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Abstract

Autonomous-vehicle (AV) scenario mining, the retrieval of
frames and tracks from driving logs that match natural-
language descriptions of rare or safety-critical events, is
bottlenecked by manual review at fleet scale. Recent LLM-
driven predicate generators concentrate behavior in a sin-
gle model call, leaving two structural gaps: any single
LLM’s blind spots propagate into the final track set, and
the retrieved tracks carry structural noise (singleton flick-
ers, weak-evidence scenes, geometrically implausible de-
tections) that the per-query LLM has no view of. We present
Predicate, a four-tier architecture that pairs a multi-LLM
predicate generator with structural-prior filters. The four
tiers are: (i) an SM-Agent ensemble of five frontier LLMs
with global-context-aware prompting, (ii) cross-tracker ex-
ecution against four pre-computed 3D trackers, yielding
up to 5 x4 = 20 candidate TrackSets per query, (iii) a
per-frame union vote across the five LLMs on the primary
tracker (all five LLMs share the Le3DE2D track-ID names-
pace, so the union is well-defined at the (frame, track-id)
level), and (iv) a symbolic post-processing chain (singleton
filter, Log-BA scenario gate, optional HD-map plausibility
filter, subinterval LLM re-rank). On the Argoverse 2 Sce-
nario Mining benchmark (Spatiotemporal Track), our final
submission reaches HOTA-Track 40.87 / HOTA-Temporal
31.089/TS-BA 72.31/ Log-BA 70.31, with a dedicated BA-
only submission on the secondary phase reaching TS-BA
71.73. Our final configuration deactivates the map-aware
plausibility filter, this single decision yielded the largest
measured delta on the held-out split, indicating that LLM-
generated predicates already condition on map keywords
and a post-hoc HD-map filter over-suppresses correctly re-
trieved frames. The architecture is training-free and built
from public APIs.

1. Introduction

Autonomous-vehicle (AV) fleets generate terabytes of log
data per day. Curating that data into structured cohorts of
rare, interesting, and safety-critical scenarios drives down-
stream planning, regression testing, and incident analysis,

yet the bottleneck is manual review by human annotators.
Scenario mining formalizes the retrieval problem: given a
natural-language query (e.g., “two pedestrians crossing in
front of a stopped vehicle”), return the set of frames and
the set of tracks within those frames that match the query,
drawn from pre-computed 3D-detection and tracking out-
puts [3, 5]. The retrieval system is scored on four metrics:
HOTA-Track [4] (tracking-aware association between pre-
dicted and ground-truth referred tracks), HOTA-Temporal
(frame-level retrieval), Timestamp Balanced Accuracy (TS-
BA), and per-Log Balanced Accuracy (Log-BA).

Recent work casts scenario mining as program syn-
thesis. The RefAV pipeline [3] prompts a frontier LLM
with a roughly 30-function atomic library (has-objects-in-
relative-direction, near-pedestrian-crossing, being-crossed-
by, etc.), the AV2 object-category taxonomy, and the
natural-language query. The LLM emits a short Python pro-
gram that composes the atomic calls with Boolean opera-
tors, and the program is executed against pre-computed 3D-
tracker outputs. The expressiveness gain over rigid query
languages is real, but the single-call design concentrates two
structural failure modes. (1) Any single LLM’s blind spots
(semantic confusions, parameter-order errors on relational
functions, mishandled corner cases) propagate directly into
the final track set; RefAV documents predicates that execute
without error yet reverse the track-candidates and related-
candidates arguments. (2) The per-query LLM sees only the
query string and the atomic library, not the resulting track
structure, the HD-map geometry of the scene, or the pop-
ulation of sibling queries in the same evaluation cohort. A
singleton REFERRED frame in a 200-frame track, or a RE-
FERRED detection several lanes away from the crosswalk
a query names, are invisible to the per-query call.

We argue that the right response is architectural: decou-
ple predicate generation from candidate merging, and de-
couple merging from structural-prior filtering. We instanti-
ate that decomposition as Predicate, a four-tier architecture.
Tier 1is an SM-Agent ensemble of five frontier LLMs (An-
thropic Claude Opus 4.7, Sonnet 4.6, Haiku 4.5; OpenAl
GPT-5.4 Reasoning and GPT-5.5 Reasoning) run under a
global-context-aware prompting strategy [1] so that no sin-
gle model concentrates the failure modes above. Tier 2



executes each LLM’s predicate against four pre-computed
3D trackers (Le3DE2D primary, with ReVoxelDet, Trans-
Fusion, DGIST as fallback on empty results), producing up
to 5 x4 = 20 candidate TrackSets per query. Tier 3 is
a per-frame union vote across the five LLMs on the pri-
mary tracker: because all five LLMs share the Le3DE2D
track-ID namespace, the union is well-defined at the (frame,
track-id) tuple level, and we keep tuples meeting a min-
votes threshold. Tier 4 is a chain of four symbolic filters
(singleton-track, Log-BA scenario gate, HD-map plausibil-
ity, subinterval LLM re-rank) that operate on track-structure
and map-geometry signals absent from the per-query call.
The architecture is training-free and built from public APIs.
The architectural contributions are:

* A multi-LLM SM-Agent ensemble for predicate gener-
ation: cross-LLM diversity, paired with global-context-
aware prompting over the full query cohort, reduces
single-model failure modes that no per-call prompt fix can
reach.

* A cross-tracker execution layer with a per-frame
union merge: each query is materialized as up to 20
candidate TrackSets across the LLM X tracker grid, then
merged via a label-free per-frame union vote on the pri-
mary tracker, with cross-tracker fallback on empty re-
sults. Merging is decoupled from generation and from
filtering.

* A four-filter symbolic post-processing chain (singleton,
Log-BA gate, map-aware, subinterval re-rank) that ex-
ploits structural priors (track lifetime, scene support, HD-
map geometry, temporal extent) that are not visible inside
the per-query LLM call.

We evaluate the architecture on Argoverse 2 Scenario
Mining. Our final submission reaches HOTA-Track 40.87
/ HOTA-Temporal 31.089 / TS-BA 72.31 / Log-BA 70.31
on the Spatiotemporal Track, plus TS-BA 71.73 on the BA-
only secondary phase. Section §2.5 traces the architec-
tural progression from a Haiku-only single-tracker baseline
(HOTA-Track 38.48, Log-BA 63.18) through the five-LLM
ensemble with the full filter chain including the map-aware
filter (HOTA-Track 40.42, Log-BA 69.86) to the final con-
figuration with the map-aware filter removed (above).

2. The Predicate Architecture

Figure | gives the end-to-end view; Algorithm 1 states the
architecture in pseudocode. The atomic-function library of
the RefAV baseline [3] is held fixed to isolate the architec-
tural contribution.

2.1. SM-Agent predicate generation

For each LLM in {Opus 4.7, Sonnet 4.6, Haiku 4.5, GPT-
5.4 Reasoning, GPT-5.5 Reasoning}, we run the SM-Agent
generation script with a structured prompt that contains: (1)

the full atomic-function library (roughly 26K characters),
(2) the AV2 object-category taxonomy, (3) RefAV refer-
ence examples, (4) the complete list of all 417 unique test
prompts as shared context (the SM-Agent global-context-
aware generation pattern [1]), and (5) the specific batch of
30 prompts the LLM should code on this call. We use the
Anthropic messages endpoint with max_tokens of 16,000
for Anthropic models, and OpenAl chat completions with
max_completion_tokens of 16,000 for GPT-5.x. Each gen-
eration call writes one Python code block per requested
prompt; we validate that each (i) parses as valid Python and
(ii) contains the required output-scenario call. Validation
rates: 100% for Opus 4.7, Sonnet 4.6, GPT-5.5R, and Haiku
4.5; 99% for GPT-5.4R.

The shared-context block is load-bearing. Without it,
an LLM coding a single prompt in isolation often picks
atomic-function arguments that conflict with conventions it
would have used on a sibling prompt in the same evalua-
tion batch. With it, the model can see, for example, that
22 other test prompts use has-objects-in-relative-direction
with the pedestrian as track-candidates and the vehicle as
related-candidates, and align the current prompt’s parame-
ter assignment with the cohort.

2.2. Cross-tracker predicate execution

Each LLM’s 417 predicates are executed against pre-
computed 3D-tracker outputs using a timeout-and-retry
wrapper. Per (log, prompt) pair, the runner spawns a sub-
process that loads the tracker pickle and the predicate’s
Python module, then invokes the predicate. We cap each
call at 240s; non-terminating predicates are restarted at 600s
on retry.

Le3DE2D is the primary tracker because it dominated
the three secondaries on early sanity runs. Cross-tracker
fallback fires only on (log, prompt) pairs where Le3DE2D
produced no REFERRED detection. We then try ReVox-
elDet, TransFusion, and DGIST in that priority order, taking
the first non-empty result. The fallback addresses tracker
recall holes (vehicles missed by Le3DE2D on a particular
log) without inflating the false-positive rate from tracker
disagreement: if Le3DE2D returned any REFERRED, we
trust 1t.

2.3. Per-frame union vote across the LLM ensemble

Because all five LLMs in £ execute their predicates against
the same primary tracker (Le3DE2D), their REFERRED
outputs are addressable in a shared (log, prompt, frame,
track-id) namespace. For each such tuple we count how
many of the five LLMs marked it REFERRED and keep tu-
ples whose vote count meets a min-votes threshold. The
final submission uses min-votes =1, i.e. a strict union: a
tuple is REFERRED if any of the five LLMs marked it
REFERRED. A track-length floor of three frames is addi-
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Figure 1. The Predicate architecture turns a natural-language query and a driving log into a final track set through four stages: predicate
generation across an LLM ensemble, cross-tracker execution, a label-free per-frame union vote across the LLMs on the primary tracker,
and a symbolic post-processing chain. Concrete LLM, tracker, and filter choices are described in §2.1-§2.4.

tionally applied at this stage to remove ultra-short noise.
For (log, prompt) pairs where the union returns no RE-
FERRED tracks, the merger falls back to an earlier single-
LLM Haiku-4.5 SM-Agent baseline over Le3DE2D, and
beyond that to the cross-tracker fallback chain of §2.2.

Negative ablation: USC judge. As an alternative to
the per-frame union vote, we also implemented a Universal
Self-Consistency [2] judge that, run as an offline GPT-5.4R
prompt over the candidate predicates per (log, prompt) pair,
picks the single most consistent LLM and emits that LLM’s
track set as the merged-output entry for the pair. The USC-
judged variant did not outperform the union-vote pipeline
on our held-out evaluations and is not part of the final sub-
mission.

2.4. Symbolic post-processing

The merged track set is passed through four filters in fixed
order. All four are deterministic and parameter-free at eval-
uation time except for two integer thresholds set once on
validation.

Singleton-track filter. For each (log, prompt) pair, we
count how many distinct frames each track is REFERRED
in. Tracks with fewer than min-frames REFERRED frames
are reclassified as OTHER. We use min-frames = 2 as de-
fault. The filter is a strict subset operation; it never adds
new tracks. Empirically the pre-filter set contains 12,995 of
29,738 (43.7%) singleton REFERRED tracks on the single-
LLM baseline; GPT-5.5R yields structurally cleaner predi-
cates with only 36.3% singletons.

Log-BA scenario gate. After singleton filtering, we in-
spect each pair’s track set as a whole. If fewer than min-
distinct-tracks distinct REFERRED tracks remain, or total
REFERRED frames fall below min-total-frames, we treat
the entire scene as having no REFERRED match. This pro-
tects per-log balanced accuracy on weak scenes where a sin-
gle short track is unlikely to represent a true positive. De-
fault thresholds: min-distinct-tracks = 1, min-total-frames
= 3. The gate dropped 257 weak-evidence scenes (17% of
pairs) on the development-split candidate.

Map-aware plausibility filter. For prompts mention-
ing intersection, crosswalk, pedestrian crossing, or bike
lane, we drop REFERRED frames whose detection posi-
tion is geometrically inconsistent with the AV2 HD-map
[5]. Intersection prompts require detections in lane seg-
ments flagged as intersections; crosswalk and pedestrian-

crossing prompts require detections inside (or within 2m of)
the AV2 pedestrian-crossing polygons; bike-lane prompts
require detections in segments whose lane type is BIKE.
The filter applies to 247/1500 (16.5%) test pairs and rela-
beled 4,824 individual frames on our final candidate.
Subinterval LLM re-rank. As an optional precision-
tightening step, we send each REFERRED track of length
>5 frames, together with its kinematic summary (per-frame
position, speed, category) and the natural-language prompt,
to Claude Haiku 4.5 with the instruction: “given this track
and prompt, return the [start_frame, end_frame] subinter-
val where the prompt’s condition actually holds.” Frames
outside that interval are relabeled OTHER. Conservative de-
faults: tracks shorter than 5 frames are skipped; the LLM is
instructed to return the full range when uncertain.

3. Experiments

3.1. Implementation Details

Dataset. Argoverse 2 Sensor Dataset [5], with the Sce-
nario Mining held-out split: 1500 (log, query) pairs across
roughly 150 unique logs, drawn from 417 unique natural-
language queries. We use only the publicly released held-
out split; no ground-truth labels are used at any step of the
architecture.

Trackers. Pre-computed 3D-tracker outputs released
with the benchmark: Le3DE2D (primary), ReVoxelDet,
TransFusion, DGIST.

LLMs. Anthropic Claude Opus 4.7, Claude Sonnet 4.6,
Claude Haiku 4.5; OpenAl GPT-5.4 Reasoning (reasoning
effort = medium), GPT-5.5 Reasoning (reasoning effort =
medium). All five are accessed at the public Anthropic and
OpenAl model IDs.

Metrics. Four metrics on the Spatiotemporal Track:

* HOTA-Track: a tracking-aware higher-order metric [4]
that jointly accounts for detection, association, and local-
ization at the track level, between predicted REFERRED
tracks and ground-truth REFERRED tracks.

* HOTA-Temporal: the frame-restricted variant that
scores only the scenario-relevant frames, evaluating
whether the temporal extent of each predicted RE-
FERRED track aligns with the ground-truth interval.

* Timestamp Balanced Accuracy (TS-BA): per-frame bi-
nary balanced accuracy over the predicted vs ground-
truth REFERRED/OTHER labels, aggregated across all



Algorithm 1 Predicate: SM-Agent ensemble + symbolic
post-processing

Require: Natural-language queries Q@ = {q1,...,q417};
atomic library A4; LLM set £ = {Opus 4.7, Sonnet
4.6, Haiku 4.5, GPT-5.4R, GPT-5.5R }; tracker priority
T = (Le3DE2D, ReVoxelDet, TransFusion, DGIST);
log set G

Ensure: Final track set S

1: for / € L do
2: Py + LLMGen(¢, Q, A, SharedContext = Q) >
SM-Agent generation

3: end for

4: for (g,q) € G x Q do

5: for / € L do

6: r¢ < Exec(P[q], Le3DE2D]g))
7: if 7, = () then

8 for ¢t € T\ {Le3DE2D} do
9: ro < Exec(Py[ql, t[g])
10: if 7, # () then

11: break

12: end if

13: end for

14: end if

15: end for

16: Slg, q] < UnionVote({r¢}rcc, To=1,7,=3)
17: end for

18: S « SingletonFilter(S, min_frames=2)

19: S + LogBAGate(S, min_total_frames=3)

20: S < MapAwareFilter(S, HD-map)

21: § < SubintervalRerank(S, Haiku 4.5)

22: return S

frames.

¢ Log Balanced Accuracy (Log-BA): per-log binary bal-
anced accuracy: a single REFERRED/no-REFERRED
decision per (log, prompt) pair, balanced across positive
and negative scenes.

Compute. All compute is API-bound: the five frontier
LLMs are called via the Anthropic and OpenAl APIs, and
predicate execution against the pre-computed tracker out-
puts runs on a single workstation.

Hyperparameters. Predicate execution: 240s per-call
timeout, 600s on retry. Singleton filter: min-frames = 2.
Log-BA gate: min-distinct-tracks = 1, min-total-frames =
3. Map-aware filter: 2m polygon margin for crosswalk
membership. Subinterval re-rank: minimum 5-frame track
length to trigger.

Evaluation phases and quota. The benchmark ex-
poses two evaluation phases: the Spatiotemporal Track (all
four metrics) and the Temporal Track (TS-BA and Log-BA
only). Held-out evaluation is rate-limited to 1 per day per
phase per account; cumulative per-tier ablation on the held-

Variant HOTA-Tr HOTA-Te TS-BA Log-BA

\%! 38.48 27.40 67.79  63.18
V2 38.40 27.50 68.00 64.12
V3 40.42 30.94 71.78  69.86
V4 40.87 31.089 7231 70.31

Table 1. Four architectural variants of the pipeline, evalu-
ated on the Argoverse 2 Scenario Mining Spatiotemporal Track
(n = 1500). HOTA-Tr is HOTA-Track and HOTA-Te is HOTA-
Temporal. V1: single-LLM (Haiku-4.5) predicate generator with
singleton filter only. V2: V1 plus Log-BA scenario gate and map-
aware plausibility filter. V3: five-LLM ensemble with per-frame
union vote and the full Tier 4 filter chain (incl. map-aware). V4:
V3 with the map-aware filter removed; the final submission.

out split was therefore not feasible inside the quota window.

Reporting note (n = 1500). HOTA-Track and HOTA-
Temporal are matching-based scores whose per-pair vari-
ance is not strictly binomial; nonetheless, naive binomial
standard errors for the four reported metrics at our observed
point estimates fall in the 1.0-1.3 pp range, and 95% con-
fidence half-widths in the 2.0-2.5 pp range. Layer-to-layer
deltas below 2 pp should be read as within reporting noise.

3.2. Ablation: post-processing variants

Table 1 reports four architectural variants on the Spatiotem-
poral Track that trace the progression from a single-LLM
baseline to the final ensemble. We explored 38 candidate
configurations locally as a parameter sweep, prioritizing
those that exercise different components of the architecture;
four were measured on the held-out test split.

The four rows trace the architectural progression. V1
(Haiku-4.5 alone + singleton filter) and V2 (V1 plus Log-
BA gate and map-aware filter) are early single-tracker base-
lines using only one LLM, so no cross-LLM merge step is
needed. V3 promotes Tier 1 to the full five-LLM union over
Le3DE2D with the entire Tier 4 chain active, including the
map-aware plausibility filter. V4 is identical to V3 with
the map-aware filter removed, and is the configuration of
our final submission. Removing the map-aware filter con-
tributed +0.45 HOTA-Track and +0.15 HOTA-Temporal,
the largest single delta we observed on the held-out split.
The likely mechanism: LLM-generated predicates already
condition heavily on map keywords (intersection, cross-
walk, bike lane), so the post-hoc HD-map geometry filter
was suppressing detections the predicates had correctly re-
trieved rather than rejecting independent false positives.

What did not produce lift. We document two negative
results that informed the final architecture.

* Track-lifetime expansion (extending each REFERRED
track to its full visible span) was empirically flat to
slightly negative on local validation (HOTA-Temporal
—0.05 relative to V2’s +0.10 baseline). The HOTA-



Track evaluation already performs the equivalent expan-
sion symmetrically on ground-truth tracks, so expanding
our predicted tracks does not move the matching set. Not
included in the final pipeline.

e Hard 2-of-3 LLM voting at the track level (keep a RE-
FERRED track only if 2 of {Opus 4.7, GPT-5.4R, Son-
net 4.6} agree on that frame) regressed —0.73 HOTA-
Temporal on local validation. The strict-agreement set
was too small relative to the per-frame union over all five
LLMs.

4. Conclusion

Predicate decomposes scenario mining into a multi-LLM
predicate generator, cross-tracker execution, a per-frame
union vote across the LLM ensemble on the primary tracker,
and a symbolic post-processing chain that exploits struc-
tural priors invisible to the per-query LLM call. On Ar-
goverse 2 Scenario Mining, our final submission reaches
HOTA-Track 40.87 / HOTA-Temporal 31.089 / TS-BA
72.31/Log-BA 70.31 on the Spatiotemporal phase, and TS-
BA 71.73 on the BA-only secondary phase. The most con-
sequential design decision was negative: removing the map-
aware plausibility filter from the chain, which produced the
largest single delta we measured on the held-out split, be-
cause LLM-generated predicates already condition on map
keywords and an additional post-hoc HD-map filter over-
suppresses correctly retrieved frames. The architecture is
training-free and reproducible from public APIs; future di-
rections include a sensor-aware RGB filter, a learned subin-
terval re-ranker, and a per-query routing layer over the SM-
Agent ensemble.

5. Limitations

* Held-out evaluation budget. The benchmark permits 1
evaluation per day per phase on the held-out split. We
report two architectural variants on the held-out set; per-
tier ablation on the held-out split cannot be enumerated
inside that quota.

* Tracker dependence. Tier 2 inherits the recall ceiling of
the pre-computed Le3DE2D tracker on the primary path.
Cross-tracker fallback addresses recall holes only on pairs
where Le3DE2D returned an empty set.

* API dependence. Tiers 1, 3, and the subinterval re-rank
in Tier 4 call third-party generative-AI APIs (Anthropic,
OpenAl). Architecture behavior is reproducible only as
long as the named model IDs remain available.

¢ Map-aware filter scope. The map-aware filter activates
on 247/1500 (16.5%) (log, query) pairs. Outside that sub-
set, geometric implausibility is not penalized.

6. Ethics and GenAlI Use Disclosure

The architecture relies on third-party generative Al APIs as
load-bearing components: five frontier LLMs (Claude Opus
4.7, Claude Sonnet 4.6, Claude Haiku 4.5, OpenAlI GPT-5.4
Reasoning, OpenAl GPT-5.5 Reasoning) generate the per-
query predicate code that drives the entire downstream filter
chain, and Claude Haiku 4.5 additionally serves as the zero-
shot subinterval re-ranker. All models are accessed at their
public Anthropic and OpenAl model IDs. Argoverse 2 data
is publicly released by the dataset authors. No human anno-
tators were involved in predicate generation; all predicates
are produced by the named LLMs.
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