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Abstract

Scenario mining retrieves events of interest from au-
tonomous vehicle fleet logs via natural-language descrip-
tions, supporting downstream tasks such as safety valida-
tion, world model training, and synthetic data generation.
This task spans diverse spatial, temporal, and visual condi-
tions that demand both scale and accuracy. To this end,
we present Argonaut, an agentic scenario mining work-
flow that pairs scalable rule-based geometric matching with
fine-grained vision-language understanding. Argonaut out-
performs both official baselines across all metrics on the
validation and test sets of the CVPR 2026 Argoverse 2 Sce-
nario Mining Competition.

1. Introduction

Autonomous vehicle fleets continuously generate large vol-
umes of driving data, yet the most valuable events, such as
safety-critical and long-tail scenarios, are inherently rare.
Scenario mining addresses this by retrieving targeted events
from fleet logs via natural-language descriptions, enabling
downstream tasks such as safety validation, world model
training, and synthetic data generation at scale. Manual an-
notation cannot keep pace with fleet-sized data volumes,
motivating LLM- and VLM-based methods for automated
retrieval, though precisely and reliably localizing scenes
that match a given description remains an open challenge.

To advance research in this direction, the CVPR 2026
Argoverse 2 Scenario Mining Challenge [6] pairs natural-
language descriptions with driving logs for spatial and
temporal localization. Its official baseline in 2025, Re-
fAV [1], employs LLM coding agents to write scenario-
matching functions from these descriptions, operating over
Le3DE2E [5] perception tracker outputs and map data.
While this avoids expensive manual annotation, uncon-
strained code generation yields inconsistent implementa-
tions across similar descriptions and is difficult to audit or
verify. Furthermore, functions operating over tracker out-
puts have no access to visual-only cues (weather, road con-
ditions, traffic-signal state, or actor appearance) that reside
exclusively in the camera streams.

To address these limitations, we propose an agentic
scenario mining method that systematically combines the
strengths of scalable rule-based geometric matching and
fine-grained VLM-based visual reasoning. Four major com-
ponents are as follows:

* Scenario Routing. A thinking agent interprets each sce-
nario description, identifying the referred and related ac-
tor types and routing it to either rule-based geometric
matching or VLM-based visual reasoning.

* Atomic Decomposition. A coding agent develops a
shared library of rule-based atomic functions and itera-
tively refines them on the validation split.

* Bird’s-eye-view (BEV) Verification. A VLLM-based ver-
ification agent reviews the rule-stage output through ren-
dered BEV videos to mitigate borderline cases, tracker
noise, and approximate geometric matches.

* Camera Analysis. A VLM-based analysis agent exam-
ines raw camera streams to process scenario descriptions
that require visual cues the rule stage cannot capture.

2. Methodology

Scenario Routing. We use a GPT-5.5-based [3] thinking
agent to identify the referred and related actor types in each
scenario description and assign it to one of two paths. When
its conditions can be evaluated from tracked geometry, the
description is routed to the rule stage and composed from
atomic functions, as detailed below. When it depends on
explicit visual cues, it is routed to the camera stage for vi-
sual inference by a VLM.

Atomic Decomposition. Following the official baselines,
we use Argoverse 2 static map annotations and Le3DE2E
object tracks aligned with ego poses and evaluation times-
tamps. To make the rule-based approach consistent and
reliable over these inputs, we structure the agentic coding
process around a compact set of atomic functions capable
of representing or approximating a majority of scenario de-
scriptions in the dataset. Accordingly, each scenario de-
scription is expressed as one or more compositions of the
shared atomic functions. Because related scenario descrip-
tions share underlying functions, they fail in comparable,



Split Method HOTA-Temporal HOTA-Track 1 Timestamp BA 1 Log BA 1
RefProg 26.27 36.18 68.07 70.46

Validation SM-Agent 23.25 31.15 66.95 67.66
Argonaut 33.57 48.15 73.75 77.99
RefProg 26.27 36.18 68.07 70.46

Test SM-Agent 23.25 31.15 66.95 67.66
Argonaut 37.04 55.11 75.50 80.75

Table 1. Official evaluation metrics on the 2026 Argoverse 2 Scenario Mining benchmark for the validation and test splits.

predictable ways, so one correction can fix a whole family
of scenarios at once.

This set comprises 33 atomic functions in four groups:
map functions (e.g., at crosswalk, on intersection), single-
agent dynamics (e.g., acceleration, turning, lane change),
multi-agent spatial relations (e.g., on left, in front, same
lane), and multi-agent interactions (e.g., approaching, over-
taking). For example, the scenario “accelerating vehicle
changing lanes to the right” is expressed as the composition
of acceleration and right lane change. Under this design, a
GPT-5.5-based coding agent implements the atomic func-
tions, then iteratively refines them on the validation split
using their failure modes against the ground truth.

BEYV Verification. The rule stage has two failure modes:
geometric approximations can produce false positives when
a match holds numerically but not semantically, and tracker
noise can corrupt the numerical computations the rules rely
on. Both are typically resolvable from a bird’s-eye view,
which enables holistic reasoning over scene layout, ac-
tor trajectories, and multi-agent interactions that geomet-
ric rules alone cannot capture. We therefore introduce a
BEV verification stage built on Gemini-3.5-Flash [2] that
re-examines each rule-stage positive through a short ren-
dered video. Each clip overlays the involved actors on the
map with their immediate surroundings; given the clip and
the scenario description, the model returns a binary verdict
with a brief justification.

Figure 1 shows a representative example: the rule stage
accepts “active vehicle at stop sign” because the vehicle
passes close to the sign, but from the BEV clip, the VLM
model sees that it travels along the main road, which is not
under regulation of the sign, and rejects the positive.

Camera Analysis. Certain scenarios rely on explicit vi-
sual cues that fall beyond the scope of the rule stage, such
as weather and road conditions, traffic-signal state and sig-
nage, and the visual state of actors (e.g., “ego vehicle re-
flected in the windows of a nearby building”). For these,
we feed the raw camera streams directly to a VLM, splitting
each into five-second sliding windows with a one-second
stride, sampled at 5 Hz. Since this dense video processing is
computationally expensive, we opt for Qwen3.5-27B [4], a

Figure 1. BEV verification frame for “active vehicle at stop sign.”
The cyan rectangle is the active vehicle and the red octagon the
stop sign, rendered over the Argoverse 2 map. Gemini’s verdict:
“The stop sign controls traffic from the perpendicular road. The
active vehicle is not on the lane it regulates, so the scenario does
not hold. Answer: No.”

capable open-source video-language model that offers com-
petitive performance at substantially lower cost than com-
mercial alternatives.

3. Results and Discussion

Table 1 reports our results on the validation and test splits,
where Argonaut outperforms both 2026 official baselines
across all metrics. As LLMs and VLMs continue to im-
prove, we anticipate further progress along this direction.
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