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Abstract

We present our solution to the Argoverse 2 Scenario
Mining Challenge, which asks systems to retrieve objects
and time intervals matching a natural-language scenario
description from large-scale driving logs. Our approach
follows the RefAV program-synthesis paradigm: an LLM
generates executable Python scripts over a fixed library of
atomic predicates, and these scripts are executed on the
organizer-provided tracking outputs. We incorporate
Global Context-Aware Generation and Multi-Agent
Refinement from prior work, and further study Multi-
Sample Voting (MSV), a prediction-level ensemble that
votes over (timestamp, track) pairs across independently
generated predictions. Experiments compare four LLMs,
several global-context batch sizes, and different voting
settings; the strongest single sample reaches 30.28 HOTA-
Temporal on the Test split, and the final five-sample MSV
ensemble reaches 30.79 HOTA-Temporal, 42.12 HOTA-
Track, 71.44 Timestamp BA, and 73.73 Log BA. Detailed
quantitative results are reported in the experiment section,
and the source code of our solution is publicly released.

1. Introduction

The validation of autonomous driving systems requires
identifying rare and safety-critical scenarios within large
volumes of logged sensor data. Scenario mining formulates
this need as a retrieval task: given a natural-language
description, a system must return the objects and time
intervals in which the described situation holds. The
Argoverse 2 Scenario Mining Challenge provides a
standardized benchmark for this task and evaluates
submissions under Spatio-Temporal Localization and
Temporal Localization tracks.

We build on the RefAV baseline[l], which casts
scenario mining as program synthesis. In this paradigm, an
LLM converts each natural-language description into an
executable script that calls a predefined library of atomic
functions describing geometric, motion, and semantic
predicates. The script is then executed on the predictions of
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a fixed, organizer-provided tracker. Since the tracking
input is shared, the main design space of our work is the
generation and combination of scenario-mining programs.

This report therefore studies a planning-centric code-
generation pipeline rather than a new detector or tracker.
We use Global Context-Aware Generation and Multi-
Agent Refinement from prior work[3] as pipeline
components, and focus on two questions: how LLM choice
and global-context batch size affect the generated
programs, and whether independently generated
predictions can be combined effectively. To address the
second question, we introduce Multi-Sample Voting (MSV)
at the prediction level and evaluate the conditions under
which it improves performance.

Our contributions are: (1) a controlled empirical
comparison of four LLMs and several global-context batch
sizes under a fixed tracking input; (2) a prediction-level
MSYV scheme that merges independently generated outputs
by voting over (timestamp, track) pairs; and (3) an analysis
of how the relative strength of contributing samples affects
voting behavior. The implementation and experimental
results are described in the following sections.

2. Method

2.1. Overall framework

Our pipeline follows the RefAV baseline and contains
three stages. First, in the tracking stage, we use the
organizer-provided Le3DE2E tracking predictions[4],
which are held fixed across all experiments. Second, in the
code-generation stage, an LLM agent translates each
scenario description into a Python script that composes
calls to a fixed library of 32 atomic predicates. Each
predicate is exposed through its function signature and
docstring, and the model is constrained to write code
against this library. Third, in the execution and filtering
stage, the generated script is executed in a controlled
namespace where the atomic functions and per-log data are
available; the resulting set of (track, timestamp) pairs is
written as the prediction. The same prediction file is
submitted to both challenge tracks.
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Figure 1. Overall architecture of the RefAV2026 scenario-mining pipeline.

2.2. Global context and refinement

We adopt two strategies from prior work[3]. Global
Context-Aware Generation bundles a batch of B
descriptions into a single prompt and asks the LLM to emit
the corresponding code blocks in one response, encouraging
consistent treatment of related descriptions. Multi-Agent
Refinement re-prompts the LLM with the failed script and
its error traceback whenever execution raises an exception,
so that runtime failures can be repaired automatically. We
treat both strategies as inherited components of the pipeline.
Our implementation removes a fixed output-token limit on
the OpenAl-compatible interface, which had truncated long
batches, and treats the batch size B as a hyper-parameter
evaluated in Section 3.3.

2.3. Multi-sample voting

Self-consistency[5] improves reasoning by sampling
multiple outputs and voting over their answers. We adapt
this idea to scenario-mining predictions. Given N
independently generated prediction files for the same log
and description, MSV retains each (timestamp, track) pair
that appears in at least K of the N files. The threshold K
controls the voting rule: K = ceil(N/2) gives majority voting,
K =N gives unanimous intersection voting, and K =1 gives
union voting. Voting is performed at the (timestamp, track)

level rather than at the whole-scenario level, so partial
temporal disagreements do not automatically remove an
entire scenario. Section 3.4 evaluates how this voting rule
behaves under different sample-strength settings.

3. Experiments

3.1. Dataset and metrics

We evaluate on the Argoverse 2 scenario-mining
benchmark[1], built on the Argoverse 2 Sensor dataset[2],
which provides 750 training, 150 validation, and 150 test
logs. Each scenario description is associated with both
positive and negative instances. We report the four official
metrics: HOTA-Temporal, the primary metric of the Spatio-
Temporal track, which jointly assesses detection and
association over the precise interval when the scenario
occurs; HOTA-Track; Timestamp Balanced Accuracy
(Timestamp BA), the primary metric of the Temporal track;
and Log-level Balanced Accuracy (Log BA). All scores are
produced by the official evaluator; Test scores are
computed on the Test split.

3.2. Implementation details

Each LLM is accessed through an OpenAl-compatible
interface. Single-sample runs use Global Context-Aware
Generation and Multi-Agent Refinement, with at most two



LLM Batch HOTA-Temporal HOTA-Track Timestamp BA Log BA
claude-opus-4.6 15 28.31 38.48 69.94 71.85
claude-opus-4.6 30 28.59 39.06 70.24 72.26
claude-opus-4.7 20 29.31 39.64 70.42 71.83
claude-opus-4.7 30 30.28 41.27 70.91 72.73
claude-opus-4.8 30 28.27 38.59 70.32 71.52
claude-opus-4.8 32 28.89 38.85 70.74 71.46

gpt-5.5 30 29.56 40.49 70.62 72.58
gpt-5.5 32 28.52 38.80 69.53 71.86

Table 1. Single-sample Test results for different LLMs and global-context batch sizes. All runs use Global Context-Aware Generation

and Multi-Agent Refinement; higher is better for every metric.

Split Scheme Samples HOTA-Temporal
Val Best single opus-4.6 / gpt-5.5 24.69
Val MSV K=2 of 3 (majority) 2x opus-4.6 + gpt-5.5 25.04
Val MSV K=3 of 3 (unanimous) 2x opus-4.6 + gpt-5.5 21.42
Test Best single opus-4.7 (batch 30) 30.28
Test MSV K=2 (unequal) opus-4.7 + 2x opus-4.6 29.45
Test MSV K=2 (same-model) 3x opus-4.7 (batch 30/32/35) 30.22
Test Final MSV (5 samples) opus-4.7 b30/b32/b35 + 2x gpt-5.5 b30 30.79

Table 2. Multi-Sample Voting results. The final five-sample cross-model ensemble obtains the best Test result; higher

HOTA-Temporal is better.

repair rounds per failing script and no additional review
stage. Because generation uses temperature sampling, two
runs of the same model differ; we measured a single-run
variation of approximately 0.07 HOTA-Temporal and treat
differences below this level as noise. For 3D tracking, we
use the organizer-provided Le3DE2E predictions[4]. The
same prediction file is submitted to both challenge tracks.

3.3. Comparison of LLMs and batch sizes

Table 1 compares single-sample submissions under
varying LLMs and global-context batch sizes, with all
other components held fixed. At a fixed batch size of 30,
which isolates the effect of the model, claude-opus-4.7
attains the strongest single-sample result among the
evaluated models (HOTA-Temporal 30.28), followed by
gpt-5.5 (29.56), claude-opus-4.6 (28.59), and claude-opus-
4.8 (28.27). Within this evaluated set, a higher version
label in the same model family does not guarantee better
performance on structured scenario-mining code
generation.

Increasing the batch size from a smaller value to 30
improves both claude-opus-4.6 (28.31 to 28.59 from batch
15 to 30) and claude-opus-4.7 (29.31 to 30.28 from batch
20 to 30). Beyond 30, the effect is smaller and model-

dependent in sign: from batch 30 to 32, gpt-5.5 decreases
by 1.04, whereas claude-opus-4.8 increases by 0.62. These
results suggest that the benefit of larger global-context
batches saturates around 30 in our setting, and that no
single batch size is uniformly optimal.

3.4. Multi-sample voting

Table 2 summarizes the MSV study. On the validation
split, we vote over three samples whose single-run HOTA-
Temporal scores lie between 24.58 and 24.69, a spread of
0.11. Majority voting (K = 2 of N = 3) raises HOTA-
Temporal to 25.04, improving over the best contributing
sample by 0.35 and exceeding the measured single-run
noise level. In contrast, unanimous voting (K =3 of 3) over
the same samples reduces HOTA-Temporal to 21.42,
indicating that strict intersection voting removes too much
temporal coverage.

On the Test split, the relative strength of the contributing
samples is decisive. Majority voting over claude-opus-4.7
at batch 30 together with two weaker claude-opus-4.6
samples has a spread of 1.97 and yields only 29.45, below
the best single sample. A same-model ensemble of three
claude-opus-4.7 samples reaches 30.22. The best MSV
result comes from a five-sample cross-model ensemble



combining claude-opus-4.7 at batches 30, 32, and 35 with
two gpt-5.5 batch-30 predictions; it reaches HOTA-
Temporal 30.79, HOTA-Track 42.12, Timestamp BA
71.44, and Log BA 73.73. Because not every ensemble
member was separately evaluated as a standalone
submission, we report the spread only for contributors with
known individual scores and interpret the ensemble
comparison conservatively.

4. Conclusion

We described our solution to the 2026 Argoverse 2
Scenario Mining Challenge. The solution keeps the
organizer-provided tracker fixed, follows the RefAV
program-synthesis baseline, and incorporates Global
Context-Aware Generation and Multi-Agent Refinement
from prior work. Our experiments compare LLM choices
and batch sizes, and evaluate MSV as a prediction-level
ensemble. The results show that majority voting can
improve over the best single sample when the contributing
predictions are of comparable strength, whereas a large
strength gap or unanimous intersection voting is harmful.
Among our evaluated configurations, the strongest single
sample reaches HOTA-Temporal 30.28 on the Test split,
and the final five-sample MSV ensemble reaches HOTA-
Temporal 30.79, HOTA-Track 42.12, Timestamp BA
71.44, and Log BA 73.73. The source code of our solution
is publicly released.
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