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As AI systems increasingly integrate perception, reasoning, and action within unified interfaces, understanding their impact on
organizational oversight becomes critical. In urban governance, multimodal workflows rely on spatial data that must remain accountable
and auditable. We introduce UrAgent, a multimodal agent that structures urban reasoning into staged interpretation and execution.
By separating contextual analysis from tool-level operations and externalizing execution decisions, the system makes intermediate
steps visible and traceable. Experiments on the UrBench benchmark show improved performance in geo-localization, scene reasoning,
and object grounding, with reduced spatial inconsistencies compared to end-to-end baselines. Beyond accuracy, UrAgent enables
clearer error localization and post-hoc inspection of decision pathways. These results demonstrate how architectural design shapes
oversight, responsibility allocation, and long-term human–AI collaboration, highlighting the importance of inspectable coordination
in high-stakes domains.
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1 Introduction

Agentic AI systems are increasingly deployed in organizational environments, where they operate not as isolated tools
but as coordinated systems capable of initiating actions and invoking external resources [13, 15]. As automation shifts
from discrete tools to multi-component agentic systems, the experience of oversight and responsibility in organizations
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Fig. 1. Overview of UrAgent architecture with dual reasoning and tool invocation.

is increasingly reshaped. When multiple computational components jointly produce decisions, the locus of responsibility
and the visibility of reasoning processes become less clear and more difficult to interpret.

These challenges are especially salient in urban governance. Municipal workflows rely on multimodal data—such as
satellite imagery, street views, and textual reports—under conditions requiring accountability and reproducibility in
practice [7]. End-to-end multimodal large language models (MLLMs) achieve strong performance, yet they implicitly
merge perception, reasoning, and response generation into a single inference step [10]. As a result, spatial inconsistencies
or hallucinated attributes are difficult to attribute to specific processes, complicating oversight, calibrated reliance, and
the broader automation experience of human operators in real-world settings [5, 8].

We present UrAgent, a multimodal system based on a staged architecture that separates environment reasoning from
tool reasoning and externalizes execution decisions in practice. Rather than optimizing solely for predictive accuracy, the
design introduces explicit attribution boundaries between interpretation and action. We evaluate UrAgent on UrBench,
an existing benchmark for multimodal urban reasoning tasks. Results show consistent gains in geo-localization and
scene reasoning tasks. More importantly, the staged design exposes execution traces that support error localization and
post-hoc inspection in complex scenarios.

The main contributions can be summarized as follows:

• We introduce a staged multimodal architecture that separates perception, reasoning, and action selection for
governance-oriented applications in complex urban settings.

• We empirically demonstrate that architectural staging improves robustness and reduces spatial failure modes on
UrBench. Through controlled comparisons, we show that decomposing reasoning and tool invocation leads to
more stable performance across geo-localization and scene reasoning tasks.

• We analyze how attribution boundaries influence oversight capacity and long-term human–AI collaboration in
broader organizational contexts.
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2 Structuring Agentic Automation in Urban Governance

As shown in Figure 1, UrAgent operationalizes a multimodal large language model as a controller within a structured
reasoning-and-execution loop. The architecture consists of three stages: dual reasoning, tool invocation, and structured
response generation. The central design goal is not merely performance improvement, but the creation of explicit
attribution points within the automation process.

2.1 Dual Reasoning as Attribution Boundary

Given multimodal inputs, UrAgent first performs environment reasoning. In this stage, the model parses visual and
textual context to identify relevant environmental attributes, spatial relationships, and ambiguities. This step produces an
intermediate structured representation that externalizes interpretation before any execution decision is made. Next, tool
reasoning determines whether external tools should be invoked. By separating contextual interpretation from execution
planning, UrAgent creates a responsibility boundary between perception and action. This decomposition reduces
the conflation of semantic inference with procedural decision-making. From an automation experience perspective,
dual reasoning introduces inspectable checkpoints. Human operators can examine whether errors originate from
misinterpretation of environmental context or inappropriate tool selection. Such separation supports traceability and
calibrated reliance.

2.2 Rule-Based and Inspectable Tool Invocation

Following dual reasoning, UrAgent maps the structured representation to a tool execution plan. Unlike end-to-end
implicit coordination within foundation models, tool scheduling in UrAgent follows explicit rule-based mappings
between task types and candidate tools. Each tool invocation forms an accountability unit. For example, segmentation
tools handle instance-level perception, while detection modules support relational reasoning. If no external computation
is required, the controller defaults to internal reasoning. This design transforms implicit agent coordination into explicit,
inspectable coordination. Rather than obscuring which sub-process contributed to an outcome, UrAgent exposes the
sequence of reasoning, selection, and execution steps.

2.3 Structured Response Generation

In the final stage, tool outputs are integrated with multimodal inputs to produce a coherent response. Importantly,
responses can be traced back to specific reasoning and execution steps. This enables post-hoc inspection of whether an
answer relies on internal inference, external perception tools, or a combination of both. By preserving intermediate
representations and tool outputs, UrAgent supports retrospective auditing and reproducibility—properties that are
essential in governance-oriented automation systems.

3 Empirical Evaluation

We evaluate UrAgent on UrBench [16], an established benchmark for multimodal urban reasoning. Experimental settings
remain identical to baseline MLLMs to isolate architectural effects. Table 1 shows that UrAgent improves performance
across geo-localization, scene reasoning, and object grounding tasks. Gains are particularly evident in counting,
comparison, and spatial localization tasks. We observe fewer spatial hallucinations and cross-view inconsistencies
compared to end-to-end baselines, suggesting that staging contributes to improved failure localization. Controlled
comparisons further indicate that removing tool invocation reduces grounding accuracy, while eliminating environment
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Table 1. Results on Geo-Localization and Scene Understanding tasks with overall average scores. Bold indicates the highest, underline
indicates the second-highest, ∗ indicates no external tools are used.

Model Geo-Localization Scene Understanding Scene Reasoning Object Understanding
CR IR CL OR SR RU CO SC RBR TSR VPR OM OG OAR

Human 30.0 92.6 82.9 85.7 59.2 87.2 94.1 85.1 87.4 85.7 88.2 95.2 95.5 61.6
Random 24.8 23.9 25.1 23.2 17.7 25.7 21.4 25.3 23.9 24.2 30.6 21.8 22.1 21.5

GPT-4o [1] 79.2 85.9 35.3 30.7 65.0 66.3 40.1 79.0 79.6 68.2 77.9 28.0 46.5 50.1
Gemini-1.5-Flash [14] 69.7 25.9 25.9 24.0 57.9 71.0 29.1 67.7 77.8 75.8 69.8 22.0 39.1 40.9

LLaVA-NeXT-7B-Vicuna [10] 51.2 24.6 27.2 23.3 56.1 20.2 34.3 25.9 49.6 51.5 54.5 31.8 27.2 31.9
Mantis-LLAMA3-SigLIP [6] 67.0 32.4 27.0 27.2 59.2 44.5 27.4 52.4 67.6 41.6 57.7 25.2 34.2 38.6
InternVL2-8B [4] 50.8 26.6 31.8 25.2 53.0 52.6 43.0 51.4 74.9 54.8 62.6 30.3 32.0 41.3
LLaVA-NeXT-13B [10] 52.0 24.5 27.7 26.7 53.9 50.7 33.8 25.1 54.0 52.1 52.3 31.8 34.8 26.3
VILA-1.5-13B [9] 62.7 33.7 28.6 24.1 47.7 43.9 23.9 48.6 66.3 43.8 46.4 25.8 32.3 38.2
InternVL2-26B [4] 61.3 23.0 32.3 24.7 65.0 41.1 30.1 52.6 77.9 63.8 71.2 26.1 37.3 48.4
LLaVA-NeXT-34B [10] 58.4 26.0 28.5 27.8 58.3 49.0 21.6 53.9 65.6 59.3 56.8 28.7 40.5 24.1
VILA-1.5-40B [9] 70.1 62.5 36.8 27.9 53.6 51.7 32.1 66.7 76.4 55.5 61.3 34.1 48.3 39.5
Ours(GPT-4o) ∗79.5 93.7 53.9 46.3 ∗72.1 ∗64.9 67.2 83.1 77.3 69.0 81.6 56.1 78.1 63.4
Ours(GPT-4o mini) ∗71.3 86.3 47.1 42.3 ∗63.2 ∗61.4 58.3 77.6 74.3 64.2 73.9 44.2 65.2 57.1

reasoning decreases cross-view localization performance (see Figure 2). Beyond accuracy, the staged design enables
clear error attribution. Incorrect outputs can be traced to either contextual interpretation or tool limitations, improving
failure visibility in multi-component workflows.

4 Implications for Automation Experience

UrAgent serves as a case study for how architectural design shapes automation experience in organizations. Be-
yond model accuracy, it shows how decomposition influences transparency, responsibility, and long-term human–AI
collaboration. This concern resonates with levels-of-automation theory, which argues that increasing autonomy with-
out transparency can undermine operator control and situational awareness [12]. It also aligns with socio-technical
perspectives emphasizing that technical architectures reshape organizational responsibility structures [3].

4.1 Architectural Attribution in Multi-Component Systems

A core challenge in agentic automation is attribution: whenmultiple components contribute to an outcome, responsibility
becomes unclear. In governance workflows—such as infrastructure inspection or environmental assessment—decisions
must remain auditable and reproducible. By separating environment reasoning from tool reasoning, UrAgent establishes
explicit attribution boundaries between contextual interpretation and procedural execution. Each tool invocation
becomes an accountability unit rather than an implicit computation. This design aligns with calls for inspectable AI
coordination over opaque end-to-end inference [2]. Rather than exposing raw internal states, it organizes visibility
around key decision checkpoints, reducing ambiguity in multi-component automation.

4.2 Calibrated Human Agency in Agentic Workflows

Automation research highlights risks of over-reliance and automation bias when systems lack interpretability [8]. In
urban governance, where decisions affect public resources, maintaining meaningful human agency is essential. UrAgent
introduces intervention points within the reasoning pipeline. Operators can inspect intermediate representations,

4



First, locate the 
building in 

bounding box 3 on 
the satellite image 

and extract its visual 
and spatial features. 
Then, analyze the 
panoramic street 
view to identify 

matching 
landmarks, building 

facades, and ...

What are the
coordinates of ... in
bounding box of the

satellite image on
the panoramic street

view image?

Which image
contains the most

vehicles?

This task requires 
identifying the 

number of vehicles 
in each image. I can 
use the Grounding 

DINO visual 
language model…

Grounding DINO

 C
MLLM

D
UrAgent

First, identify key 
landmarks and 

distinctive features 
in both the street 
view and satellite 
images. Check the 

street view’s 
orientation and the 
relative layout of 
roads, buildings, 

and other ...

 

MLLM

MLLM UrAgent

Python

A

B

C

D

2

3 4

1

In which quadrant of
the satellite imagery
was this Street View
imagery captured?

B D 
MLLM

[1428, 493,
1842, 643]

[390, 420,
751, 551]UrAgent

Fig. 2. Comparison between an end-to-end multimodal baseline and UrAgent.

reassess tool selections, or re-execute perception stages when outputs conflict with domain knowledge. This shifts
automation from full delegation to calibrated delegation, supporting appropriate reliance instead of blind trust [5].
Architectural structuring thus distributes authority while preserving oversight.

4.3 Sustaining Expertise in Long-Term Human–AI Collaboration

Long-term use of agentic systems raises concerns about deskilling. When reasoning collapses into opaque outputs,
operators may disengage from interpretive processes. By externalizing intermediate reasoning and preserving spa-
tial inference steps, UrAgent promotes co-reasoning rather than cognitive offloading. Analysts remain engaged in
interpreting environmental attributes and relational constraints, maintaining domain understanding while benefiting
from computational support. Designing agentic systems that preserve interpretive visibility may therefore support
sustainable organizational integration of AI technologies, echoing human-centered design principles that emphasize
visibility of system state [11].

5 Conclusion

This paper presents UrAgent as a structured approach to agentic automation in urban governance. Beyond performance
gains, it shows how reasoning decomposition and tool-level attribution support transparency and calibrated human
agency. By reframing multimodal agents as structured pipelines rather than monolithic predictors, this work contributes
to discussions on automation experience, accountability in multi-component AI systems, and sustainable human–AI
collaboration. It highlights that architectural structuring is not only a technical choice but also a design intervention
shaping how humans experience and govern agentic AI systems.
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