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Abstract. We present 360CityArena, a benchmark for evaluating the
urban exploration capabilities of Embodied Agents within a photorealis-
tic environment constructed from 360° videos. Existing outdoor bench-
marks either lack sufficient photorealism or complexity, resulting in a
considerable gap from real-world urban environments. 360CityArena is
built on a realistic reconstruction of the Akihabara district in Tokyo,
Japan, using 602 360° video segments covering 85 streets, and consists
of 175 meticulously human-crafted tasks. It encompasses three task cat-
egories: Environment Understanding, Path Reasoning, and Spatial Rea-
soning, covering fundamental abilities required for urban exploration,
such as localization, landmark search, path planning, and relational spa-
tial reasoning, thereby enabling comprehensive evaluation in realistic
urban scenes. Our evaluation using state-of-the-art LMM-based agents
shows that even the strongest model, Gemini-2.5 Flash, performs far be-
low human level (human: 77.3% vs. Gemini-2.5 Flash: 17.1%), revealing
substantial challenges that remain in city-scale embodied navigation and
reasoning. 360City Arena provides a necessary and challenging testbed for
photorealistic urban-district navigation and spatial reasoning.

Keywords: Embodied AI - Urban Navigation Benchmark - Photoreal-
istic Virtual Environments

1 Introduction

Imagine a future where an Al assistant is a natural part of city life. It can help
you when you get lost, guide blind people to where they need to go, and provide
support whenever someone needs it. This kind of assistant would make cities
more accessible, reduce the difficulties of traveling, and help create a more in-
clusive society. One promising approach toward achieving this vision is Embod-
ied AI, which performs complex tasks based on perception of its surrounding
environment [1}8,/10,[26]. Realizing this vision will require major advances in
evaluating and testing such systems across a wide range of tasks within realistic
urban environments that capture the visual complexity of real streets.
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Fig.1: Examples in each task type in 360CityArena. (i) Environment Under-
standing tasks include Localization, Landmark Search with Language, and Landmark
Search with Image, where the agent infers its location or navigates to a specified land-
mark. (ii) Path Reasoning tasks evaluate the agent’s ability to plan and execute routes,
such as following map-based paths or vision-language navigation. (iii) Spatial Reason-
ing tasks assess relational understanding and quantitative perception, including iden-
tifying spatial relations between landmarks and counting objects in the environment.

A central problem in city exploration research is the lack of benchmarks that
evaluate agents in environments that realistically reflect wide-area navigation
in real urban spaces. Existing 3D simulators fall short in reconstructing city
scenes with sufficient photorealism and complexity [9L{12,/17,44]. Although envi-
ronments built from Google Street View provide realistic imagery [61|11}30,/49],
they lack dynamic elements and do not offer continuous, fully navigable spaces.
To address these issues, recent studies have explored converting real-world ur-
ban videos into simulation environments, enabling more realistic and interactive
experiences [45]. However, the video clips used in this method are short, making
them unsuitable for exploring extended real street networks. In parallel, recent
work studies navigation from different modalities and viewpoints, such as aerial
VLN over cities and map-only evaluation of route planning [22,[34]/46]. These
lines of work are complementary, but they still do not capture ground-level, ego-
centric city exploration in realistic street scenes with rich dynamics. To further
advance the field, we need a benchmark that covers tasks within highly realis-
tic and dynamic urban street environments, while supporting smooth egocentric
navigation.

In this paper, we propose 360CityArena, a benchmark for assessing Em-
bodied Agents in a photorealistic real-world urban district represented as an
interconnected pose graph of 360° video trajectories. 360City Arena is built upon
a Realistic Virtual World environment [41] that recreates Akihabara, a major
urban district in Tokyo, and includes 175 manually created tasks. The environ-
ment spans approximately 750 meters north—south and 650 meters east—west,
covering 85 interconnected streets. Each task is grounded in real city structures
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and landmarks, encouraging agents to perform practical, exploration-based ac-
tivities.

As shown in Figure |1} 360CityArena consists of three task types: (i) Envi-
ronment Understanding, (ii) Path Reasoning, and (iii) Spatial Reasoning. (i) En-
vironment Understanding targets visual recognition and self-localization, mea-
suring an agent’s perceptual understanding of the environment. (ii) Path Rea-
soning focuses on path planning and decision-making ability within the real
spatial layout of the environment. (iii) Spatial Reasoning evaluates geospatial
reasoning through navigation. At a finer level, the benchmark systematically
measures seven distinct capabilities. Furthermore, each task is categorized into
Easy, Medium, and Hard, making it possible to evaluate agents according to
difficulty level. Through these systematically constructed tasks, 360CityArena
enables a comprehensive assessment of an Embodied Agent’s ability to perceive,
reason, and act in real-world urban environments.

Our experiments show that state-of-the-art LMM-based agents remain far
below human performance across all tasks, especially on Map Navigation, Ob-
ject Count, and Relational Spatial Reasoning. This demonstrates both the value
of 360CityArena as a comprehensive benchmark for realistic urban settings and
the need for stronger city-scale agents. We also evaluate removing explicit self-
location information (e.g. a map). Performance does not degrade consistently
and even improves in some tasks, suggesting that the manner of providing loca-
tion priors can affect exploration strategies and failure modes, informing future
model design.

The contributions of our paper are summarized as follows:

— Proposing 360City Arena: We introduce 360CityArena, a photorealistic
urban-district benchmark built on a photorealistic Virtual World reconstruc-
tion of Tokyo’s Akihabara district from 360° videos. The benchmark pro-
vides seven task types across three categories: Environment Understanding,
Path Reasoning, and Spatial Reasoning, enabling comprehensive evaluation
of embodied agents in a realistic urban environment with an interconnected
street network. Beyond evaluation, 360CityArena also serves as a practical
guideline for constructing training data in photorealistic virtual worlds for
embodied Al.

— Benchmarking with Recent LMMs: We build embodied agents based
on several proprietary LMMs and open-source vision-language models, and
benchmark them on 360CityArena. The results reveal substantial perfor-
mance gaps compared to humans across all tasks and clear performance
degradation as task difficulty increases.

— Comprehensive Analysis: Through extensive qualitative and quantita-
tive analyses, we investigate how input modality (language versus images),
the presence of self-location information, and model- and task-specific fail-
ure patterns influence agent behavior and performance. These analyses offer
insights into the roles of visual cues and self-localization in urban embodied
tasks.
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Table 1: Comparison of urban navigation environments — realism, structural complex-
ity, dynamics, interactivity, and exploration capability.

Environment Category Pholto— btructur‘al Dynamics Interaction Dlstrlct—sFtale Motion

realism complexity exploration
EmbodiedCity [12] 3D simulator ~ Low Low Medium v v Continuous
MetaUrban [44 3D simulator  Low Medium  Medium 4 v Continuous
CARLA |9] 3D simulator ~ Low Low Low v v Continuous (clip)
Vid2Sim [45] Video-to-sim  High High Medium v X Continuous
StreetLearn [30] GSV-based High High Low X v Discrete
360CityArena (Ours) 360° video High High High X v Continuous (trajectory)

2 Related Work

Embodied Agent. An Embodied Agent is an Al system that follows language
instructions and completes tasks by perceiving the environment through camera
views and sensor information. Recent advances in LMMs have greatly improved
multimodal integration and reasoning, making them a strong foundation for
embodied agents [15}16,/24,56]. Embodied-agent research spans real robots |19}
39./52], indoor simulators [21,[37,/51], and outdoor simulators [6,[45]. While real
robots are most realistic, data collection is costly and often environment-specific,
limiting generalization. Simulation environments therefore attract attention for
their diversity and reproducibility [10]. Indoor simulators ease data collection
but have limited scale and simple layouts |37], motivating a shift toward larger,
more complex outdoor settings with dynamic elements such as pedestrians and
vehicles [30,49].

Navigation Agents in Outdoor Environments. Recent advances in simula-
tion environments have broadened embodied navigation research beyond indoor
settings [211[28[35H37.51] to large-scale outdoor environments. Outdoor naviga-
tion tasks are commonly distinguished by how the goal is specified: point-goal
navigation, where the agent is given target coordinates [25,30}/44]; image-goal
navigation, where the target is provided as a reference image |17}{18]; object-goal
navigation, where the goal is described in language (e.g. a landmark) [5}/14]; and
Vision-Language Navigation (VLN), where the agent follows natural-language
instructions [6}23,/49]. Some work instead evaluates route planning directly on
maps without embodied simulation [34},/46|/49]. In parallel, CityNav [22] stud-
ies real-world navigation from an aerial viewpoint, which is complementary but
differs from ground-level exploration with egocentric street scenes. Separately,
map understanding has been explored outside embodied navigation, including
text-based map representations for grounding LLM planning (Tag Map [54]) and
VLM benchmarks for advanced map queries (MAPWise [32]).

While point-goal, image-goal, and object-goal tasks emphasize efficient target
reaching via visual or semantic cues, VLN additionally demands higher-level rea-
soning to resolve linguistic ambiguity and landmark references. However, aerial-
VLN datasets and map-only evaluations do not jointly capture egocentric navi-
gation and urban reasoning in realistic street environments. To address this gap,
we introduce an urban-district benchmark that unifies these tasks with (i) photo-
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realistic, dynamic street-level observations, (ii) multi-task diagnostics spanning
environment understanding, path reasoning, and spatial reasoning, and (iii) con-
trolled comparisons between language- and image-goal landmark search under
matched conditions.

Real-world Simulation Environment. Prior work has explored 3D scene re-
construction, Google Street View—based environments, and 3D simulators for
building real-world simulation settings. For 3D scene reconstruction, methods
built on Neural Radiance Fields [29] and Gaussian Splatting [20] have led to nu-
merous extensions [41|47,/48,53]. Despite these advancements, most approaches
remain limited to producing static scenes and do not provide fully interactive
environments [45]. City-scale reconstructions in conventional 3D simulators can
procedurally generate diverse variations and support rich agent—environment in-
teractions, but fall short in photorealism and structural complexity [12}17)271/44].
Environments constructed from Google Street View (GSV) enable diverse and
highly realistic city-scale representations that are difficult to achieve with tradi-
tional 3D simulation [6}{11}30L{42}/49]. However, these environments from GSV do
not contain dynamic elements, and the inherent discontinuity between panora-
mas creates a gap from real-world continuous navigation [30]. To address this, a
recent effort has attempted to convert real urban videos into interactive simula-
tion environments |45]. While this approach is promising, this environment relies
on short video clips, making them unsuitable for large-scale city exploration. Tak-
enawa et al. [41] introduced a Realistic Virtual World (RVW) generated from
large collections of 360° videos, providing a photorealistic and dynamic city-scale
environment with real pedestrian and vehicle motions. We leverage this RVW to
build a benchmark for realistic, city-scale exploration by embodied agents. While
navigation within each filmed trajectory is continuous and smooth, discontinu-
ities arise at trajectory boundaries, and the environment does not support physi-
cal interaction because it is constructed from pre-recorded video. We summarize
key properties of representative real-world urban environments in Table [T}

3 The 360CityArena

We introduce 360CityArena, a novel benchmark meticulously designed to eval-
uate an agent’s ability to explore a realistic urban district across a broad range
of tasks (see Figure . The benchmark is built on a Realistic Virtual World
reconstructed from the actual Akihabara district in Japan and consists of 175
tasks organized into three major categories and seven subcategories.

We first describe the Akihabara virtual environment in Section [3.1l We then
provide detailed explanations of each task category in Section [3.2] The task con-
struction process is outlined in Section followed by the evaluation protocol
in Section 3.4l

3.1 Akihabara Virtual Environment

The environment used in 360CityArena is a Realistic Virtual World of Akihabara
constructed from 602 360° video segments over 85 streets [41]. The videos are
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Fig. 2: Example of the visual observations in 360City Arena. The agent moves
through the city while scanning its surroundings. At branching points, it must choose
a route.

projected onto a spherical surface and organized into a navigable pose graph in
Unity, enabling agents to traverse the captured area. Agents therefore navigate
along prerecorded 360° video trajectories represented as a pose graph, rather
than moving freely to arbitrary 3D positions or physically interacting with the
environment. The resulting pose graph forms a single connected component with
193 nodes and 305 edges, and has a mean branching degree of 3.16.

In terms of geographic coverage, 360CityArena spans approximately 750 m
north—south and 650 m east—west around Akihabara Station. Akihabara, origi-
nally an electronics district, has become a major commercial and cultural hub
with dense electronics and anime/game-related retail and tourist attractions.
The area features diverse streetscapes with narrow sidewalks, complex building
layouts, abundant outdoor ads, and electronic signboards, creating a visually
dense, information-rich scene. Each street is captured twice (one per direction),
reflecting direction-dependent visual changes. These characteristics make Aki-
habara well suited for evaluating embodied agents’ perception and navigation in
a realistic urban simulation.

Although 360CityArena currently includes only one city, the representation
is general. Following the Movie Map paradigm [40], similar city-scale environ-
ments can be built by geo-localizing 360° frames with GPS/SLAM and a map,
identifying intersections, and connecting snippets into a traversable pose graph.
Our city-agnostic graph augmented with 360° observations is directly compatible
with such environments.
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3.2 Task Categories

Our benchmark consists of three major categories and seven subcategories, with
examples shown in Figure [I} Each subcategory contains 25 tasks. We describe
each category in detail below.

1. Environment Understanding. This category evaluates an agent’s ability
to perceive and understand its surroundings, covering visual perception, memory,
and language-grounded scene understanding. It includes three subcategories: Lo-
calization, Landmark Search with Language (object-goal), and Landmark Search
with Image (image-goal). In Localization, the agent infers its initial position on a
5x5 grid from visual observations. Unlike GeoGuessr-style geolocalization, which
predicts broad regions from scenes 13|, our task operates at a much smaller scale
and relies on town layout and local landmarks. The two Landmark Search tasks
require navigating to a specified landmark, provided either in natural language
or as an image; aside from the input modality, they share identical settings,
enabling controlled comparison of modality effects.

2. Path Reasoning. This category evaluates an agent’s ability to plan and
explore based on spatial understanding. It measures not only the agent’s plan-
ning and decision-making abilities, but also its ability to execute those plans in
accordance with the spatial layout of the environment. The subcategories in this
task are Map Navigation and Vision-Language Navigation (VLN). Map Naviga-
tion requires the agent to choose an optimal route using map information and
navigate from a specified start point to a designated goal point. Vision-Language
Navigation requires the agent to interpret and follow multi-step natural-language
instructions and move to the target accordingly.

3. Spatial Reasoning. This category evaluates an agent’s ability to under-
stand the structural layout of objects and the positional relationships between
landmarks in the environment. It measures core spatial perception and logical
reasoning capabilities. The subcategories in this task are Relational Spatial Rea-
soning and Object Count. Relational Spatial Reasoning requires the agent to
infer relative spatial relationships between landmarks. Given a reference land-
mark and a specified relation, the agent must identify the landmark that satisfies
that relation. Object Count is a quantity-estimation task in which the agent must
accurately count the number of specified objects within a designated area.

3.3 Benchmark Construction

Our construction involves eight annotators. We assigned two annotators to each
of the seven sub-tasks. To ensure consistency in task quality across different
tasks, one of the authors was assigned to all tasks. To ensure the quality of
the benchmark, we selected annotators who had actually visited Akihabara in
person. They interacted with the environment directly in Unity and created tasks
that are verified to be solvable. The overall task construction process required
approximately 60 hours.

Each task is labeled Easy, Medium, or Hard by annotators based on distance,
instruction ambiguity, landmark visibility, and required exploration, rather than
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fixed step-count thresholds. To support these labels, task-relevant statistics show
monotonic increases from Easy to Hard: Map Navigation path length and de-
cision points are 124/247/347 m and 3.3/6.4/9.0, Object Count ground-truth
counts are 3.5/4.6/9.0, and VLN instruction steps are 4.4/5.9/7.4. Borderline
cases may still involve subjectivity.

3.4 Evaluation Protocol

We define a set of evaluation criteria to assess agent performance. Our benchmark
adopts four evaluation protocols, each designed to capture different aspects of
task success. We detail each protocol and its corresponding task categories below.
1. exact match. exact_match is applied to tasks whose outputs are explicitly
defined as numerical values (grid coordinates) or textual strings [31,55]. Under
this metric, the agent’s final textual output is evaluated, and the prediction is
considered correct only when it exactly matches the answer text. In our bench-
mark, the Localization task uses this evaluation metric.

2. fuzzy match. fuzzy_match leverages a language model (GPT-5 in our
implementation) to assess whether the output is semantically equivalent to the
ground truth [31}/55]. Importantly, the GPT-5 evaluator is fully isolated from
the agent and only compares the final output with the ground-truth answer,
preventing any information leakage. In the Relational Spatial Reasoning task, we
employed this evaluation metric and additionally performed manual verification.
The GPT-5 judge achieved 97.9% agreement with human majority votes (k =
0.937), close to the inter-annotator agreement (k = 0.984), supporting its use
for evaluation automation.

3. coordinate match. coordinate_match is used for tasks in which the agent
must output its final position after moving through the environment. The coordi-
nates are obtained directly from Unity. This metric is applied to Map Navigation,
VLN, and Landmark Search with Image / Language. For all of these tasks, the
agent’s final position is evaluated by measuring the Euclidean distance to the
target location, and the prediction is considered correct if it falls within a thresh-
old of €. For the distance threshold &, we set ¢ = 10 m for all tasks except Map
Navigation, where a larger threshold of ¢ = 20m is used to account for noise
caused by the marker’s size on the map. A threshold-sensitivity check showed
stable model rankings for 0.75x—1.5x thresholds (Kendall’s 7 > 0.89), a hu-
man—best LMM gap above 36 pp even at € = 30m, and Map Navigation changes
within +2 pp for € = 15-25 m.

4. mean_relative accuracy (MRA). MRA is a flexible evaluation metric
applied to tasks that involve numerical estimation [50]. In our benchmark, this
corresponds to the Object Count task. MRA averages the relative accuracy across
a range of confidence thresholds C = {0.5,0.55,...,0.95}:

_ 1 -yl _,_
MRA10§11< ; <1 9), (1)

where ¢ denotes the predicted value and y the ground truth.
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MRA accounts for the magnitude of error, so it provides a more appropriate
evaluation than a simple binary correct/incorrect classification.

4 Navigation Agents

4.1 Problem Formulation

The environment and agent can be modeled as a partially observable Markov
decision process (POMDP): & = (S, A, 2,T), where S represents the set of
states, A represents the set of actions, {2 represents the set of observations. The
transition function is defined as T': S x A — S, with deterministic transitions
between states conditioned on actions. At each time step ¢, the environment is in
some state s; (e.g. a specific position and viewing direction). The agent receives
a partial observation o, € {2, which consists of the visual input captured at time
t and, optionally, the current positional information shown as an image with a
marker indicating the agent’s location and orientation on the map. The agent
also maintains a memory buffer M; € M that stores important information from
previous steps up to t — 1. The agent then issues an action a; € A conditioned
on both o; and the stored memory M;, which results in a new state s;11 € S
and a new observation 0,41 € (2 from the updated viewpoint. Simultaneously,
relevant information from o; and thoughts is written to the memory, updating
it to Mt+1.

4.2 Baseline Agents

For our experiments, we evaluate multiple LMMs as baseline agents: GPT-
5 33|, Claude Sonnet 4.5 (20250929) [2], Gemini 2.5 Flash [7], Qwen2.5-VL-32B-
Instruct |3], and InternVL3.5 [43]. Among these models, GPT-5, Claude Sonnet
4.5 and Gemini-2.5 Flash are closed-source, while Qwen2.5-VL-32B-Instruct,
InternVL3.5-8B, and InternVL3.5-38B are open-source. For inference with the
open-source model, we used eight NVIDIA A100 80GB GPUs. In addition, all
tasks were executed in Unity 6000.0.30f1 (Unity 6, 2023 LTS) running on macOS.

In our setting, the action space A consists of seven discrete actions: moving
forward, tilting the viewpoint upward, tilting the viewpoint downward, rotating
the viewpoint to the right, rotating the viewpoint to the left, resetting the view-
point to align with the current heading direction, and outputting an answer. At
branching points, the action space is augmented with movement actions corre-
sponding to the available traversable directions, such as going forward, taking
the right branch, or taking the left branch.

5 Experiment

5.1 Experimental Results

Human Performance. We conducted human evaluations after obtaining ap-
proval from our institution’s Institutional Review Board (IRB). We recruited five
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Table 2: Overall Results (%). Comparison of model and human performance across
seven spatial and reasoning tasks, grouped into three major categories. Gemini-2.5
Flash achieves the highest overall performance, while the strongest model varies across
individual tasks. All LMMs still fall far short of human performance.

Environment Understanding Path Reasoning Spatial Reasoning

Loc Landmark (Lang) Landmark (Img) Map Nav. VLN Obj Count Rel Reason
GPT-5 8.0 16.0 48.0 0.0 8.0 2.4 32.0
Claude Sonnet 4.5 4.0 4.0 16.0 4.0 4.0 10.8 8.0
Gemini-2.5 Flash 12.0 28.0 36.0 0.0 8.0 24.0 12.0
Qwen2.5-VL-32B-Instruct 4.0 16.0 20.0 0.0 0.0 18.8 4.0
InternVL3.5-8B 4.0 20.0 20.0 0.0 12.0 2.8 0.0
InternVL3.5-38B 0.0 16.0 0.0 0.0 12.0 7.2 4.0
Human 68.0 64.0 92.0 92.0 88.0 45.2 92.0

[ Easy 1 Medium == Hard
Environment Understanding Path Reasoning Spatial Reasoning

Success rate (%)
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Fig. 3: Success rate by difficulty level across tasks and models (%). This graph
shows model and human performance for each task, divided into three difficulty levels:
Easy (E), Medium (M), and Hard (H).

participants, including both undergraduate and graduate students. We selected
participants who had been to Akihabara before or who visit the area regularly.
Since real-world deployment in a specific urban district can benefit from local
familiarity, we report this result as a local-expert human baseline, which serves
as an in-domain upper-bound reference rather than a generic human baseline.

As shown in Table 2] human participants achieved higher accuracy than
current LMMs. For tasks such as Map Navigation, Landmark Search with Im-
age, Vision-Language Navigation, and Relational Spatial Reasoning, humans
reached around 90% accuracy. In contrast, performance on Localization, Land-
mark Search with Language, and Object Count was more modest, at 68%, 64%,
and 45%, respectively. In Landmark Search, the task configurations for the Lan-
guage and Image variants are identical except for the input modality. The fact
that participants achieved much higher accuracy in the Image condition indi-
cates that visual inputs contain substantially richer information than textual
descriptions, including cues about appearance, location, and overall scene con-
text.

Next, our main findings are as follows:
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Table 3: Comparison with and without location information. We observe that
the performance did not improve consistently across tasks; in some cases, accuracy
decreased instead.

Environment Understanding Path Reasoning Spatial Reasoning
Loc Landmark (Lang) Landmark (Img) Map Nav. VLN  Obj Count Rel Reason

GPT-5 8.0 16.0 48.0 0.0 8.0 2.4 32.0
GPT-5 (w/o location) - 24.0 44.0 4.0 8.0 0.0 48.0

F1: LMMs perform far below human level. As shown in Table[2] all LMMs
fall far short of human performance across the benchmark. Gemini-2.5 Flash
achieves the highest overall performance among the evaluated models, while the
strongest model varies across individual tasks (e.g., GPT-5 on Landmark (Img)
and Rel Reason). These results indicate that, despite incremental progress, sub-
stantial gaps to human-level environment understanding and spatial reasoning
remain.

F2: Image-based landmark search is consistently easier than language-
based search. Across models, Landmark Search with Image generally outper-
forms Landmark Search with Text (e.g., GPT-5: 48.0 vs. 16.0; Claude: 16.0 vs.
4.0; Qwen: 20.0 vs. 16.0), suggesting that visual inputs provide concrete cues (ap-
pearance, textures, and surrounding context) that more directly support nav-
igation than abstract textual descriptions. However, this improvement is not
universal. InternVL does not show a clear gain from image inputs (8B: 20.0 vs.
20.0; 38B: 0.0 vs. 16.0), indicating limitations in effectively leveraging landmark
images. By including both image- and language-based variants, our benchmark
enables analysis of how models leverage different input modalities.

F3: Performance decreases as task difficulty increases. As shown in Fig-
ure [3] model performance generally declines with higher task difficulty. For ex-
ample, GPT-5’s accuracy in Environment Understanding drops from 28.0 — 25.0
— 18.5, and in Path Planning from 11.1 — 0.0 — 0.0 across the Easy, Medium,
and Hard settings. This demonstrates that the benchmark allows meaningful
comparison of model performance across different difficulty levels.

5.2 Analysis

Effect of Location Information. As shown in Table [3] we examined how
explicitly providing the agent with its current location affects its spatial under-
standing and reasoning abilities, and found that adding a location prior yields
inconsistent performance improvements across tasks. In Environment Under-
standing, Landmark (Language) accuracy dropped from 24.0% to 16.0%, while
Landmark (Image) showed no meaningful change (within the margin of error).
Path Reasoning tasks (Map Navigation and VLN) exhibited nearly no differ-
ence, suggesting static location information fails to aid path planning or in-
struction interpretation. In Spatial Reasoning, Object Count improved slightly,
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Fig. 4: Failure cause breakdown by task category across models (%). This fig-
ure shows the distribution of failure causes for each model across three task categories.
Failures are categorized into five types: Action, Grounding, Perception, Explore, and
Planning, and each stacked bar reports the percentage breakdown within the corre-
sponding (model, task category) setting.

but Relational Reasoning fell from 48.0% to 32.0%. These performance degra-
dations suggest agents struggle to align map-based location and relational in-
formation with real-world cues derived from visual inputs, rather than location
information being inherently unhelpful. While prior work addresses map-based
reasoning |34438,46|, the impact of the map-to-visual alignment process remains
under-examined. Future research should independently evaluate this alignment
capability and, where necessary, provide mechanisms for learning it.

Distinct Failure Patterns across Models. To better understand failure
factors for three major models (GPT-5, Gemini-2.5-Flash, and InternVL3.5-
38B), we used Gemini-3-Flash to analyze failures from viewpoint images, maps,
and thought histories, assigning each case to one of five categories—Action,
Grounding, Perception, Explore, and Planning—and then had humans verify
the label and select the single dominant cause. Action denotes low-level ac-
tion errors (e.g., overshoot, wrong action, premature answer); Grounding, self-
localization /orientation inconsistencies; Perception, object-recognition failures;
Explore, stagnation or loops; and Planning, missed instructions or requirements.
The resulting breakdown by model and task category is shown in Figure[d] These
results should be interpreted as diagnosing integrated embodied urban perfor-
mance, rather than isolating pure spatial reasoning: Action and Explore failures
indicate that current LMM agents also suffer from controller and prompting
brittleness when converting perception and reasoning into navigation decisions.

The results reveal distinct failure patterns reflecting model capabilities. First,
GPT-5 contrasts sharply with other models: it shows minimal Action failures
(12% in Environment Understanding) but dominant Explore failures (55%),
indicating effective basic execution but poor exploration strategy. Conversely,
Gemini-2.5-Flash and InternVL3.5-38B struggle primarily with Action failures
(around 40%), pointing to deficits in low-level control. Second, Perception fail-
ures surge in Spatial Reasoning across all models (reaching 38% for Gemini),
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t = 40. Look to the right.

Fig.5: Example of the agent’s views for Landmark Search with Language,
resulting in failure. The agent is instructed to search for “Jonathan”. From t = 8 to
t = 38, the gaze repeatedly moved up and down. At t = 39, the gaze briefly shifted to
the right, but from t = 41 onward, it returned to the same up-down movement.

confirming that overlooking minute visual details is fatal for spatial tasks. Fur-
thermore, Gemini displays consistent Grounding errors (15-21%) across cate-
gories, indicating persistent difficulty in aligning map data with the first-person
perspective.

Case Study of Successes and Failures. For Landmark Search tasks in which
the Language variant fails but the Image variant succeeds, we analyze individ-
ual cases using GPT-5, examining the agent’s visual observations. The example
shown here is a task in which the agent must locate Jonathan’s restaurant.

In the Landmark Search with Language failure case in Figure [ the agent
passes by Hotto Motto and hypothesizes that Jonathan is located above it,
prompting it to look upward. After failing to find the target, it shifts its gaze
right and continues scanning. As a result, the agent stays in the same location,
repeatedly changing viewpoints until the episode ends due to the step limit.

In contrast, as shown in Figure [0 in Landmark Search with Image, the tar-
get image provides cues such as its street-corner location and distinctive blue-
and-white vertical facade with a red sign. The agent therefore disregards Hotto
Motto, moves toward the major intersection, and successfully finds the target
building.
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t = 5. Go past.

|, iz
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t = 16. Spot blue and white vertical stripes. t = 29. Arrive at the destination.

Fig. 6: Example of the agent’s views for Landmark Search with Image, re-
sulting in success. The agent is instructed to search for “Jonathan” given in image
form.

6 Limitations and Future Works

Restricted Exploration and Limited Interaction. Because 360CityArena
is constructed from pre-recorded 360° videos, agents can explore only along
captured trajectories rather than move freely to arbitrary locations. As a re-
sult, transitions across trajectory boundaries may introduce discontinuities that
would not arise in fully interactive 3D simulators or in the real world. In our
logs, boundary-transition actions accounted for 11.3% of all actions and were
not overrepresented among Action or Explore failures; manual inspection also
did not reveal clear discontinuity-induced failures. Nonetheless, we argue that
situated visual navigation and spatial reasoning in a highly photorealistic urban
setting remain challenging and important for current LMM-based agents. Ex-
tending the environment to support freer exploration and richer interaction is
an important direction for future work.

Limited Urban Diversity. A limitation of the current benchmark is its restric-
tion to a single urban district, which may limit urban diversity and conclusions
regarding cross-regional generalization. However, we consider that 360City Arena
provides a uniquely photorealistic, large-scale setting that facilitates more real-
istic urban evaluations than existing benchmarks. We leave cross-regional gen-
eralization as an important direction for future work.
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7 Conclusions

We present 360CityArena, a benchmark designed to evaluate the urban ex-
ploration capabilities of Embodied Agents within photorealistic environments
constructed from 360-degree videos. Our experimental results reveal that state-
of-the-art LMM-based agents still face significant challenges in understanding
and reasoning within city environments. We believe that providing a benchmark
closer to real-world conditions will further advance the development of Embodied
Agents that are applicable to real urban settings.
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