objects in Ego3D-Bench.

To maintain objectivity, reliability, and neutrality, we incorporated the following quality-control
steps:

1. Clear annotation guidelines: Annotators were instructed to avoid subjective judgments
(e.g., “dangerous driver,” “reckless pedestrian”), emotional language, or speculative con-
tent. Only directly observable attributes (category, appearance, relative position, size) were

allowed.
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2. Structured attribute checklist (soft template): Although no fixed sentence template was
enforced, annotators followed a checklist covering below items which acted as a soft tem-
plate, improving consistency without forcing unnatural phrasing:

* Object category

 Color/shape if visible

* 3D relation to the ego car (left/right/front/back, distance tier)
* Action or state (parked, moving, turning, standing still)

A.13 MULTI-VIEW IMAGE VS. CONCATENATED IMAGES

For generality purposes we used the default setting of passing each view point separately in the
main body. In this section we concatenate multi-views into a single image. Table [A.12]shows that
concatenating multi-views enhances the results of both baseline and our method. We hypothesis that
concatenating images reduces the number of vision tokens that enhances models performance.

Multiple Images Concatenate Images
InternVL3-8B InternVL3-8Bggosp-vim | InternVL3-8B  InternVL3-8Bggo3p-vim
Acuracy | 43.1 60.1 \ 47.0 65.8

A.14 TEXTUAL VS. VISUAL COGNITIVE MAP

Ablation in the main body shows that textual cognitive map outperforms visual cognitive map. We
hypothesis that the textual format outperforms the visual format because of the following two rea-
sons. 1) Converting 3D information to image domain and then decoding the information back to
textual domain using visual encoders (e.g., siglip) poses errors. However, converting information
directly to textual format is lossless. 2) The information density in the textual format is higher than
the visual format. In order to quantitatively evaluate this, we have pruned the cogmap tokens and
evaluated the performance drop. Table below shows that with the same level of pruning, textual
cogmap results in higher performance drop. This result, showcase that the information density in
the textual cogmap is higher than visual cogmap. Here the relative accuracy drop is defined as
(ACCego3d-vim — ACCpruned ) / (ACCego3d-vim — ACChaseline)- It means that the relative accuracy drop in 0%
pruning is zero for both methods and in 100% pruning results in 100% relative accuracy drop for
both methods.

Relative Accuracy Drop
CogMap Pruning | Textual-CogMap Visual-CogMap

0% 0.0 0.0
10% 30.2 0.0
20% 31.0 5.3
30% 57.5 323

A.15 ANALYSIS OF ERROR PROPAGATION IN RELATIONAL SCALING

Estimating the relational scaling that was proposed in the main body is prone to errors specifically
in the case of partial visibility of objects (e.g. pedestrians), non-upright poses, motion blur, etc. We
provide an error propagation analysis showing how variations in scale estimation affect downstream
results.

Theoretical Analysis of Scale Sensitivity to 2D Bounding-Box Errors: Let /i denote the measured
bounding-box height in pixels, z the representative object depth, f, the vertical focal length, and H
the assumed real-world object height. Using the pinhole model, the camera-space vertical extent of
the object is

hz
Aysp = —.
fy
To enforce a metric height of H, we estimate the global scale s via
H
S Ay3D =H = S = ﬁ .
hz
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The sensitivity of s to small perturbations in the pixel height A follows from

0s _ Hfy
oh ~ h2z’
so a small error 6h induces the first-order scale error
Hf
bs =|—=—2Y6h|
y h2z

If we plug the typical values f, = 1000 px, H = 1.7m, bbox height & = 200 px, and the depth
z = 10m:

05 = 0.004 x dh
Therefore, the error in scale results the following error in calculating the 3D positions:

FE =s x Pglobal = (0004 X 5h)pglobal

Therefore, 10% errors in the bounding box (i.e., 6h = 20px), results in £ = 0.08pgiopar. It means
that for objects let’s say 10 meters far from ego the distance error will be 0.08 x 10 = 0.8m and for
objects 20 meters far from the ego the error will be 1.6m.

Empirical Analysis of Scale Sensitivity to 2D Bounding-Box Errors: We now perform an em-
pirical analysis by adding errors in 2D bounding box detections and calculate the final accuracy of
InernVL3-8Bggo3p.vim on Ego3D-Bench. At each scale the error was randomely applied to be +dh
or +0h (e.g., +10% or —10%):

Scaling bbox error | Accuracy

InternVL3-8B - | 43.1
IntemVL3-8B5g03D_VLM X - 58.4
InternVL3—8BEg03D_VLM v + 0% 60.1
v + 10% 59.9
v + 20% 57.6
v + 30% 55.4

A.16 STATEMENT ON LLMS ASSISTANCE
We declare that some portions of this document have been lightly refined using Large Language

Models (e.g., ChatGPT) to enhance clarity and polish. All substantive content and ideas remain
entirely our own.
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Ego-Centric Absolute Distance (Meter)

rPrompt: These are five camera views mounted on an ego car.

IFront view: <image>

IFr‘ont Left view: <image>

Left view: <image>

IFront Right view: <image>

IRight view: <image>

1

JHow far, in meters, is pedestrian in black jacket with white bag in the left view from the ego car?

1

jOutput the thinking process in <think> </think> and final answer (number only) in <answer> </answer>
tags.
)

InternVL3-78B Ego3D-VLM,,ernvi3-788
L w e ) e |
<think> I" <think> I
First, I need to determine the distance of | To determine how far the pedestrian in the black jacket |
the pedestrian in the black jacket with a | with a white bag is from the ego car in the left view, |
white bag from the ego car in the left I' we need to consider the 3D location tensor provided for
lview. The image shows a city street with il that view. The tensor for the left view is [-11, 2, -3]J
Imultiple pedestrians and vehicles. The |
I pedestrian in question is walking on the  |The ego car is at the origin [6, @, ©]. The distance 1
I sidewalk, and the ego car is positioned at I from the ego car to the pedestrian can be calculated 1
| the intersection. I|using the Euclidean distance formula in 3D space: 1
| 1 [ \\text{Distance} = \\sqrt{x"2 + y"2 + z72} \\] 1
To estimate the distance, I can use the | |
perspective and relative size of the ||Substituting the values from the tensor: I
objects in the image. The pedestrian I'\\[ \\text{Distance} = \\sqrt{(-11)"2 + 272 + (-3)72} I
appears to be a few steps away from the ||\\] "
edge'of the s%dewalk{ anq thg ego car is at||\\[ \\text{Distance} = \\sqrt{121 + 4 + 9} \\]
the intersection, which is likely a few |I\\[ \\text{Distance} = \\sqrt{134} \\] 1
Imeters ahead of the pedestrian. Considering|l \\[ \\text{Distance} \\approx 11.58 \\text{ meters} W !
I typical city sidewalk widths and the 1 1
I apparent distance between the pedestrian  |so, the pedestrian in the black jacket with a white bag |
land the intersection, the estimated | is approximately 11.58 meters away from the ego car in |
| distance is approximately 5 meters.</think>|lthe left view.</think> 1
1
1

| [::l
I_<answer->5</answer'> )(

|
I_<answer‘>11.58</answer~> D‘/

Figure 10: Example responses of the baseline and Ego3D-VLM on ego-centric absolute distance
task.
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Object-Centric Absolute Distance (Meter)

;Brompt: These are five camera views mounted on an ego car.

Front view: <image>

Front Left view: <image>
Left view: <image>

Front Right view: <image>
IRight view: <image>

IHow far, in meters, is the postal delivery truck in the front left view from the silver sedan car
Jturning right in the front right view?

|Output the thinking process in <think> </think> and final answer (number only) in <answer> </answer>
tags.
|

Right View [ B |

InternVL3-78B Ego3D-VLM,ternvi3.788
i ———— —— e e e T -y
1k

<think>

M hinks ~
To determine the distance between the postal 1' To determine the distance between the postal
delivery truck in the front left view and the silver|lgelivery truck in the front left view and the

I sedan car turning right in the front right view, we ;lsilver sedan car turning right in the front
I need to consider the layout of the intersection and ||right view, we need to analyze their

is turning right from the opposite side, they 1 (6)22} \\]

are roughly across the intersection from each | \\[ \\text{Distance} = \\sqrt{324 + 1 + 36}
other. 1'\\]

Using the Pythagorean theorem for a rough ||\\[ \\text{Distance} \\sqrt{361} \\]
estimate, if each side of the intersection is | I\\[ \\text{Distance} = 19 \\]

1

1

1

1

about 10 meters, the diagonal distance would be |
approximately \\( \\sqrt{1e”2 + 1072} = j| Therefore, the distance between the postal 1
1

1

1

1

1

1
1
1
1
I the positions of the vehicles. ||respective 3D locations. 1
| 1 1
| 1.**Identify Positions**: I|1.**Postal Delivery Truck in Front Left 1
| - The postal delivery truck is on the left side of'l View: ** 1
I the intersection, near the curb. |I - 3D location: \\([-4, @, 2]\\)\n\n2. |
{ - The silver sedan is in the middle of the || **Silver Sedan Car in Front Right View:**
i 1ntersectlon, turnlvg rlght. } II - 3D location: \\([14, 1, 8]\\) |
2. **Estimate Intersection Dimensions**: 1
I~ 1ypical city intersections can vary, but a 1'We can calculate the Euclidean distance !
I common width for a city street is about 10-12 |lpetween these two points using the formula: |
1 meters. 1" \\[ \\text{Distance} = \\sqrt{(x_2 - x_1)"2 +1
I - Assuming the intersection is roughly square and ||(y_2 -y 1)72 + (z_2 - z_1)"2} \\] 1
| each lane is about 3 meters wide, the diagonal 1 1
1 distance across the intersection can be | Plugging in the coordinates: 1
1 estimated. I|\\[ \\text{Distance} = \\sqrt{(14 - (-4))"2 +|
| 3. **Calculate Distance**: ||(1 - 0)"2 + (8 - 2)"2} \\] 1
|- If the truck is near the left curb and the sedanll\\[ \\text{Distance} = \\sqrt{(18)"2 + (1)~2 H
|
|
|
|
|
|
|

\\sqrt{200} \\approx 14.14 \\) meters. I|delivery truck and the silver sedan car is 19

| | meters.</think>
| Given these assumptions, the distance between the 1

| two vehicles is approximately 14 meters.\n</think> |

1 x ||<answer>19</answer> |‘/|
<answer>14</answer> 1

i T | & o e e e e e e e e o 1

Figure 11: Example responses of the baseline and Ego3D-VLM on object-centric absolute distance
task.
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Ego-Centric Absolute Distance (Multi-Choice)

|Prompt: These are five camera views mounted on an ego car.
|Front view: <image>

Front Left view: <image>

Left view: <image>

Front Right view: <image>

IRight view: <image>

IHow far is car in motion in the left view from the ego car?

IA.33 meters

IB.3 meters

1C.13 meters

|D.21 meters

jOutput the thinking process in <think> </think> and final answer (only the letter of the choice) in

“ Front View Front-Right View

InternVL3-78B _ — _ _ _ Ego3D-ViM\yerizges _ _ o
F EhinG T T e ‘
IOkay, let's see. The left view shows a car in motion. I ! !1o determine the distance of the car in
need to figure out how far this car is from the ego I Tnotion from the ego car in the left view,
lcar. The options are A. 33 meters, B. 3 meters, C. 13 I we need to analyze the 3D location tensor

1
I
I meters, and D. 21 meters. Iprovided: “[-12., 2., -3.] . !
]
1
]

|
|
I First, I should consider the perspective of the left 11
| camera. Since it's mounted on the ego car, the distance | | 1. **Understanding the Coordinates**:
| to the car in the left view would be measured from the | |- The x-coordinate (-12) indicates the
jego car's position. The car in the left view appears tol | horizontal position relative to the egol
|be on the same road, moving in the same direction but 1 car. Negative x means the car is to the]
in a different lane. I left of the ego car. 1
Looking at the image, the car is not very close to the - The y-coordinate (2) indicates the
ego car. It's ahead and to the left. If I estimate ! vertical position, which is not
based on typical lane widths and the apparent size of 1 directly relevant for the distance
I the car, it might be a few meters away. However, the 1 calculation in this context.
loptions don't have a very close distance except for B. | |- The z-coordinate (-3) indicates the
I3 meters, which seems too close. The car doesn't look | position along the road. Negative z
I like it's right next to the ego car. | means the car is behind the ego car.
| 2. **Calculating the Distance**:
| Option C. 13 meters seems plausible. It's a moderate : - The distance irom the ego car can be
|distance, not too far but not extremely close. Option | calculated using the Euclidean distance
ID’ 21 meters is also possible, but it might be a bit |
too far considering the car is still visible in the
left view. Option A. 33 meters seems too far because !
the car is clearly visible and not just a small dot in |
the distance. I
1
1
|
|
|
|
|
|
]

1
1
1
1
1
1
1
1
1
1
I 3D:\n \\[\n \\text{Distance} = |
\\sgrt{x"2 + y~2 + z*2}\n \\] 1
- Plugging in the 1
values:\n \\[\n \\text{DistanceI

} = \\sgrt{(-12)"2 + 272 + (-3)"2} =
\\sqrt{144 + 4 + 9} = \\sqrt{157} !
\\approx 12.53 \\text{ I
meters}\n \\] !
3. **Matching with Options**: 1
- The closest option to 12.53 meters is |
C. 13 meters.\n</think> |
1
1

I considering the typical speed and the visibility, 13

I meters might be a reasonable estimate. But I'm not

| entirely sure. Maybe 21 meters is more accurate if the
| car is further ahead. However, based on the image, the
| car doesn't appear to be that far. I think 13 meters is
| @ better fit.\n</think>

! ]
\n<answer>C</answer>

L

|
|
|
|
|
|
|
|
|
|
|
| formula in
|
|
|
|
|
|
|
1
1
1
|

Figure 12: Example responses of the baseline and Ego3D-VLM on multi-choice ego-centric absolute
distance task.
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Object-Centric Absolute Distance (Multi-Choice)

|Prompt: These are five camera views mounted on an ego car. F
|Front view: <image>
Front Left view: <image>
Left view: <image>
Front Right view: <image>
IRight view: <image>

lHow far is car in motion in the front left view from car in motion in the left view?
IA.19 meters
IB.29 meters
1C.3 meters
ID.11 meters

1
1
1
1
1
1
1
1
1
1
[Output the thinking process in <think> </think> and final answer (only the letter of the choice) in :

Front-Right View

——————— . Intemvi3788_ _ _ __ _ _ _ _ _ _ — — — _F903D VM erwiszes_ _ _ "2
1 1 <think> )
I To determine the distance between the car in motion in the 1 | To determine the distance between the
I front left view and the car in motion in the left view, I ] ltwo cars, we need to calculate the
I need to consider the positions and relative distances of | | Euclidean distance between their 3D
| these vehicles as observed from the ego car's perspective. \ | coordinates.
|
: | 1. **Front Left View Car Coordinates**:
\\([-8, 1, 12]\\)
2. **Left View Car Coordinates**:
\\(['12, 2) '3]\\)

|
| 1. **Identify the Positions**: The car in the front left
| view is ahead and slightly to the left of the ego car,
while the car in the left view is directly to the left ofl
the ego car. |I
|
| IThe Euclidean distance formula in 3D
I'is:
\\[ \\text{Distance} = \\sqrt{(x_2 -
X_1)"2 + (y_2 - y_1)*2 + (z_2 -
z_1)"2} \\]

5, **Estimate Distances**:

I The car in the front left view is likely further away

I from the ego car compared to the car directly in the lefty |

I view. 1!

I - The car in the left view is closer to the ego car, as it 1 1

| is directly adjacent. 1!

I3. **Compare the Options**: | 1Plugging in the coordinates:

| - Option A (19 meters) and Option B (29 meters) suggest 1 \\[ \\text{Distance} = \\sqrt{((-12)

1 significant distances, which might be too far for typicalI |- (-8))72 + (2 - 1)72 + ((-3) -

I urban or highway scenarios where vehicles are closer. I 12)~2} \\J\n\\[ \\text{Distance} =

I I \\sart{(-4)"2 + (1)"2 + (-15)"2} \\],

1 I \\[ \\text{Distance} = \\sqrt{16 + 1I

| |
|
|
|

- Option C (3 meters) is very close, which might be too
near for comfort in most driving situations.

- Option D (11 meters) seems a reasonable distance for + 225} \\]
vehicles in adjacent lanes or positions, especially if \\[ \\text{Distance} = \\sqrt{242} !
I they are moving in the same direction. \\] 1

\\[ \\text{Distance} \\approx 15.556!
I vehicles in traffic and the relative positions described, \\text{ meters} \\] 1
| Option D (11 meters) appears to be the most plausible
| distance between the car in motion in the front left view | Since 15.556 meters is closest to 19

|

|
jand the car in motion in the left view.\n</think> |meters, the answer is A.\n</think>

|

|

| | j ! |\/|
<answer>D</answer> ’<' <answer>A</answer>

e T T 3 R i S —

1
|
|
|
|
I 4. **Conclusion**: Given the typical spacing between 1
|
11
|
|
|

Figure 13: Example responses of the baseline and Ego3D-VLM on multi-choice object-centric ab-
solute distance task.
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————— — — — _ _ _ _Object-Centric Motion Reasoning_ _
T’r‘ompt: These are five camera views mounted on an ego car. |
Front view: <image> 1
Front Left view: <image> 1
Left view: <image> |
Front Right view: <image> |
IRight view: <image> 1
' |

|
|
|
|
|

IThe front view corresponds to the north direction. If the minivan with skull sticker in the front
Iview moves 2 meters east while all other objects remain stationary, does the minivan with skull
|sticker in the front view get closer to the two people walking in the front left view? A. Yes B. No

1
|Output the thinking process in <think> </think> and final answer (only the letter of the choice
l) in <answer> </answer> tags.

——— e e e R R e e e e e e R

L i"_i :I. Front View - — i i
it ol =1 _
Thie. T A i R'g‘htv.‘ew;_,

‘:,E: A o

InternVL3-78B

FcrEnB_ - 1] <think> 1
1. The front view shows |,1.Understanding the Coordinates: 1
I the minivan facing 1 - The ego car is at the origin [0, @, 0]. 1
I north. 1 - Positive x means right, negative x means left. I
2.Moving 2 meters east ! - Positive z means in front, negative z means behind. I
I means the minivan 12, Initial Positions:

I moves to the right I - Minivan with skull sticker in the front view: [1, 1, 5]. I
I from the front view I - Two people in the front left view: [-19, 4, 8]. 1
I perspective. 113, **Movement of the Minivan:** 1
13.The front left view Il - The minivan moves 2 meters east, which means adding 2 to the x- |
| shows two people 1 coordinate. |
| walking near the I} - New position of the minivan: [1 + 2, 1, 5] = [3, 1, 5]. 1
| corner of the street. |j4. **Comparing Positions:** 1
I4.Moving east from the | - Original x-coordinate of the minivan: 1. 1
I front view would bringl - New x-coordinate of the minivan: 3. 1
I the minivan closer to - x-coordinate of the two people: -19. !

the intersection and 5. **Distance Analysis:**

I the area where the 'cwoII - Initially, the minivan was at x = 1, and the people were at x =-19. !
1 people are walking in I - After moving, the minivan is at x = 3. !
I the front left view. I - The distance between the minivan and the people in the x-direction 1
15. Therefore, the minivanl 1 increases from 20 units (1 - (-19)) to 22 units (3 - (-19)). I
] would get closer to I16. **Conclusion:** 1
| the two people. I} - The minivan moves further away from the two people in the x- 1
| </think> ’( 1y direction.\n</think> \/ 1
L‘Tsier_"’i“_/a“_s"‘ﬁ”_g_l Lanswer>No</answer> _ _ _C'_ ___________________ 1

Figure 14: Example responses of the baseline and Ego3D-VLM on object-centric motion reasoning
task.
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m—me—— — — — — - _Eg0-Centric Motion Reasoning _ _
;Brompt: These are five camera views mounted on an ego car.
Front view: <image>
Front Left view: <image>
Left view: <image>
Front Right view: <image>
Right view: <image>

IThe front view corresponds to the north direction. If the ego car moves 5 meters north while all
lother objects remain stationary, does the ego car get closer to the black car in left turn lane in
Jthe front left view?

|
jOutput the thinking process in <think> </think> and final answer (yes or no) in <answer> </answer>

Left View =

—"

InternVL3-78B Ego3D-VLM,icravi3.788

fhine =~~~ T T T T T T T T T T ke T T T T T T T T T T T
70 determine if the ego car gets closer 1o determine if the ego car gets closer to the black car inl
I'to the black car in the left turn lane Ithe left turn lane when it moves 5 meters north, we need tol
lwhen it moves 5 meters north, we need lanalyze the relative positions of the ego car and the blackl

I to analyze the relative positions of I car in the front left view. 1
I the ego car and the black car in the 1
| front left view. I} 1. **Current Position Analysis**:

] 1. **Current Position Analysis**:
1 - The ego car is positioned in the
I front center of the image.

- The black car is in the left turn
: lane, slightly to the left of the

1 - The ego car is at the origin [0, 0, 0].
- The black car in the left turn lane is visible in
the front left view.

2. **Movement of the Ego Car**:

1 €go car. - Moving 5 meters north means the ego car will move
2. **Movement Analysis**: along the positive z-axis (since positive z means
I - If the ego car moves 5 meters in front of the ego car).

north, it will shift its position
further north along the road.

- The black car remains stationary in
the left turn lane.

1

| 3. **Relative Position Change**:
1

1

| 3. **Relative Position Change**:
1

1

1

1

1

1

- If the ego car moves north, it will be moving
towards the front of the scene.

The black car in the left turn lane is located in
front of the ego car in the front left view, which
means it is in the positive z direction relative to
the ego car's initial position.

- Moving north means the ego car will|]
move away from the left side of the|
road where the black car is 1
located.

- Therefore, the distance between the
ego car and the black car will
increase as the ego car moves

1 north.
I Based on this analysis, moving north
jwill not bring the ego car closer to

4. **Conclusion**:
- Since the black car is in front of the ego car and
moving north will bring the ego car closer to this
front direction, the ego car will indeed get closer

1
1
1
: to the black car in the left turn lane.

| the black car; instead, it will move I Therefore, the ego car will get closer to the black car in
|further away. ||the left turn lane when it moves 5 meters north.
I I, </think>

<answer>no</answer> |’<i |I<answer>yes</answer> l\’f

Figure 15: Example responses of the baseline and Ego3D-VLM on ego-centric motion reasoning
task.
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Travel Time (Ego-Centric)

IPrompt: These are five camera views mounted on an ego car.
|[Front view: <image> !
|Front Left view: <image> 1
Left view: <image> 1
Front Right view: <image> 1
IRight view: <image> 1
1
IHow much time does it take to move from the location of the ego car directly towards the location of |
orange and green delivery truck in the front view with the speed of 2 m/s? 1
IA. Less than 3 seconds I
IB. 3-5 seconds I
IC. 5-10 seconds
ID. More than 10 seconds :
1
1

|
jOutput the thinking process in <think> </think> and final answer (only the letter of the choice) in
Ganswer> </answer> tags.

InternVL3-78B Ego3D-VLMermvi3-788
__.__________________-1—_._____--------______I
| <think> ; . . | <think>

To determine the time it takes for the ego car to 7o determine the time it takes for the ego car tol
jreach the location of the orange and green i move from its current location directly towards
delivery truck, we need to estimate the distance the orange and green delivery truck in the front
Ibetween the two vehicles. view, we need to calculate the distance between |

I the ego car and the truck and then use the given |
1, **Estimate the distance**: In the front view, ||speed to find the time.

I the ego car is directly behind the delivery 1l
I truck. The distance appears to be roughly the |lfrom the front view, the truck is directly in
length of one lane, which is typically around 5-j] front of the ego car. The 3D location of the

|

| 6 meters. | truck is given as tensor([1., 1., 10.]). Assuming

|2.f*Ca}cu1ate the time*f: The speed of the ego €an|the ego car's 3D location is [0, @, @], the

| 1is given as 2 m/s. Using the formula \\( distance in the z-direction (which is the forward!

1 \\text{time} = ) Ildirection) is 10 units.\n\nGiven the speed of the

i \\frac{\\text{distance}}{\\text{speed}} \\): ego car is 2 m/s, we can calculate the time usingl

. \\[\n  \\text{time} = \\frac{5 \\text{ s cmmies |
meters}}{2 \\text{ m/s}} = 2.5 \\text{ 1 |

I seconds}\n \\] Il Time = Distance / Speed 1

! . . L Il Time = 1@ units / 2 m/s = 5 seconds 1
I This time falls within the range of 2-3 seconds, || Therefore, it takes 5-1@ seconds to move from they

Iwhich is closest to option B (3-5 seconds). Il location of the ego car directly towards the I
| 11 location of the orange and green delivery
| Therefore, the correct answer is B.\n</think> 11 truck.</think> 1

|
' Xj I l
I_<ansvn:er>B</answet"> <answer>C</answer>

e e e e e e = J| 2T S P = ]

Figure 16: Example responses of the baseline and Ego3D-VLM on travel time (ego-centric) task.
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Travel Time (Object-Centric)

IPrompt: These are five camera views mounted on an ego car.
IFront view: <image>

|Front Left view: <image>

jLeft view: <image>

Front Right view: <image>

IRight view: <image>

IHow much time does it take to move from the location of the white delivery van in the front view

1
1
1
1
1
1
1
directly towards to the location of the pedestrian standing in brown jacket in the right view with |
lthe speed of 2 m/s? I
IA. Less than 3 seconds
IB. 3-5 seconds I
IC. 5-10 seconds !
ID. More than 10 seconds :
1
1

|
jOutput the thinking process in <think> </think> and final answer (only the letter of the choice) in
l.<answer'> </answer> tag

LeftView ; : e
- My =

I<think>s- — ~ ~ -~ -~ - " T T T T T Yrhinee . T T T TT T T T T |

I To determine the time it takes to move from | |To determine the time it takes for the ego car to move
I the location of the white delivery van in | from the location of the white delivery van in the
| the front view to the location of the | 1 front view to the location of the pedestrian in the

| pedestrian in the right view, we need to j [right view, we need to calculate the distance between
estimate the distance between these two | these two points and then use the given speed of 2

Ipoints and then use the given speed of 2 1 m/s.

m/s. 11

! 1 I1.**Identify the 3D locations:**

|

|

|

|

1. *xEstimate the distance:** I - White delivery van in the front view: [15, 2, 20]
- The front view shows the van at an I - Pedestrian in the right view: [8, 2, 3]

intersection. 12. **Calculate the distance between the two points:**

- The right view shows the pedestrian on || - The x-coordinate difference: |15 - 8| = 7 meters

the sidewalk near a building.

- Visually, the distance appears to be
roughly the length of a city block,
which is typically around 100 meters.

2. **Calculate the time:**
- Using the formula: time = distance/speed
- Distance = 100 meters + 289) = \u221a338 \u2248 18.38 meters

| - The z-coordinate difference: |20 - 3| = 17 meters
|
|
|
|
11
- Speed = 2 m/s 114, **calculate the time:**
11
1
1
|
|
|

|

1

1

1

1

1

1

1

1

|

1

| 1
1 - The y-coordinate difference is @, so it does not |
1 affect the distance. 1
\ 3. **Use the Pythagorean theorem to find the 1
distance:** 1

1 - Distance = \u221a(7\u@@b2 + 17\u@@b2) = \u22la(49 |
1

1

1

1

1

1

1

1

- Time = 100 meters / 2 m/s = 50 seconds - Time = Distance / Speed = 18.38 meters / 2 m/s ~=
- Given the options, 50 seconds falls intoj 9.19 seconds

| the \"More than 10 seconds\" category. 1
| Therefore, the correct answer is

Since 9.19 seconds falls within the range of 5-10
seconds, the correct answer is C.\n</think>

I<answer>c</answer> |\/f

| D.\n</think>

1
1

' EY
<answer>D</answer> x JI

Figure 17: Example responses of the baseline and Ego3D-VLM on travel time (object-centric) task.
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Object-Centric Relative Distance

Front view: <image> :
Front Left view: <image> |
Left view: <image>

Front Right view: <image> !
IRight view: <image> :
|

IWhich one is closer to cyclist riding in the street in the front view? 1
IA. ego car 1
I1B. three pedestrian in the left view |
jOutput the thinking process in <think> </think> and final answer (only the letter of the choice) in |
I<answer> </answer> tags. 1

FEG T =TT m- - === R 7 e e e s R ;
To determine which is closer to the cyclist in | '7o determine which is closer to the cyclist in the
the front view, we need to compare the front view, we need to compare the positions of the

ldistances of the ego car and the three lego car and the three pedestrians in the left view

I pedestrians in the left view from the cyclist. Ilrelative to the cyclist.
| i
]1. **Ego Car**: The cyclist is in front of the | | 1. **Ego Car Position**: The ego car is at the

| ego car, and they appear to be in the same 1| origin [0, @, 0].
lane, indicating that the ego car is I|2. **Cyclist Position**: The cyclist is in the
directly behind the cyclist. 1| front view, which means they are in front of the

2. **Three Pedestrians in the Left View**: The | ego car along the positive z-axis.
three pedestrians are on the sidewalk in the; '3, **pedestrians Position**: The three pedestrians
left view, which is a different perspective | ,in the left view are located at [-17, 4, 4]. This

from the front view. They are not in the means they are to the left and slightly in front of
same lane as the cyclist and appear to be the ego car.
further away in terms of street distance. |

1 I Since the cyclist is directly in front of the ego

IGiven these observations, the ego car is closerl | car and the pedestrians are to the left and not

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
I to the cyclist than the three pedestrians in ljdirectly in the same path as the cyclist, the ego |
1
1
1

| the left view.\n</think> I'jcar is closer to the cyclist than the pedestrians
1 D I | are.</think>
I\n<answer>A</answer> \’, 1 Lfanswer>A</answer> [\’T

Figure 18: Example responses of the baseline and Ego3D-VLM on object-centric relative distance
task.
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Front view: <image>
Front Left view: <image>
Left view: <image>
Ieront Right view: <image>
|Right view: <image>

IIs the white car next to garbage bin in the front view closer to the ego car than the blue car
Iparked in the front right view?

1

jOutput the thinking process in <think> </think> and final answer (yes or no) in <answer> </answer>
tags.
== e

Front View

InternVL3-78B

(<thinks — — ~ T T T T T T T T T T T T T T T T T T T T T thinks
To determine if the white car next to the garbage bin in the I} To determine if the white car

Ifront view is closer to the ego car than the blue car parked in Ij next to the garbage bin in the
Ithe front right view, we need to compare their positions relative| front view is closer to the ego
Ito the ego car. Ilcar than the blue car parked in
1. **Front View Analysis**: the front right view, we need to

—— =

| Xj t
<answer>Yes</answer>

L s AN & o o L o e e e e e e — -~ T

- The white car is parked on the right side of the street. compare their z-coordinates. The |
I - 1t is positioned near a blue garbage bin and a black trash I z-coordinate indicates the |
1 bin. I distance from the ego car, with al
I - The garbage truck is on the left side of the street, |Ihigher z-value meaning further |
1 indicating the ego car is facing forward. 1] away. 1
]2. **Front Right View Analysis**: I I
| - The blue car is parked in front of a house with a beige I} - The white car in the front viewI
I garage door. | has a z-coordinate of 9. I
| The house numbers and the positioning suggest this is furtherj, - The blue car in the front rightI
I down the street compared to the white car. I view has a z-coordinate of 3.

3. **Relative Positioning**: I 1
I _ In the front view, the white car is directly visible and I'since 3 (blue car) is less than 9l
1 appears closer to the ego car. I(white car), the blue car is |
I - In the front right view, the blue car is visible but appears Ilcloser to the ego car than the 1
1 to be further down the street. Iwhite car.\n</think> 1
I Based on these observations, the white car in the front view is ] 1
] closer to the ego car than the blue car in the front right I} <answer>No</answer> [SZ{ 1
| view.\n</think> I 1

|
]

Figure 19: Example responses of the baseline and Ego3D-VLM on ego-centric relative distance task.
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Localization

|Prompt: These are five camera views mounted on an ego car.
[Front view: <image>

IFront Left view: <image>

Left view: <image>

Front Right view: <image>

:Right view: <image>

Ithe left view facing north, is the ego car to my left, right, front, or back?
IA. Front

IB. Back
IC. Right
ID. Left

1
1
1
|
1
1
IThe front-view corresponds to the north direction. If I stand at the location of green parked car in |
1
1
1
1
1
1

jOutput the thinking process in <think> </think> and final answer (only the letter of the choice) in
I_:answer-> </answer> tags.

_InternV13.788 _

PTG T T T T T T e St .
I 7o determine the position of the ego car relative to the 1. The front-view is aligned with the |
|green parked car, let's analyze the camera views: north direction.

12. The left view shows the green
I1.**Front View**: Shows the parking lot with the building on Iy parked

1
I the right and the parking area on the left. Il car and the ego car's position
12. **Left View**: Shows the parking lot with the green car |ljrelative to it. !
| prominently visible. I} 3. The ego car is located at [0, O, 1
| 3. **Front Left View**: Shows more of the parking lot and thelle], and the green parked car is at [-]
| Breen car from a different angle. 1;3, 1, -0] relative to the ego car. I
I4. **Front Right View**: Focuses on the building entrance. 1, 4. If facing north from the green |

5. **Right View**: Shows the entrance with a banner. |, Parked car, the ego car would be to |
! the right because the x-coordinate of
the green car is negative, indicatingl
it is to the left of the ego car.

l1f you are standing at the location of the green parked car

| facing north (towards the building), the ego car would be in I

I the parking area to your left, as seen from the left and I5. Therefore, the ego car is to the
| front left views. IIright of the green parked car when
| Therefore, the ego car is to your left.</think> ||facing north.\n</think>

]
]
|
|<answer>D</answer>|)<1 I} <answer>C</answer> l\/f 1
]

Figure 20: Example responses of the baseline and Ego3D-VLM on localization task.
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