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Abstract

We present our submission to the CVPR 2026 Argoverse
2 Scenario Mining Challenge. QOur system uses a four-
stage pipeline: (1) autonomous code generation via a
Claude Code agent poweredby GLM 5.1 [2], (2) itera-
tive training set screening with Timestamp Balanced Accu-
racy threshold 0.8 to curate few-shot examples, (3) semantic
code review by a separate Claude Code session, and (4)
Owen3-VL [3] scene-level verification to filter false posi-
tives. We report results on the Argoverse 2 test set.

1. Introduction

The Argoverse 2 Scenario Mining Challenge is a CVPR
2026 competition tasking participants with localizing ob-
jects and temporal segments in autonomous driving logs
given natural language descriptions. Built on the Re-
fAV dataset [1], which comprises 10,000 planning-centric
queries spanning 1,000 driving logs from the Argoverse 2
Sensor Dataset, the competition features two tracks: Spatio-
Temporal Localization (metric: HOTA-Temporal) and Tem-
poral Localization (metric: Timestamp Balanced Accu-
racy).

We present a four-stage scenario mining pipeline. First,
we use Claude Code as an autonomous coding agent
powered by GLM 5.1 [2] to generate scenario code from
natural language prompts. Second, we iteratively screen
generated code on the training set, retaining only prompt-
code pairs that achieve Timestamp Balanced Accuracy
above 0.8 (up to 5 iterations) as few-shot examples. Third,
a separate Claude Code session reviews generated code
for semantic correctness and false positive risks. Fourth, we
introduce a Qwen3-VL [3] verification stage that performs
binary scene-level classification to filter false positives.

Our approach differs from existing work in two key as-
pects: (1) using an autonomous agent paradigm rather than
single-pass LLM API calls, and (2) employing VLM-based
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verification as a post-execution filter that directly reduces
false positive outputs.

2. Method

We present a four-stage scenario mining pipeline built on
the RefAV [1] atomic function framework. Our approach
leverages an LLM-powered coding agent to autonomously
generate scenario code, iteratively refines it using training
set feedback, performs semantic code review, and validates
outputs with a vision-language model to minimize false
positives.

2.1. Background: Composable Atomic Functions

The RefAV framework provides a library of atomic func-
tions that describe spatial relations, kinematics, and map at-
tributes. Each function is decorated with Qcomposable
or @composable_relational, which handles paral-
lelization over track candidates.

Spatial functions include
has_objects_in_relative_direction (front,
rear, left, right), facing_toward, heading_toward,
near_objects, and being_crossed_by. Kinematic
functions include turning, changing_lanes,
accelerating, has_velocity, and
stationary. Map functions include at_stop_sign,
at_pedestrian_crossing, near_intersection,
on.road, and in._drivable_area. Logical com-
binators scenario_and, scenario_or, and
scenario_not allow Boolean composition.

2.2. LLM Agent Code Generation

Unlike prior work that uses LLM API calls to generate
code in a single pass, we employ Claude Code as an
autonomous coding agent powered by GLM 5.1 [2]. The
agent iteratively queries atomic function definitions using
tool calls, analyzes the prompt requirements, and constructs
the appropriate function composition. This agent-based ap-
proach allows the model to explore the function library,
understand parameter semantics through tool-driven docu-
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Figure 1. Overview of our framework.

mentation lookup, and verify its own output before finaliz-
ing the code.

2.3. Training Set Iterative Screening

We perform iterative screening on the RefAV training set
to build a high-quality few-shot example library. For each
prompt, the system:
1. Generates candidate code via the LLM agent.
2. Executes the code on the training split and computes
Timestamp Balanced Accuracy.
3. If the score exceeds 0.8, the prompt-code pair is retained
as a few-shot example.
4. If not, the code is regenerated for up to 5 iterations before
being discarded.
This process produces a curated set of prompt-code pairs
that serve as context examples in subsequent inference, im-
proving code quality for unseen prompts.

2.4. Semantic Code Review

Before execution-based verification, a separate Claude
Code session reviews each generated code snippet. The re-
viewer checks for semantic mismatches between the prompt
and the code logic, identifies potential false positive sources
(e.g., incorrect relationship direction, missing spatial con-
straints), and suggests or applies corrections. This two-
tier agent design—generation followed by review—ensures
both syntactic validity and semantic fidelity.

2.5. VLM Scene-Level Verification

Generated scenario outputs may still contain false positives
when the LLM hallucinates object interactions. To address
this, we introduce a verification stage using Qwen3-VL [3],

a vision-language model. For each prompt-log pair,
Qwen3-VL performs binary classification on the driving
frames to determine whether the described event actually
occurs.

If the VLM confirms the event, the code execution result
isretained. Otherwise, the trajectory output is discarded and
an empty prediction is produced. This effectively filters out
false positive scenarios that pass the code execution stage
but do not correspond to real events in the sensor data.

3. Experiments

3.1. Experimental Setup

Dataset. We evaluate on the Argoverse 2 Sensor Dataset
test split using the RefAV [I] scenario mining annota-
tions. The evaluation covers four metrics: HOTA-Temporal,
HOTA-Track, Timestamp Balanced Accuracy (Timestamp
BA), and Log Balanced Accuracy (Log BA).

Code generation agent. We use Claude Code as the
coding agent with GLM 5.1 [2] as the underlying language
model. The agent performs tool-driven queries to explore
the atomic function library before generating code.

VLM verification. Qwen3-VL [3] performs binary
scene classification on driving frames to determine whether
the described event occurs.

Trackers. We obtain trajectories from the generated
code using the Le3DE2E [4] tracking model.

3.2. Training Set Iterative Screening

On the RefAV training set, we apply iterative code genera-
tion with up to 5 rounds per prompt. Code achieving Times-
tamp BA above 0.8 is retained as a few-shot example. This



Table 1. EvalAl test set leaderboard.

Rank Team HOTA-Temp HOTA-Trk TS BA LogBA
1 bigbang 31.05 41.80 71.47 72.03
2 blackTea 30.87 41.98 72.39 75.23
3 lazydogs 30.43 41.76 71.23 73.32
4 Lilly 30.03 38.09 72.33 75.52
5 MICTeam (Ours) 2791 37.88 69.65 69.32
6 RefProg 26.27 36.18 68.07 70.46
7 SM-Agent 23.25 31.15 66.95 67.66
8 bem 18.77 25.90 63.69 65.62

yields a small curated set of high-quality prompt-code pairs
that serve as context in subsequent inference.

3.3. Code Review Quality

A separate Claude Code session reviews all generated
code for semantic mismatches. The review identifies com-
mon error patterns including: incorrect relationship di-
rection in relational functions, missing implicit map con-
straints, and unrealistic parameter thresholds. Corrected
code replaces the original when issues are detected.

3.4. Main Results

Table 1 shows the EvalAl test set leaderboard with all par-
ticipating teams. Our team (MICTeam) ranks Sth with a
HOTA-Temporal of 27.91, Timestamp BA of 69.65, and
Log BA of 69.32. The top-4 teams achieve competitive
scores within a narrow margin on HOTA-based metrics,
while our approach outperforms the official baselines (Ref-
Prog and SM-Agent) by a clear margin.

4. Conclusion

We presented a Claude-Code-driven scenario mining sys-
tem for the CVPR 2026 Argoverse 2 Scenario Mining Chal-
lenge. Our approach combines composable atomic func-
tions with automated code generation, validated few-shot
examples, scene-level vision-based verification, and itera-
tive refinement. We achieved 27.91 scores in the HOTA-
Temp metric.
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