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Abstract

We introduce ARGOS, the first benchmark and frame-
work that reformulates multi-camera person search as
an interactive reasoning problem requiring an agent to
plan, question, and eliminate candidates under infor-
mation asymmetry. An ARGOS agent receives a vague
witness statement and must decide what to ask, when to
invoke spatial or temporal tools, and how to interpret
ambiguous responses, all within a limited turn budget.
Reasoning is grounded in a Spatio-Temporal Topology
Graph (STTG) encoding camera connectivity and empir-
ically validated transition times. The benchmark com-
prises 2,691 tasks across 14 real-world scenarios in three
progressive tracks: semantic perception (Who), spatial
reasoning (Where), and temporal reasoning (When). Ex-
periments with four LLM backbones show the benchmark
is far from solved (best TWS: 0.383 on Track 2, 0.590 on
Track 3), and ablations confirm that removing domain-
specific tools drops accuracy by up to 49.6 percentage
points.

1. Introduction

Identifying a target person across a multi-camera net-
work is a fundamental requirement in surveillance, yet
existing approaches remain limited. Traditional per-
son re-identification [20, 25, 26] relies on clear visual
queries, while text-based [18, 23] and interactive meth-
ods [4, 8, 10, 11, 13, 15] use appearance descriptions
alone. None of these formulations equip the system with
the ability to actively plan questions or leverage spatial
and temporal cues— information that witnesses routinely
provide in real-world scenarios (e.g., “I saw them in the
warehouse, then near the lobby a few minutes later”).
Recent spatial reasoning benchmarks [5, 7, 22] and agent
evaluation frameworks [12, 24] remain limited to single-
image or general-purpose settings, leaving interactive
spatial-temporal reasoning over camera networks unad-
dressed.

We introduce ARGOS (Agentic Retrieval with
Grounded Observational Search), a benchmark and agent
framework that formulates person search as an active
spatio-temporal reasoning problem. The agent con-
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Figure 1. Overview. Left: An ARGOS agent in-
teracts with an ambiguous witness through multi-turn
dialogue, combining appearance, spatial, and tempo-
ral queries.  Right: The four-module agent architec-
ture (Analyst—Planner—Interviewer— Interpreter) forms an
observe-think-act loop over the evaluation environment.

ducts multi-turn dialogue with a witness, invokes tools

grounded in a physically validated Spatio-Temporal

Topology Graph (STTG), and eliminates candidates

whose movements are infeasible—combining multi-

modal interaction, spatial grounding, and temporal rea-
soning in a single evaluation protocol.
Our contributions are:

* We define interactive multi-camera person search, a
task at the intersection of multi-turn witness interaction
and spatio-temporal reasoning over camera networks.

¢ We construct the ARGOS benchmark (2,691 tasks,
14 scenarios, 3 progressive tracks) with Turn-Weighted
Success (TWS) as the primary metric, jointly measur-
ing correctness and turn efficiency.

* We introduce the STTG, a directed weighted graph en-
coding camera connectivity and transition-time statis-
tics that serves as both the structural backbone for task
construction and the agent’s grounding tool for spatial-
temporal reasoning.

* We provide a strong baseline agent with a four-
module pipeline and eight tools, demonstrating that
tool-augmented agentic interaction substantially out-
performs direct LLM inference.

2. The ARGOS Benchmark

Problem formulation. An agent 7 receives an initial
witness statement about a target g* in a gallery G and en-
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Figure 2. Left: STTG for a 16-camera factory environment.
Nodes are grouped into zones by OVERLAP connectivity. Edge
types: OVERLAP (blue), SOFT_ADJ (orange), TRAVEL (gray);
labels show median transition time. Right: 3D camera layout
with sample imagery.

gages in multi-turn dialogue with a witness simulator V.
At each turn the agent selects an action— 1) asking about
visual attributes, 2) querying spatial location, or 3) invok-
ing temporal reasoning—and receives a natural-language
response. The agent accesses an STTG 7 encoding cam-
era connectivity and transition-time statistics. A task is
solved when the agent identifies the unique target within
a limited turn budget.

Spatio-Temporal Topology Graph. The STTG is
a directed weighted graph 7 = (V, E) where each
node represents a camera with a zone label and sub-
area description. Each edge e;; carries a type \;; €
{OVERLAP, SOFT_ADJ, TRAVEL} and transition-time
statistics (£min, tmed, fmax, 70) computed from observed
movements. OVERLAP edges connect cameras with
shared fields of view; their connected components define
zones. TRAVEL edges cover longer transitions with em-
pirically measured times. The STTG serves two roles: the
benchmark derives ground-truth tasks from it (Tracks 2
and 3), and agents receive it as an environment represen-
tation for spatio-temporal reasoning (Fig. 2).

Three tracks. ARGOS consists of 2,691 tasks across
14 scenarios, organized into three progressive tracks shar-
ing the same gallery of 1,273 persons observed by 16
synchronized cameras in two environments (factory and
campus). Each person is annotated with 24 visual at-
tributes extracted via vision-language models [16].

Track 1: Who (989 tasks) tests semantic perception.
The agent receives a completed multi-turn dialogue and
must extract attributes to filter the gallery.

Track 2: Where (550 tasks) tests spatial reasoning.
The witness reports a sighting in a multi-camera zone;
the agent resolves the specific sub-area through spatial
questions and attribute queries (oracle avg. 2.02 turns).

Track 3: When (1,152 tasks) tests temporal reasoning.
The witness reports two sightings at different times and
locations; the agent eliminates candidates whose transi-
tions violate STTG constraints (oracle avg. 1.89 turns).

Witness simulator. ARGOS evaluation uses a deter-
ministic witness simulator V. For three observable at-
tributes (visual gender, upper clothing color, and lower
clothing color), selected for high class variation and
perceptual salience [14], W returns the ground-truth
value in varied natural-language templates. For other
attributes it responds with uncertainty; for spatial and
temporal queries it returns pre-computed responses from
the ground-truth path. This design ensures reproducibil-
ity (identical witness behavior across runs) and diagnos-
tic clarity (agent failures trace to parsing, reasoning, or
strategy, rather than witness noise).

Dataset construction. All three tracks share a two-
stage pipeline. Stage 1 generates deterministic ground
truth through algorithmic computation: information-
theoretic clue selection for Track 1, zone-based spatial
disambiguation for Track 2, and STTG-based temporal
feasibility classification for Track 3. No language model
is involved; task validity and optimal turn sequences
are computed from the attribute database, camera topol-
ogy, and trajectory records. Stage 2 wraps the structured
ground truth in natural-language dialogues via an LLM,
preventing agents from bypassing comprehension by di-
rectly matching structured labels.

3. ARGOS Agent

The ARGOS Agent is a tool-augmented LLM agent
that processes each turn through four modules (Fig. 1,
right): (1) Analyst queries the gallery and computes at-
tribute elimination power over the current candidate set;
(2) Planner decides the next action (attribute question,
spatial query, or temporal check); (3) Interviewer exe-
cutes the action via the appropriate tool; (4) Interpreter
parses the witness’s response and applies filters.

The agent leverages recent multimodal LLMs [1, 6, 9]
as backbone reasoning engines. The agent accesses eight
tools: gallery queries (T1-T2), zone structure retrieval
(T3), witness interaction (T4), temporal feasibility check-
ing via the STTG (T5), and filtering/prediction actions
(T6-T8). The same tool set serves all three tracks, but
the Planner must make qualitatively different strategic
decisions in each. A critical design property is the in-
formation boundary: the agent does not know which
attributes the witness can answer (only 3 of 21 are ob-
servable), forcing strategic decisions under uncertainty.

4. Experiments

Metrics. For Track 1 the primary metric is Top-1 Ac-
curacy. For Tracks 2 and 3 the primary metric is Turn-
Weighted Success (TWS):

N

1 T*
TWS = — i 1
N ;S max(7;, ;) )
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Table 1. Main results on Tracks 2 and 3. Best TWS per track
is bolded. Blue highlights the best value per column.

Table 3. Ablation results (GPT-40). Red marks the steepest
drop per track.

Track 2 (Spatial) Track 3 (Temporal) Track 2 Track 3
Backbone TWS Top-1 SR;@5 AvgT, TWS Top-1 SR;@5 AvgT, Agent Removed TWS Top-1 AvgTy, TWS Top-1 AvgT,
Oracle 1.000  100.0 100.0 2.05 1.000  100.0  100.0 1.88 Oracle (upper bound) 1.000 100.0 2.05 1.000  100.0 1.88
GPT-5.2 0338 73.1 33.6 704 0590 882 65.8 3.91 ARGOS Agent  (none) 0323 745 749  0.567 80.6 391
GPT-40 0323 745 31.6 749 0567 80.6 60.8 391 w/o Strategy Reasoning 0.136 476 1078 0373 769 173
GPT-5-mini  0.319 749 322 748 0.556  88.0 60.5 4.40 w/o Spatial Spatial tool 0.063  40.7 14.20 —
Cl. Sonnet4 0.383  76.0 38.4 6.71 0.548 83.6 59.5 4.25 w/o Temporal Temporal tool — 0.054 31.0 13.44
SR; @T'": success within budget T"; AvgT,: avg. turns (success only). Single-Pass Interaction — 64.7 _ _ 113 _
w/o All Tools All tools N/A — 114 —

Table 2. Track 1 results (GPT-40). LLM Direct outputs a
single ID (SR@1 =SR@5).

Agent SR@1 SR@5 Parse Acc.
Oracle 100.0 100.0 100.0
LLM ToolCall 81.1 82.3 90.8
LLM Direct 73.3 73.3 93.0
Rule-based 32.2 48.0 66.0

All values in %.

where s; € {0, 1} indicates correctness, 7; is the agent’s
turn count, and 7;° is the oracle-optimal count. TWS
follows the design principle of SPL [2] in embodied
navigation, weighting success by efficiency but replacing
path length with dialogue turns.

Setup. We evaluate across all three tracks using four
LLM backbones (GPT-5.2 [17], GPT-40 [1], GPT-5-mini,
Claude Sonnet 4 [3]) at temperature 0.0 with a 20-turn
budget. Additional metric definitions (AUC-CRR, pre-
mature prediction) and agent behavioral statistics are
provided in Sec. D.6 and Sec. D.7.

Main results. On Track 1, structured tool-calling
outperforms end-to-end LLM inference (Table 2):
LLM ToolCall achieves 81.1% SR@1, +7.8 pp over
LLM Direct (73.3%). Although LLM Direct attains
slightly higher parsing accuracy (93.0% vs. 90.8%), it
cannot recover from filtering errors.

For Tracks 2 and 3, the benchmark remains far from
solved (Table 1): the best TWS reaches 0.383 (Track 2,
Claude Sonnet 4) and 0.590 (Track 3, GPT-5.2), well
below the Oracle. No single backbone dominates both
tracks—Claude Sonnet 4 leads Track 2 but ranks last on
Track 3—indicating that spatial and temporal reasoning
stress different capabilities.

Ablation study. We ablate using GPT-40 (Table 3).

(a) Domain-specific tools are indispensable. With-
out any tool, Track 3 Top-1 collapses to 11.4%, on
par with random guessing. Removing only the track-
specific tool is equally destructive: w/o Temporal Tool
falls to 31.0% (—49.6 pp) and w/o Spatial Tool to 40.7%
(—33.8 pp), with TWS near zero.

(b) Strategic reasoning improves efficiency beyond
accuracy. On Track 3, w/o Strategy nearly matches the
full agent in Top-1 (76.9% vs. 80.6%), yet its TWS is

Track 2 (Spatial) Track 3 (Temporal)

—

2 = Oracle = Oracle
-~ ARGOS Agent -~ ARGOS Agent
- wlo Strategy - wlo Strategy

o ~#— wj/o Spatial Tool ~#— w/o Temporal Tool

3 s 10 20 3 s 10 20
Tum Budget

Cumulative Success Rate (%)

Turn Budget

Figure 3. Cumulative success rate (SR; @7") vs. turn budget
for Track 2 (left) and Track 3 (right), GPT-40. The ARGOS
Agent (blue) resolves tasks substantially faster than w/o Strat-
egy (orange). w/o Spatial/Temporal Tool (red) stays near zero.

sharply lower (0.373 vs. 0.567) because it requires twice
the turns.

(c) Agentic interaction is the only viable path.
Single-pass baselines converge near 11% Top-1 on
Track 3—a structural floor that stronger LLMs cannot
overcome; only tool-augmented multi-turn interaction
reaches 80.6%.

Failure pattern analysis. Failure patterns reveal dis-
tinct behavioral profiles across backbones. On Track 3,
GPT-4o fails primarily through premature commitment:
91% of its failures are wrong predictions, with negligi-
ble timeout (1.6%). GPT-5.2 shows the opposite profile:
46% of failures are timeouts from extended evidence
gathering, yielding fewer total errors and the highest
TWS despite higher per-task latency. These profiles sug-
gest that TWS rewards sustained disambiguation over
rapid commitment. The two tracks also probe distinct
capabilities: Track 2’s bottleneck is natural-language un-
derstanding (78.6% parse success vs. 94.2% for Track 3),
while Track 3’s bottleneck is temporal reasoning (w/o
Temporal Tool: —49.6 pp, the steepest single-component
drop). This explains the backbone crossover in Table |
and confirms that the two tracks evaluate complementary
aspects of agentic person search.

Figure 3 visualizes the efficiency advantage: at turn 5
on Track 3, the full agent reaches 60.8% success vs.
34.7% for w/o Strategy, confirming that TWS captures
a real behavioral difference beyond what Top-1 alone
reveals.
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o "I saw them in the warehouse right at the beginning, then
%@ | almost at the same time near the lobby entrance.”

v/ ARGOS Agent (w/ Temporal)

g2

* T-Clue: "warehouse - lobby, almost simultaneously”

* Known attributes: upper_color=White

 Initial candidates: 19 candidates - [16, 26, ..., 132, 133]

o (LA temporal  [19-33]

A: “Temporal check(STTG constraint check): 19 - 3 (16 eliminated) .

O color_layout [353)

Q: “What was the layout or pattern of their outfit colors? “

A: “I'm not sure about that, | didn’t get a good look."
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Q: "What color were their pants or bottoms?“

A: “Something like Black, I think."
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A: “Hmm, Not sure"

e bag, body_shape, ... [19->19]

6 Ask Attribute FEOLEY

Q: "What was the person's gender?"

[19-10]

A: “Not totally sure, but Female-ish"

9 Ask Attribute hair_color

Q: "Do you remember their hair color?"

[10->10]

A: “Not sure"

(20 turn — X Failed)
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Figure 4. Track 3: with vs. without temporal tool. A single temporal check eliminates 16 of 19 candidates by verifying spatio-
temporal transition feasibility against the STTG, demonstrating the tool’s information density.

5. Qualitative Analysis

Figure 4 shows a Track 3 case where a temporal feasi-
bility check eliminates the majority of candidates in a
single turn. The STTG encodes that the transition from
camera c05 to c08 takes 7.6-20.7 seconds; candidates
whose trajectories violate this constraint are immediately
ruled out. Without this tool, the agent is forced to rely on
attribute-based narrowing alone, exhausting its turn bud-
get without convergence. A qualitative comparison for
the spatial tool (Track 2) is provided in the supplementary
material.

6. Conclusion

We presented ARGOS, the first benchmark for interac-
tive multi-camera person search that integrates spatio-
temporal reasoning with agentic dialogue. Our exper-
iments establish that direct LLM inference is funda-
mentally insufficient: only tool-augmented interaction
grounded in the STTG achieves meaningful performance
across spatial and temporal tracks. The benchmark re-
mains far from solved, and the backbone crossover be-

tween tracks confirms that spatial and temporal reason-
ing demand distinct capabilities—offering a challeng-
ing testbed for future work on multimodal spatial intelli-
gence.

Limitations. The witness simulator is deterministic;
real witnesses exhibit memory errors and inconsistencies.
ARGOS currently covers two environments; broader val-
idation across diverse layouts is needed. The underlying
technology carries inherent surveillance risks; we empha-
size that ARGOS is evaluated on fully consented, public
datasets [21].

Future work. Promising directions include adversar-
ial witness settings where the agent must detect and
correct contradictory or misleading statements, multi-
hop STTG reasoning over indirect camera paths (cur-
rently only direct edges are used), and transferring the
ARGOS evaluation protocol to additional multi-camera
datasets with diverse architectural layouts and camera
densities.
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