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Abstract— Intent misinterpretation during vehicle interac-
tions causes recurring planning failures. We study a deci-
sion layer in which a language-guided intent module reads
structured descriptors, computes a smoothed intent-geometry
divergence score, and gates the planned maneuver before com-
mitment, upstream of a corridor envelope. On a replayed off-
road departure and four crash clips under a frozen, disclosed
implementation, gating is the only layer that repairs the plan:
on the main case it fires 72 ms after the drift onset but
161 ms before the corridor exit, keeping the trajectory in the
corridor in all ten replays. The first calibration draws nine
false triggers in 5.9 minutes, each from scoring uncertainty as
half a conflict; a preregistered redesign treating uncertainty as
abstention cuts this to 0.341 per minute. Two ablations bound
the model’s contribution: the full score detects fastest on four of
five failures under the deployed eligibility, three of five against
the unvetoed rule (000871 by one cycle; 000228 by a pre-onset
fire on an uncertain stretch that five clips cannot classify as
signal or coincidence; dropping the confidence term costs two
detections), while on in-domain tracks at equal false positives
the geometric rule more than triples its detection. The evidence
supports the gating mechanism; the model’s demonstrated roles
are the fastest detection on these failures and an uncertainty
veto on the geometric rule.

I. INTRODUCTION

Autonomous vehicles routinely interact with surrounding
traffic, passing oncoming vehicles, negotiating merges, and
responding to lane changes, yet these interaction phases
remain a primary source of catastrophic decision failures [1],
[2]. Such failures are usually attributed to perception limits.
Perception does degrade, including in the incident replayed
here, where lane estimates are disturbed for a few frames as
the oncoming vehicle clears. The question this paper asks
is what the decision layer should do in that window: a
planner that commits a lateral maneuver inconsistent with
the interaction phase turns a transient perception disturbance
into an unrecoverable state, and the signal we test is the
consistency between the ego’s own committed maneuver and
the inferred interaction semantics [3], [4].

The post-interaction phase, the interval immediately af-
ter an oncoming vehicle passes or a merge completes, is
especially dangerous. During this window the ego planner
may attempt to correct a perceived lateral offset without
recognizing that the correction itself constitutes an intent
divergence from safe operation. In the real incident replayed
in Section IV, the measurable drift begins 167 ms after the
oncoming vehicle clears the ego plane, and the vehicle leaves
the road corridor within 400 ms. If the drift carries the
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vehicle onto an unpaved shoulder, the change in tire-road
friction can escalate the departure into a loss of control.

Existing safety architectures address this problem from
the consequence side. Control barrier functions [5],
responsibility-sensitive safety [6], and collision-avoidance
constraints detect unsafe states and intervene reactively, after
the decision has been committed. What is needed in addition
is anticipation: detecting that the ego vehicle’s intended
maneuver is diverging from safe interaction semantics, and
repairing the plan rather than overriding it.

We study a decision layer comprising (1) a language-
guided multi-agent intent anticipation module that infers
intent hypotheses, computes an intent-geometry divergence
score, and triggers maneuver gating and plan repair; (2) a
monocular perception stack and a lightweight digital twin
that provide scene context; and (3) an intent-conditioned
safety envelope as a reactive backstop. This paper reports
two experimental rounds against one frozen implementation.
Round one (v1) measures the mechanism and diagnoses a
specific scoring defect. Round two (v2), preregistered before
implementation, redesigns the uncertainty scoring and re-
measures everything. The contributions of the paper are:

• A framing of a class of decision failures in interactive
driving as intent-level failures, misinterpretations of ego
and other-vehicle intent, rather than solely perception
failures.

• A fully disclosed implementation (base model, adapter,
rule-generated training data, calibration) and a replay
protocol whose instant definitions reproduce every la-
tency number, applied to a real failure, four public crash
clips, and a nominal-driving corpus.

• A diagnosis of the uncertainty-scoring failure: scoring
the model’s abstentions as half a conflict produced all
nine nominal false triggers, and, as the cycle logs later
showed, one coincidental detection.

• An abstention-semantics redesign with dual-threshold
hysteresis, preregistered with acceptance criteria, that
removes most of the false-trigger cost (1.54 to 0.341 per
minute) while preserving every intent-level detection;
the one criterion it misses is reported as failed and
anatomized.

• Two ablations that bound our own headline component,
with a disclosed correction (a replay defect had reported
identical firing cycles for every scoring variant): the
corrected replay shows the full score detects fastest on
four of five failures under the deployed eligibility, three
of five against the unvetoed rule (000871 by one cycle;
000228 by a pre-onset fire on an uncertain stretch),
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with the model’s uncertain-label veto suppressing the
model-free rule’s nominal false triggers; on in-domain
tracks the geometric rule more than triples the model’s
detection once false-positive rates are matched.

Section II reviews related work. Section III presents
the framework, the implementation, and the v2 redesign.
Section IV presents the replay protocol and the main-case
results. Section V reports both rounds of extended evidence.
Section VI discusses limitations and Section VII concludes.
A supplementary video shows the main-case replay (Baseline
versus gated) with the divergence trace.

II. RELATED WORK

A. Intent Prediction and Decision Correction

Trajectory forecasting [7], [8], game-theoretic planning [9]
and interaction-aware predictors [10], [11] predict where
vehicles will be, but output point predictions rather than
intent hypotheses with uncertainty, and none closes the
loop from prediction to decision correction: they inform the
planner without gating or repairing its output [3], [4]. On the
failure side, scenario analysis [1], [12], formal verification [6]
and minimum-risk fallbacks [13] address the aftermath rather
than the anticipation, and online plan repair [14] reacts to
observed deviations without a model of intent divergence
as the cause. Barrier-function filters with predictor-corrector
loops [5] add short-horizon prediction to a reactive filter;
the approach here places the prediction at the intent level,
upstream of the geometric filter; Section IV measures one
consequence: the geometric filter flags a fast excursion
earlier, the intent layer repairs it.

B. Language Models for Driving Reasoning

Large language models have been applied to driving for
scenario narration [15], commonsense reasoning [16], and
high-level decision support [17]. The mechanism studied
here positions the language model as an intent anticipation
module that operates upstream of the planner and issues cor-
rection signals rather than control commands. The structured,
text-only interface follows the serialization result of [19],
which showed that a deterministic semantic serialization of
a frozen perception stack gives a text-only reader a usable
perception interface at small model scale; that is what makes
a 0.5B-parameter fine-tuned model viable in a planning loop.

C. Scene Representation

Dense monocular reconstruction [18] and layered
language-vision maps [21] can supply richer context than
the descriptors used here, and the implementation measured
in this paper contains neither: its decision loop consumes a
detector, tracker, lane estimator and pinhole ground-plane
model (Section III-E), with the bird’s-eye corridor derived
from the same lane fits; every number below characterizes
that lean stack. A complementary line of work sustains the
same structured state when the visual channel degrades [20];
this paper asks what the decision layer should do once
intent becomes uncertain, and v2 answers concretely: treat
uncertainty as abstention, not conflict.

III. FRAMEWORK

Fig. 1 illustrates the architecture; Fig. 2 shows the percep-
tion stack’s actual outputs on a main-case frame.

A. Perception and Scene Memory

The decision layer operates on monocular RGB video.
Dynamic objects are detected and tracked as bounding-
box agents (YOLOv8s with ByteTrack), lane boundaries are
estimated by color-based fits of the centerline and edge line,
and a pinhole ground-plane model anchored on the per-clip
lane-line vanishing point converts image positions to metric
range and lateral offset. A lightweight digital twin renders a
bird’s-eye-view map whose road corridor is annotated semi-
automatically: the lane width is measured from the detected
boundary lines (3.41 m on the main case) and the corridor
is centered on the lane with a fixed half-width. This scene
memory supplies the structured interaction descriptors fed to
the intent module.

B. Language-Guided Multi-Agent Intent Anticipation

For each interaction participant the intent module infers
intent hypotheses with confidence estimates and an intent
divergence signal. Inputs are structured descriptors: relative
positions, closing speed, heading offset, lane assignment,
an occlusion flag, and the interaction-phase label (pre-
interaction, during, post-interaction). On the monocular clips
the occlusion flag is set only for an agent that has passed
out of the field of view; the nuScenes windows use the
recorded visibility level. Outputs are intent hypotheses with
uncertainty and correction/gating signals; the model never
outputs control commands and no raw pixels enter it. Each
cycle carries a risk-intent state for the primary interacting
agent: Red (intent conflict), Yellow (advisory), and Green
(aligned). Red issues the correction signal.

1) Intent distribution and uncertainty: Let the interac-
tion at planning cycle t be summarized by a descriptor
vector xt. The module maps xt to a hypothesis over I =
{yield, block,merge, pass, uncertain} as a categorical distri-
bution

pt(i) ≜ Pr(It = i | xt), pt(i) =
exp

(
zt(i)/τ

)∑
j exp

(
zt(j)/τ

) ,
(1)

where zt are the model’s unnormalized label scores and
τ > 0 calibrates confidence. The MAP label is ı̂t =
argmaxi pt(i) and the confidence is ct ≜ pt(̂ıt); ct is the
only distributional quantity the gate consumes.

2) Intent-geometry divergence: Let πpred
t denote the mo-

tion mode implied by the geometric predictor and the
planner’s currently committed maneuver set (opens gap,
closes gap, crosses lane, passes clear, ambiguous; a commit-
ted lateral excursion of the ego maps to crosses lane), and let
π(̂ıt) denote the semantic mode of the inferred label. Their
consistency is a fixed lookup table dt ∈ [0, 1], part of the
frozen configuration. The divergence score and its smoothing
are

st ≜ (1− ct) + λ dt, s̄t ≜ α s̄t−1 + (1− α) st, (2)



Monocular
video

Perception stack
detector, lanes, ground plane

Digital twin (BEV)
road corridor, surface

Structured
interaction
descriptors

Intent module

LM + LoRA:  pt, ̄st, gt

Surrogate planner
pure pursuit, 1 s commit

Maneuver gating
+ plan repair

Safety
envelope

gt = 1

repair

committed trajectory

intent state (tighten)

pre-commitment path
reactive backstop

Fig. 1. System overview. Monocular video feeds the perception stack and a lightweight digital twin, which provide scene context for the language-guided
intent anticipation module. Intent hypotheses and the divergence signal drive maneuver gating and plan repair upstream of trajectory commitment. A safety
envelope, conditioned on the intent state, bounds residual risk as a backstop.

frame 968: detector + tracker + lane fits + ground plane

agent lane=left lon=+28.0m lat=-5.7m
closing=+190.5m/s heading_off=+6.8deg
 occluded=no
phase=pre ego_lane_offset=-0.2m
 lane_width=+3.2m
baseline_forecast=passes_clear
[closing beyond plausibility bound:
 long-range noise]

lane width measured: 3.41 m
mpp at bottom row: 0.0017 m/px
ego offset: -0.174 m   lane_ok: True

serialized descriptor (model input)

Fig. 2. The rebuilt perception stack on main-case frame 968: YOLOv8 detection with ByteTrack id, color-based centerline/edge-line fits, calibrated
horizon, ground-plane range, and the serialized descriptor record consumed by the intent module. The record carries the per-frame lane width (3.2 m here)
while the side panel reports the clip-level median used to anchor the ground plane (3.41 m); the descriptor is deliberately per-frame. The closing-speed
entry exceeds the plausibility bound at this range and is marked as long-range noise (Section IV-D).

and the conflict flag is

gt ≜ ⊮{s̄t ≥ θ}. (3)

3) Uncertainty as abstention (v2): The first calibration
(v1) scored d(πpred, uncertain) = 0.5 for every non-
ambiguous forecast: not knowing was treated as half a
conflict. Section V-C shows this single entry produced every
nominal false trigger, and Section V-B shows it also man-
ufactured one apparent detection. The redesigned scoring,
preregistered before implementation with acceptance criteria
(Section V-A), treats uncertain as an abstention rather than
a semantic hypothesis:

• d(πpred, uncertain) = 0 for every non-ambiguous πpred;
the ambiguous entry was already 0 in v1, so under v2
abstention never contributes disagreement;

• a cycle whose MAP label is uncertain raises at most a
Yellow advisory; Red, and therefore gating and repair,
is reachable only on a cycle whose own MAP label
is a semantic hypothesis (yield, block, merge, pass).
Abstaining cycles still contribute their (1 − ct) to s̄t,
so the memory of an uncertain stretch can carry into
the first semantic cycle that follows;

• dual-threshold hysteresis: the flag is raised when s̄t ≥
θon on an eligible cycle and clears only when s̄t <
θoff = θon−0.10, the offset fixed in the preregistration.

Everything else in Eq. (2)–(3), including the (1 − ct) term,
is unchanged. v2a denotes abstention alone; v2b (primary)
adds hysteresis.



C. Intent-Aware Decision Correction and Plan Gating

When gt = 1, the correction module intervenes upstream
of commitment: maneuver gating restricts the admissible
maneuver set (suppressing lateral corrections in the post-
interaction window), and plan repair returns the committed
trajectory toward the lane center at a bounded lateral rate.
Both act before execution; their timing is measured, not
assumed, in Section IV-B.

D. Intent-Conditioned Safety Envelope

A safety envelope enforces road-surface containment: a
committed next-horizon waypoint outside the corridor rejects
the trajectory, and the corridor tightens under Yellow or Red.
In the surrogate the rejection is instrumented as a signal only
(no minimum-risk maneuver executes), so the envelope arm
measures when a corridor check would notice the excursion,
not what a controller would do about it; its 10/10 exits in
Table I follow from that instrumentation, not from corridor
filters in general.

E. Implementation, Training, and Calibration

The original implementation of this system was lost;
everything below describes a new implementation built in
August 2026, and all numbers in this paper are measurements
from it. The v2 redesign was preregistered before implemen-
tation, and θon was the only recalibrated parameter.

Model. The intent module is Qwen2.5-0.5B (496M pa-
rameters including the adapter), adapted by LoRA (rank 16,
alpha 32, q/k/v/o projections) to map a serialized descriptor
string to an intent label; label scores are read from the five
label-token logits, with no free-form generation. Inference
runs in bfloat16 on a single RTX 5090 laptop GPU.

Descriptor serialization. Each xt is a fixed-schema text
record (per agent: relative longitudinal and lateral position,
closing speed, heading offset, lane assignment, occlusion
flag, phase label, then πpred

t ), following the scoped serial-
ization of [19]; an actual record appears in Fig. 2.

Training data. Fine-tuning uses 55,433 interaction win-
dows (majority class capped) from nuScenes v1.0-trainval
metadata [23], labeled by a deterministic rule on each agent’s
future annotated kinematics over 2.0 s: an agent is merge if it
enters the ego lane while closing laterally, pass if its relative
longitudinal position changes sign while it stays out of the
ego lane, yield if it decelerates by at least 1.5 m/s while the
gap does not shrink, block if it holds the ego corridor ahead
at constant speed with the gap not growing, and uncertain
otherwise. No human annotation is involved. Distribution:
uncertain 30,296, pass 15,148, block 4,572, merge 4,452,
yield 965. Windows are split by scene (80/20).

Calibration. τ = 0.885 is fit by NLL minimization on
the validation split; validation accuracy is 0.889 with ECE
0.008 on 4,000 held-out-scene windows; per-label accuracy
is uneven (pass 0.90, block 0.87, uncertain 0.92, merge
0.23, yield 0.05 on small counts). v1 gating parameters:
λ = 1.0, α = 0.7, θ = 0.55, chosen on validation interaction
tracks (394 conflict vs 1,863 others) at the maximum of
detection rate minus false-positive rate. For v2, the same

tracks, criterion, and stored logits were used in a single pass
to choose θon = 0.35 (detection 0.632, false positive 0.345);
τ , λ, α carry over unchanged. Each configuration was frozen
before its experiments and untouched afterwards.

Cycle budget. The planning cycle is 100 ms. The intent
forward pass takes 32.7 ms median (34.2 at p90) over
200 timed calls; the intent-plus-gating-plus-repair portion
of a cycle averages about 38 ms wall time. Frames are
preprocessed offline; perception time is not part of any
reported latency.

IV. REPLAY STUDY OF A REAL-WORLD FAILURE

A. Scenario

We study a real-world monocular video of an oncoming-
vehicle interaction on a two-lane rural road [26], re-acquired
at 2896×1876, 30 fps, 45.75 s. An oncoming pickup passes
and, in the original incident, the production planner generates
a post-interaction lateral correction that crosses the center-
line, leaves the road, and ends in a rollover. We do not have
access to the production planner; the failure is replayed as
described next.

B. Replay Protocol, Anchors, and Latency Measurement

The perception stack produces per-frame descriptors; a
surrogate ego planner (pure pursuit on the perceived lane
center with a lateral-offset correction term) is driven by the
same descriptors, and its committed next-horizon trajectory
follows the perceived lateral state. Run without correction
it reproduces the observed off-road excursion; this is the
Baseline.

All instants are defined by deterministic rules:
• t0: first frame after the oncoming vehicle’s rear edge

clears the ego plane; frame 978 (t = 32.60 s).
• Anchor 1, drift onset: first frame at which the lane-

normalized ego offset exceeds 1.0 m and keeps growing
for five valid frames; frame 983, 167 ms after t0.

• Anchor 2, corridor exit: first cycle at which the
Baseline’s executed lateral state leaves the corridor;
cycle 330 (t = 33.0 s), 400 ms after t0.

• Commitment: the planner hands its next 1.0 s horizon
to the tracker at the end of every 100 ms cycle; tgate
/ tenv: first cycle at or after t0 with gt = 1 / with an
envelope rejection.

Every lead or offset names its anchor. Latency after t0 is
cycle offset plus that cycle’s measured compute time, wall
clock, over 10 replays per configuration. The replays are de-
terministic in their decisions: every replay of a configuration
fires in the same cycle, and the reported standard deviations
reflect only the wall-clock jitter of that cycle’s computation.

C. Configurations and Results

We compare Baseline, Intent Only, Envelope Only, and
Full, each under v1 and under the preregistered v2 configu-
rations.

Table I reports the outcome. The Baseline exits the cor-
ridor in all replays. Intent gating repairs the plan in all
replays under v1, v2a, and v2b alike: relative to the two



TABLE I
MAIN-CASE OUTCOME AND DETECTION LATENCY, 10 REPLAYS PER

ROW; ± IS ONE STANDARD DEVIATION. GATE ANCHORS: DRIFT ONSET

(A1) AND CORRIDOR EXIT (A2).

Cfg. Arm Exit Repaired Latency after t0

v1 Baseline 10/10 no n/a
v1 Envelope Only 10/10† no 100.0± 0.0 ms
v1 Intent Only 0/10 yes 238.1± 1.1 ms
v1 Full 0/10 yes 239.6± 2.3 ms
v2a Intent / Full 0/10 yes 233.3± 1.0 ms
v2b Intent / Full 0/10 yes 234.4± 3.7 ms

†The envelope rejects the committed trajectory in 10/10 replays (intercep-
tion) but acts after commitment and does not modify the plan. Baseline and
Envelope arms are gate-independent and identical across configurations.

̄st=0.23  intent=uncertain
agent: lon=- m  lat=- m
closing=- m/s  lane=-
ego offset=-0.784 m

Yellow onset (frame 981, t=32.70 s)

̄st=0.55  intent=pass
agent: lon=- m  lat=- m
closing=- m/s  lane=-
ego offset=-1.076 m

Red onset (frame 983, t=32.77 s)

Fig. 3. Main case, v2b Full replay: the input frames of the Yellow-onset
and Red-onset cycles (frames 981 and 983), not the instants at which those
states take effect; the cycle that consumes frame 983 starts at t0 +200 ms
and its gate decision lands 34 ms into that cycle, which is the t0 +234 ms
of Table I. The panel shows dashes when no agent is in view, which is
the situation throughout the post-interaction window. Closing speed beyond
the plausibility bound is displayed as long-range noise (Section IV-D). All
quantities from the recorded cycle log.

anchors, the gate fires 72.2 ± 2.0 ms after the drift onset
and 161.1 ± 2.0 ms before the corridor exit under v1, and
67.7±3.7 ms after / 165.6±3.7 ms before under v2b, always
before the corresponding commitment. The envelope flags
the excursion at 100.0 ± 0.0 ms after t0 (its horizon check
spans the full committed 1 s, so on a fast excursion it is
effectively a one-cycle detector), but only the gated planner
produces a corrected, in-corridor commitment.

D. Failure Mode Analysis

The anatomy is identical in all replays. At t0 the passed
vehicle leaves the field of view; one cycle later the planner,
following the corrupted post-pass lane perception, commits a
horizon that crosses the corridor bound, which the envelope
flags immediately. One cycle after that the committed lateral
rate becomes geometrically abnormal (crosses lane), the in-
tent module reads a low-confidence pass (ct = 0.51) against
it, the table scores dt = 0.8, and s̄t crosses the threshold:
Red, gate, repair. Because the trigger routes through a
semantic hypothesis, not through uncertain, the v2 scoring
leaves it intact, as Table I confirms.

One perception observation belongs here: beyond roughly
50 m ground-plane ranging is pixel-noise dominated and
serialized closing speeds become implausible (a v1 cycle
carried 299.7 m/s); this sits upstream of some uncertain
outputs, tying perception noise to the abstention pathway of

0.0

0.2

0.4

0.6

0.8

̄ s t

θ

t0

commit

tgate

tenv

v1

29 30 31 32 33 34 35
time (s)

0.0

0.2

0.4

0.6

0.8

̄ s t θon

θoff

t0

commit

tgate

tenv

v2b

Fig. 4. Smoothed divergence s̄t on the main case for v1 (top) and
v2b (bottom), with t0, the first commitment, tgate, tenv, and for v2b the
hysteresis pair θon/θoff . The v2b trace stays above θoff to the end of the
window, so the flag remains raised and lateral corrections stay gated for the
rest of the replay; release requires s̄t to fall below θoff , which needs a run
of confident, geometry-consistent cycles. From the recorded cycle logs.

Section III-B.3, and the figures mark such values rather than
displaying them as physics. The frozen serializer does not
clip them; clipping belongs to the next freeze.

V. TWO ROUNDS OF EXTENDED EVIDENCE

A. Preregistration and Acceptance

The v2 redesign was preregistered before implementation,
with the acceptance criteria fixed in advance and θon declared
the only recalibrated parameter. Table II reports the verdicts.
A2 is reported as failed as written and is not redefined
retroactively: its wording asks for a flag before the drift
onset in all five cases, and two cases miss that instant. Clip
000228 misses it by 1.1 s (Section V-B). The main case
misses it by 67.7 ± 3.7 ms: its gate falls after the drift
onset, though it precedes the corridor exit by 165.6±3.7 ms
(Section IV-B), which is the anchor the criterion should have
named. v1 misses the same criterion on the main case by
72.2± 2.0 ms. A mixed-anchor criterion would have passed
4/5; we did not rewrite it. The dated adjudication addendum
keeps v2b primary and requires the failed item disclosed and
anatomized.

B. Additional Interaction Clips

From the 801 ego-involved crash clips of the Car Crash
Dataset [22] we screened for clips with (F1) a visible
pass/merge/overtake/oncoming interaction before the acci-
dent, (F2) failure onset within 3 s of the interaction end, and
(F3) an ego-motion failure rather than third-party intrusion.
Four clips passed; at screening freeze each was typed:
000754 and 000871 (with the main case) are intent-level



TABLE II
PREREGISTERED ACCEPTANCE CRITERIA FOR V2B AND MEASURED

VERDICTS.

Criterion (preregistered) Verdict

A1 false triggers ≤ 0.5/min pass: 0.341/min
A2 flag before drift onset, all 5 cases fail: 3/5
A3 E1 outcomes unchanged pass
A4 merge control (descriptive) Red 6/10 → 4/10

TABLE III
DIVERGENCE-FLAG BEHAVIOR ON THE FOUR CCD CLIPS UNDER V1
AND V2B. OFFSET IS FROM t0 (GATE-CYCLE COMPUTE INCLUDED);

LEAD IS TO THE DRIFT-ONSET ANCHOR; OFFSET PLUS LEAD IS

THEREFORE CONSTANT PER CLIP UP TO COMPUTE TIME. NEGATIVE

LEAD = FLAG AFTER ONSET.

v1 v2b
Clip Type Level Offset Lead Offset Lead

000754 oncoming intent 436 700 133 1000
000871 overtake intent 137 1400 138 1400
000676 pass boundary 838 800 834 800
000228 pass boundary 1034 100 2234 −1100

failures (the ego commits a wrong maneuver against the
interaction semantics), while 000676 and 000228 are post-
interaction loss-of-control boundary checks. Every screened
clip’s accept or reject decision, with the failing flag, is
recorded in the artifact bundle.

Under v1 the uncorrected planner exits the corridor in 4/4
and the flag precedes the drift onset in 4/4 (median lead
750 ms). Under v2b, every intent-level failure is detected
with equal or better lead (000754: 700 to 1000 ms; 000871:
1400 ms; main case unchanged), and boundary check 000676
is retained (800 ms). Boundary check 000228 is the prereg-
istered criterion v2 fails: its flag comes 1.1 s after the onset.
The cycle logs show why: the v1 trigger on this clip was
reached with 10 of the 12 preceding cycles carrying MAP
uncertain, 9 of them scored d = 0.5, the same anatomy as the
nine nominal false triggers of Section V-C. The v1 detection
on 000228 was the diagnosed defect firing coincidentally
100 ms before the onset. In one sentence: the defect inflated
both the false positives and the apparent detections, and the
fix converges both.

On these 5 s pre-crash cuts the ego is already at the
corridor boundary when the gate fires, so repair mitigates
but cannot restore containment (0/4 both rounds); detection
lead and recoverability remain separate quantities.

C. False-Trigger Rate on Nominal Driving

Zero-interaction scenes are essentially absent in urban
nuScenes: one clear-weather validation scene (0.06 min)
contains no event of any kind. The nominal set is therefore
a disclosed proxy: the 20 largest clear-weather validation
scenes with no conflict event (no block/merge/yield window);
routine passes remain. Cycles are keyframe-synchronous at
2 Hz, against 10 Hz on the clips and the highway probe. With

TABLE IV
FALSE TRIGGERS ON THE IDENTICAL 703-CYCLE (5.86 MIN) NOMINAL

SET, AND ON THE OUT-OF-DOMAIN HIGHWAY PROBE‡ (8 COMMA2K19
SEGMENTS, 4,792 CYCLES, 8.0 MIN; REPORTED SEPARATELY, NOT

MERGED).

Config Triggers Per minute Yellow Red

v1 9 1.537 30.9% 5.8%
v2a 2 0.341 5.3% 0.3%
v2b 2 0.341 4.1% 1.4%

v1 (hwy)‡ 203 25.4 16.2% 45.5%
v2b (hwy)‡ 60 7.5 18.7% 19.9%

α = 0.7 the smoother’s time constant is therefore five times
longer in wall-clock terms on this set, which makes a trigger
harder to reach per unit time; the per-minute rates across
sampling rates are indicative rather than strictly comparable.

Table IV reports both rounds. All nine v1 triggers share
one anatomy: a routine pass is labeled uncertain with mod-
erate confidence, scored as half a conflict, and the EWMA
integrates past θ = 0.55. As a diagnostic bridge (a post-
hoc replay), zeroing that single table entry on the stored
logits removes all nine. The fresh v2 runs land at 2 triggers
rather than 0 because θon was recalibrated down to 0.35:
both v2b triggers route through semantic pass cycles rather
than through uncertain, and both need the (1 − ct) term
to clear θon: one at ct = 0.53 against an unremarkable
forecast, and one on a single crosses lane cycle at ct = 0.76,
where the disagreement term alone reaches only 0.24 after
smoothing. The remaining rate, 0.341 per minute, is within
the preregistered bound; the abstention alone (v2a) accounts
for the reduction, and hysteresis mainly stabilizes the raised
flag (Red fraction 0.3% to 1.4% as the flag persists between
thresholds).

As an out-of-domain probe, eight comma2k19 highway
segments [25] (first segment per route, fixed luma rule,
no content-based selection) ran through the identical frozen
pipeline: 4,792 cycles, 8.0 minutes. Both configurations far
exceed the usability bound (v1 25.4, v2b 7.5 per minute):
the lane estimator keys on a yellow centerline this corpus
lacks (fits on 4.5% of frames), the ground plane falls back
to a default horizon, and 44 of 60 v2b triggers pair a block
hypothesis (median confidence 0.84) with an ambiguous
forecast in dense car-following. These are semantic-route
triggers from out-of-domain perception, not the repaired
scoring; they quantify the calibration-domain limitation and
are reported separately.

D. What the Language Model Contributes

The main-case trigger routes through a pass hypothesis
read against a crosses lane forecast, and the forecast mode
is set by the ego’s own committed lateral rate. How much
of the detection is the language model doing? We answer
with a diagnostic replay that varies only the scoring term
and holds every other configuration element fixed: full is the
paper’s score; d-only drops the (1− ct) term; geometry-only



ignores the model entirely and scores 1 whenever πpred
t =

crosses lane. The indicator passes through the same EWMA
and the frozen θon = 0.35, so a single crosses lane cycle
contributes 1− α = 0.3 to s̄t.

A defect disclosure first: an earlier run of this ablation
reported all three variants firing in identical cycles, because
the replay driver silently ignored the variant switch and ran
the full score three times; the defect was exposed by a later
fusion experiment and the driver corrected. Tables I, III and
IV were unaffected: the first two run only the full score, and
the nominal-set path had always produced distinct per-variant
counts. The one-line fix and an independent recomputation of
every variant cycle from the logged inputs are in the artifact
bundle; the recomputation reproduces the corrected driver
cycle for cycle. The corrected replay reverses that reading:
the full score detects fastest on four of five failures under the
deployed eligibility (three of five against the unvetoed rule,
below) and most completely. Under the deployed eligibility,
geometry-only fires on all five but one cycle later on the
main case, 300 ms later on 000754, after the onset on both
boundary checks (000676 at −1.0 s where full leads by 0.8 s;
000228 at −1.5 s against full’s −1.1 s), and one cycle before
full only on 000871; d-only never fires on either boundary
check, so dropping the (1 − ct) term costs two of the five
detections. Under pure, model-free eligibility the rule moves
only on the boundary checks, to cycle 15 (000676) and 12
(000228), both before the onset: the abstention veto pushes
both past it, suppressing pre-onset geometric triggers that
ride uncertain stretches, v1’s coincidental-detection anatomy;
signal or coincidence, five clips cannot say. The abstention
veto acts alongside: the gate applies it (an uncertain cycle
cannot raise Red) to every variant, and the genuinely model-
free rule, freed of it, draws four nominal false triggers
(0.68 per minute) against the full score’s two and d-only’s
none; the veto removes all four and none of the deployed
gate’s five detections, each of which fires on a semantic-
label cycle, while delaying the unvetoed rule past the onset
on both boundary checks. Because uncertain is a 0.92-
accuracy majority class, the veto may still be blanket rather
than selective on this evidence. All five cases contain a
geometrically abnormal ego maneuver by the time the flag
is due; the regime where the conflict is legible in the other
agent first is tested in Section V-E.

E. Anticipation When the Cue Is in the Other Agent

To test the regime the replays cannot reach, we evaluate
the same scoring variants on nuScenes interaction tracks,
where there is no ego planner and therefore no committed-
maneuver cue. Tracks are the (scene, instance) sequences of
the validation split; a track is positive if any of its windows
carries the rule label block or merge (394 tracks), negative
otherwise (1,863). Because θ was calibrated for the full
score, each variant is swept over the same grid and reported
at its own best operating point; anticipated counts tracks
whose flag rises strictly before the first conflict-labelled
window.

Read at each variant’s own best point, Table V looks

TABLE V
CONFLICT ANTICIPATION ON 394 POSITIVE AND 1,863 NEGATIVE

NUSCENES TRACKS, EACH VARIANT AT ITS OWN BEST POINT;
DAGGERED ROWS: BOTH CHANNELS AT MATCHED FALSE POSITIVES

(0.093). GEOMETRY-ONLY ROWS ARE MODEL-FREE (NO ABSTENTION

ELIGIBILITY); ANTICIPATED = FLAGS RAISED BEFORE THE FIRST

CONFLICT-LABELLED WINDOW.

Score θ Det. FP Anticip. Lead

full 0.35 0.632 0.345 67 3.0 s
d only 0.18 0.535 0.257 55 3.0 s
(1− c) only 0.20 0.726 0.514 71 3.5 s
geometry only 0.10 0.896 0.213 45 2.0 s

full† 0.78 0.234 0.093 21 1.5 s
geometry only† 0.45 0.800 0.093 19 2.5 s

like a trade: the geometric rule discriminates far better
(Youden J of 0.683 against 0.287) while the model-driven
scores anticipate more conflicts, 67 and 71 against 45, with
slightly longer leads. That reading does not survive matching:
anticipating is easy for a flag that fires readily, and the model-
driven rows sit at up to 2.4 times the geometric rule’s false
positives. Held at the same 0.093 false positives, the full
score detects 0.234 of the conflicts and anticipates 21 with a
1.5 s median lead, against the geometric rule’s 0.800, 19 and
2.5 s. Splitting the positives does not rescue the model either:
on the 55 tracks whose conflict is block only, and therefore
longitudinal rather than lateral, the matched geometric rule
still detects more (0.527 against 0.364; detection is track-
level, so lateral motion elsewhere on the track counts) and
neither variant anticipates a single one. On this evidence the
language model does not buy detection or discrimination
once precision is held fixed, and its anticipation edge is
two tracks against a 1.0 s shorter lead. Three caveats bound
that statement rather than soften it: the positive class is
defined by the same rule that produced the training labels and
whose lateral-velocity ingredient the geometric variant keys
on, so both see part of the label’s construction; the tracks
are those θon was calibrated on (the full row at θ = 0.35
reproduces Section III-E’s calibration numbers; no held-out
split is claimed); and a single rule-labelled corpus cannot
speak for interactions whose semantics are not reducible to
kinematics.

A preregistered control (A4) scored 10 merge scenes at
frozen thresholds: Yellow rose in the merge windows in 6/10
scenes in both rounds; Red in those windows fell from 6/10
(v1) to 4/10 (v2b), so Red selectivity improves under v2 but
remains partial.

VI. LIMITATIONS

The implementation was rebuilt in August 2026 after the
original artifacts were lost; latency figures characterize this
surrogate stack, not a production planner. v2 was evaluated
on the same data as v1 by design; no new domains are
claimed. The gate was calibrated on nuScenes validation
tracks and the false-trigger measurements are in-domain;
the main case (rural) and the CCD clips lie outside the



calibration domain, no transfer of the calibration is claimed
for them, and the highway probe of Section V-C shows it
does not transfer to out-of-domain perception. CCD clips are
5 s pre-crash cuts, too short to assess recoverability. The road
corridor is semi-automatic and the monocular ground plane
rests on an assumed camera height and field of view, with
far-range closing speeds dominated by noise (Section IV-
D). The intent module’s minority classes (yield, merge)
are weak; labels come from a deterministic rule. The v2
recalibration touched only θon; the (1 − ct) term is the
remaining confidence-as-conflict pathway: v2 removed the
route through the uncertain label, but a merely unconfident
semantic hypothesis can still drive the score, which buys
two of the five detections at the cost of both surviving
nominal triggers (Section V-D). Descriptors are monocular;
the cooperative (V2V) extension [24] is not evaluated here.

VII. CONCLUSION

We measured an intent-gating mechanism end to end
under frozen, fully disclosed configurations, twice. Round
one supported it as a prevention layer: on five real ego
failures the flag preceded the corridor exit on the main case
and the drift onset on the four clips, and gating was the
only layer that repaired the plan. Round one also priced it:
detection lagged a full-horizon corridor check, and nominal
driving drew 1.54 false triggers per minute, all from scoring
model uncertainty as half a conflict. Round two, preregistered
before implementation, redesigned that single scoring choice
into abstention semantics with hysteresis: false triggers fell
to 0.341 per minute and every intent-level detection was
preserved, while the one preregistered criterion v2 misses
is precisely where the cycle logs show a v1 detection man-
ufactured by the scoring defect: a defect that inflates false
positives can inflate detections too. The same discipline then
corrected our own bound: a replay defect had made the five-
case ablation report identical firing cycles for every scoring
variant, and the corrected replay reverses that reading. On
the five real failures the full score detects fastest on four of
five under the deployed eligibility, three of five against the
unvetoed rule (000871 by one cycle; 000228 by a pre-onset
fire on an uncertain stretch; dropping the confidence term
costs two detections), and the model’s uncertain veto keeps
the nominal set quiet (four model-free false triggers against
two). Where the cue is in the other agent instead, the model
appears to buy anticipation, 67 conflicts against 45, until
the comparison is held at equal false-positive rate, at which
point the geometric rule roughly matches its anticipation and
more than triples its detection. That is a narrow result on one
rule-labelled corpus and five replayed failures; the work that
would change it: interactions whose semantics kinematics
cannot recover, and a score that combines the two cues rather
than letting one stand in for the other.
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