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Abstract

Closed-loop traffic behavior for heterogeneous road users
(vehicles, two-wheelers, and pedestrians) requires a scene
representation that captures not only spatial proximity but
anticipatory risk between agent pairs. We present HEAT
(Heterogeneous Edge-Aware Trajectory generation), a sub-
mission to the HetroD Challenge v1.0. HEAT encodes
each scene through a two-layer graph that couples a static
map of typed road regions to a per-frame agent interac-
tion graph. Because the dataset contains heterogeneous
agents ranging from vehicles and two-wheelers to pedes-
trians, conventional surrogate measures such as TTC and
DRAC become undefined in the frames where agents are
not yet closing on each other. CCAR is embedded on cross-
type edges to fill this gap, carrying a continuous risk signal
across every agent pair at every frame, so the graph en-
codes how risk is conveyed between agents rather than only
where they are. That risk-aware encoding then conditions a
diffusion decoder, which generates 32 stochastic 8-second
futures per agent through FiLM, so each rollout reflects
the interaction context of that specific agent rather than a
generic trajectory. The multi-agent interaction evaluation
scores four components with fixed weights: Kinematic real-
ism (0.30), Safety (0.35), Cross-type interaction (0.25), and
a Coverage bonus (0.10), where the overall score is com-
puted as:

Overall = 0.30K+0.35S+0.25X+0.10 ·C ·K ·S (1)

where K, S, X , and C denote Kinematic, Safety, Cross-
type, and Coverage scores respectively. The Coverage
bonus is quality-gated: it contributes only when both kine-
matic and safety fidelity are high. On the held-out vali-
dation split, HEAT V2 scores 0.577 overall, clearing both
non-learned baselines. The primary remaining weakness is
Cross-type interaction (0.518), specifically distance prox-
imity between heterogeneous agent pairs. Because agents
are decoded independently, co-simulated agents drift into
shared space without awareness of each other’s evolving
paths. A post-hoc joint sample re-pairing procedure and

a Risk-aware Self-Consistent (RaSc) auxiliary supervision
objective were introduced to address this, improving the
overall score from 0.507 to 0.577.

1. Introduction
Multi-agent trajectory generation has become a founda-
tional challenge in the development of autonomous vehi-
cles, requiring models that can simultaneously represent di-
verse agent types, capture their interactions, and produce
physically plausible futures at scale. A substantial body of
work has addressed this challenge through a range of gener-
ative architectures from generative adversarial networks and
variational autoencoders (VAE) to, more recently, denois-
ing diffusion probabilistic models (DDPM)- whereby each
of these generative architectures offers distinct trade-offs in
sample quality, diversity, and training stability [1, 7, 23].
While these advances have steadily improved trajectory
fidelity and diversity, the challenge of generating coher-
ent multi-agent rollouts in heterogeneous, real-world traffic
scenes remains an active frontier [11].

A key design dimension in this space is the choice be-
tween open-loop and closed-loop simulation. Open-loop
evaluation measures prediction accuracy against recorded
ground truth, but does so under the assumption that the en-
vironment is static and the generated trajectories do not feed
back into the scene, meaning compounding errors in agent
behavior go undetected [4, 6]. Closed-loop simulation re-
moves this assumption as agents respond to one another’s
evolving states, exposing the model to the distribution of
futures it actually induces rather than the distribution it was
trained on [21]. For the task of generating 32 stochastic roll-
outs per scenario across all agent types, as required by the
HetroD Challenge, the closed-loop setting is the appropri-
ate evaluation regime because it directly rewards behavioral
realism and penalizes trajectories that place agents in phys-
ically untenable configurations.

Modeling heterogeneous agent interactions in this set-
ting demands a representation capable of capturing struc-
tured relationships across agent types and spatial context



simultaneously. Graph attention networks (GATs) have
emerged as a principled approach to this problem, encoding
each agent’s relationship to its neighbors through learned,
attention-weighted edge aggregation [5, 14, 15]. Unlike
fixed-weight graph convolutions, attention-based aggrega-
tion allows the model to selectively amplify the edges most
relevant to each agent’s future, a property particularly valu-
able in heterogeneous scenes where the relevant interac-
tion partners for a pedestrian and for a vehicle may differ
sharply. Prior work has demonstrated the value of this class
of model for lane-change conflict prediction, crash risk as-
sessment, and multi-agent trajectory encoding [16].

Beyond interaction modeling, the scene representation
must carry explicit risk information at every frame, not only
when agents are already closing on each other. Safety is the
highest-weighted component in the evaluation (0.35), and a
model that cannot represent risk during the build-up phase
of a conflict will only ever react to danger rather than an-
ticipate it. Conventional surrogate safety measures such as
Time-to-Collision (TTC) and Deceleration Rate to Avoid a
Crash (DRAC) fail precisely here: both are undefined for
the class of frames where closing motion is absent yet real
risk is present [3, 17]. A vehicle following a lead vehi-
cle that is accelerating away creates no collision course in
the TTC sense, even though a sudden brake by the leader
would immediately expose the follower to danger. Because
safety cannot be optimised from a signal that goes silent in
the frames that matter most, counterfactual risk reasoning is
embedded instead: at every frame, the question asked is not
whether agents are closing, but whether the follower could
respond if the leader braked now and how risk grows within
each pairs.

For the generative stage, diffusion models have demon-
strated strong capabilities in modeling multimodal trajec-
tory distributions, avoiding the mode collapse and training
instability associated with GAN-based approaches while
supporting principled stochastic sampling [12, 23]. Their
application to trajectory generation has spanned pedestrian
motion, vehicle motion forecasting, and controllable scene
generation [18, 19, 22], with recent work establishing dif-
fusion conditioning on scene context as a stable and expres-
sive paradigm [2, 8, 20].

This report presents HEAT (Heterogeneous Edge-
Aware Trajectory generation), a method developed for the
HetroD Challenge v1.0 submitted under team mxr. HEAT
couples a two-layer edge-aware GAT encoder adapted from
a prior representational framework of coupled road and in-
teraction graphs [10] with a FiLM-conditioned 1D U-Net
diffusion decoder extended from a car-following genera-
tive model [9]. Cross-type edges between vehicles and
pedestrian-class agents carry generalized Counterfactual
Closing-Acceleration Risk (CCAR) values, providing the
model with anticipatory risk information that conventional

surrogate safety measures cannot supply in the same frames.
The decoder operates under a v-prediction parameterization
with a rescaled zero-terminal-SNR noise schedule [13], a
modification adopted to resolve a generation-collapse fail-
ure diagnosed during development. The resulting system
generates 32 stochastic 8-second closed-loop rollouts per
scenario across all agent types, evaluated against kinematic
realism, safety, and cross-type interaction criteria.

2. Method

2.1. Problem Statement
The HetroD Challenge requires generating 32 stochastic
8-second futures for every agent in a mixed urban traf-
fic scene, evaluated on kinematic realism, spatial validity,
cross-type interaction quality, and diversity of generated fu-
tures. The underlying traffic engineering problem is one of
behavioural plausibility of do the generated rollouts reflect
the kinds of decisions real road users make, given their type,
their location, and the risk posed by nearby agents?

Three requirements follow from this framing. First, the
scene representation must distinguish agents by type and
location in a way that reflects how behavioural relevance
is actually distributed in traffic. A pedestrian mid-crossing
and a pedestrian waiting at a kerb occupy similar spatial po-
sitions but carry entirely different implications for a nearby
vehicle’s next action. Second, the risk state of the scene
must be encoded at every frame, including frames where
conventional safety measures are silent. As risk in traffic
does not begin when agents are already closing on each
other; it accumulates during the approach phase, and a
model that cannot represent that accumulation cannot pro-
duce behaviourally realistic rollouts in the frames that pre-
cede a conflict. Third, the generative stage must produce a
distribution over plausible futures rather than a single pre-
dicted trajectory. At unsignalized crossings and shared-
space zones, road users face genuinely multimodal situa-
tions: a pedestrian may wait, cross, or retreat, and a model
that collapses this to one outcome misrepresents the deci-
sion space that surrounding agents must plan against.

HEAT addresses these three requirements through a two-
stage pipeline: a risk-aware scene encoder that produces
a per-agent conditioning embedding, and a generative de-
coder that samples a trajectory ensemble conditioned on
that embedding.

2.2. Method Overview
HEAT couples a two-layer edge-aware Graph Attention
Network (GAT) encoder with a FiLM-conditioned 1D U-
Net diffusion decoder. The encoder operates once per sce-
nario frame, ingesting a macroscopic map graph, a per-
frame agent interaction graph, and the spatial coupling be-
tween them, to produce a 128-dimensional conditioning



vector for each agent. The decoder performs 300-step re-
verse diffusion independently per agent, conditioned on that
embedding, to produce (x, y, yaw) rollouts across 80 fu-
ture steps. The two-layer graph representation, comprising
a road-level map graph coupled to a per-frame interaction
graph, is adapted from a prior representational framework
by the author [10]. The GAT encoder and diffusion decoder
built on top of that structure are new work developed for
this submission.

2.3. Model Architecture

Why GAT. In heterogeneous traffic scenes, the behavioural
relevance of nearby agents is asymmetric and context-
dependent. A pedestrian waiting at a kerb does not constrain
a through-moving vehicle in the way a pedestrian mid-
crossing does. A leading vehicle decelerating ahead is more
consequential to a following vehicle than a lateral vehicle at
the same distance in an adjacent lane. Fixed-weight graph
convolutions treat all neighbours within a radius equally,
which misrepresents how road users distribute their atten-
tion in practice. The GAT attention mechanism learns this
selective weighting from data, producing an agent encoding
that reflects the interaction priorities a real road user would
exercise in the same scene [5, 15]. A vehicle, a two-wheeler,
and a pedestrian at the same spatial distance from an ego
agent carry entirely different behavioural implications, and
the encoder is built to reflect that asymmetry.
Why diffusion. Traffic futures at unsignalized crossings
and shared-space zones are genuinely multimodal. A pedes-
trian may wait, step into the road, or retreat. A two-wheeler
may filter through a gap or hold position. Diffusion models
recover this distribution by generating samples through it-
erative denoising from distinct noise initialisations, produc-
ing rollouts that span the plausible behavioural space rather
than converging on a single modal prediction [11, 12]. The
FiLM conditioning mechanism ensures that each rollout is
anchored to the same risk-aware scene encoding, so di-
versity is constrained to behaviourally plausible variation
rather than unconstrained scatter.
Why CCAR. Conventional surrogate safety measures such
as TTC and DRAC measure risk only when agents are al-
ready on a closing trajectory. They are undefined in the
frames where a lead vehicle is accelerating away but a sud-
den brake would immediately expose the follower to dan-
ger [3, 17]. This blind region means that standard surro-
gate measures cannot characterise the risk state of a scene
during the build-up phase of a conflict, only during its exe-
cution. CCAR (Counterfactual Closing-Acceleration Risk)
resolves this by asking a counterfactual question at every
frame: if the lead agent applied a reference deceleration
now, could the following agent respond in time? This pro-
duces a risk signal that is continuous, defined at all frames,
and grounded in the same kinematic assumptions used in

highway design standards (AASHTO, bL = bF = 3.5 m/s2,
tr = 1.0 s). For HEAT, CCAR is generalised from vehicle-
following pairs to arbitrary heterogeneous agent pairs by
projecting each pair’s relative position, velocity, and accel-
eration onto their line-of-sight axis and calling the validated
CCAR closed-form kernel on the resulting scalars. Embed-
ding this signal on interaction graph edges means the scene
encoding carries information about latent conflict potential,
not only observed closing motion.
Macroscopic map graph G. A map graph is built once
per recording session from the dataset’s valid regions
polygons. Nodes are typed by region function: vehicle, cy-
clist, pedestrian core, pedestrian crosswalk,
and pedestrian road. This graph encodes the static
spatial structure of the scene and is shared across all sce-
narios from the same session, providing each agent with a
stable reference for where its type is permitted to operate.
Coupling τ . At each frame, every agent is assigned to the
map region(s) it physically occupies via point-in-polygon
test. Multi-membership is supported: an agent inside the
overlap zone of a crosswalk and a road region is flagged
for both. The resulting multi-hot region-membership vector
forms five of the fourteen node features, grounding each
agent in the physical map without requiring lane-snapping
or HD map lane connectivity. This was an important design
choice given the short (∼4.4 m average) lane segments in
this dataset, which made lane-based connectivity fragile in
early experiments.
Per-frame interaction graph. Edges are established be-
tween all agent pairs within a universal 10 m distance
gate, regardless of type combination. Cross-type edges
(vehicle/two-wheeler and pedestrian) carry a real-valued
generalised CCAR risk score R as an edge feature, repre-
senting the latent conflict potential between behaviourally
dissimilar agent pairs. Same-type edges, including vehicle-
vehicle, carry only structural features (relative position, rel-
ative velocity, distance); their interaction weights are left for
the GAT to learn from data without hand-engineered risk
priors.
GAT encoder. The encoder is a two-layer edge-aware
graph attention network. Layer 1 uses 4 attention heads
with hidden dimension 64; Layer 2 uses 1 head with out-
put dimension 128, producing the final per-agent condition-
ing embedding. Node features are 14-dimensional: position
(2), velocity (2), heading encoded as (cos, sin) (2), agent-
type one-hot (3), and τ region-membership flags (5, multi-
hot). Edge features are 11-dimensional: relative position
(2), relative velocity (2), distance (1), CCAR R (1, nonzero
on cross-type edges only), and a cross-type binary flag (1),
with remaining structural terms. Edge features are concate-
nated to source node features before the attention computa-
tion at each layer.
Diffusion decoder. The decoder is a 1D U-Net condi-



tioned via FiLM, extending the single-agent car-following
architecture from the author’s prior work [9] to multi-agent
(x, y, yaw) output. The conditioning signal fed to every
FiLM block is the concatenation of the GAT embedding
(128-dim), the agent-type one-hot (3-dim), and the sinu-
soidal diffusion timestep embedding. The decoder gen-
erates x, y, and yaw jointly over 80 future steps; the z-
coordinate is held constant at its last observed value. The
model uses v-prediction parameterization with a rescaled
zero-terminal-SNR noise schedule following Lin et al. [13]
across 300 diffusion steps.

2.4. Training Procedure
Training uses the full public train and validation splits of
the HetroD dataset (5,087 + 955 scenarios in ScenarioNet
format) across 48 recording sessions. After filtering to sce-
narios with at least one agent whose full 80-step future is
valid, 6,041 of 6,042 total scenarios are retained and split
85/15 into 5,135 training and 906 held-out validation sce-
narios.

Each scenario is conditioned on a single frame
(current time index) with the 80-step real future as
the generation target. Target (x, y, yaw) are normalized to
zero mean and unit variance using train-split statistics only;
denormalization is applied after sampling at inference time
to prevent leakage. The model is optimized with Adam
at a learning rate of 1 × 10−3, with gradient clipping at
max norm = 1.0 to stabilize diffusion training. The batch
unit is a full scenario: all valid agents in a given frame
are processed together in a single forward pass, allowing
the GAT to encode inter-agent structure over the complete
scene graph. Training runs for 30 epochs with checkpoint-
ing every epoch; the checkpoint selected for submission
achieves the highest overall score on the held-out validation
set under the official hetrod eval.py evaluator.
Generation-collapse diagnosis and fix. An earlier model
configuration produced near-identical outputs for all agents
regardless of identity, with a 99.7–100% collision rate. Di-
agnosis confirmed the GAT encoder was producing differ-
entiated per-agent embeddings, isolating the fault to the dif-
fusion schedule. The cosine noise schedule did not reach
true zero signal at its terminal training step (non-zero termi-
nal SNR), leaving residual real-position signal at the final
training step that was absent at actual sampling time. The
fix applied three changes simultaneously: target normaliza-
tion, a rescaled noise schedule following Lin et al. [13], and
the switch to v-prediction. This raised the overall validation
score from 0.397 to 0.507.

2.5. Data and Pretrained Models Used
The primary training data is the HetroD Challenge dataset
in ScenarioNet format. Two components from prior work
by the author are reused: the validated CCAR closed-form

kernel (ccar.py, v1.1.0), called directly to compute gen-
eralised risk values on arbitrary agent pairs, and the FiLM-
conditioned 1D U-Net diffusion architecture from the car-
following paper [9], extended from single-agent speed-only
to multi-agent (x, y, yaw) output and retrained from scratch
on the HetroD dataset. No third-party pretrained weights
are used. The one external published technique adopted is
the noise schedule rescaling and v-prediction fix from Lin
et al. [13], implemented from that paper’s specification.

2.6. Inference and Rollout-Generation Settings
At inference time, 32 independent rollouts are generated
per scenario by sampling distinct initial Gaussian noise vec-
tors and running the full 300-step reverse diffusion process
for each. No step-skipping or DDIM-style acceleration is
applied. Each agent’s 80-step (x, y, yaw) future is pro-
duced by its own conditioned diffusion chain anchored to
its GAT embedding, with no cross-agent coordination dur-
ing generation. Rollouts are denormalized using the train-
split (x, y, yaw) statistics after sampling. The z-coordinate
is filled by copying the agent’s last observed value across all
80 future steps. Inference runs on CPU; measured through-
put on the held-out validation set is approximately 2 min-
utes per scenario, with full test-set timing to be confirmed
once the 955-scenario generation run completes.

3. Results
All results are reported against the official HetroD evalu-
ation suite on the held-out validation split. The proposed
model is compared against two non-learned baselines and a
GT Oracle reference.

3.1. Overall Performance
Two honest baselines bound the evaluation from below. A
frozen rollout holds every agent at its last observed posi-
tion for all 80 future steps. A constant-velocity extrapola-
tion projects each agent forward linearly from its observed
heading and speed. Both are parameter-free and require
no learning. The GT Oracle, which replays actual ground-
truth trajectories as simulated rollouts, scores 0.897 overall
and represents a ceiling that reflects perfect behavioural fi-
delity to one observed future. The more meaningful thresh-
old for a learned generative model is clearing both non-
learned baselines, because a model that fails to do so has not
demonstrated that its scene representation contributes any-
thing. The proposed model scores 0.577 overall, clearing
the constant-velocity baseline (0.503) and the frozen base-
line (0.488).

3.2. Component-by-Component Breakdown
Table 1 summarises the score breakdown across all four
evaluation components. Kinematic realism is 0.612, con-
firming that the generated motion profiles are not kinemati-



cally implausible across vehicles, two-wheelers, and pedes-
trians.

Safety scores 0.682 overall, the strongest relative im-
provement over V1. Collision improved from 0.422 to
0.613, driven primarily by the joint sample re-pairing pro-
cedure. The RaSc supervision objective contributed by
improving the model’s attention to high-risk agent pairs:
attention-R correlation increased from +0.146 to +0.181,
so the encoder was directing more weight toward edges
where conflict potential was highest before decoding began.
Valid region conformance improved from 0.702 to 0.751.
These two sub-components are addressed separately in Sec-
tion 3.5.

Cross-type interaction scores 0.518. This component is
addressed in the V2 improvements section below.

Coverage scores 0.593. The reduction from V1’s 0.687
reflects the CCAR-off configuration adopted in V2, which
trades some sample diversity for improved kinematic and
safety fidelity.

Table 1. Validation results on the held-out 160-scenario split under
the official hetrod eval.py evaluator.

Method Overall Kinem. Safety X-type Cov.

Frozen baseline 0.488 – – – –
Constant-velocity 0.503 – – – –
GT Oracle 0.897 1.000 0.992 1.000 0.000
HEAT V1 0.507 0.579 0.562 0.458 0.687
HEAT V2 (ours) 0.577 0.612 0.682 0.518 0.593

Kinem. = Kinematic realism; X-type = Cross-type interaction; Cov. =
Coverage. Dashes indicate metrics not individually reported for

non-learned baselines.

3.3. V2 Improvements: CCAR-Off, Re-Pairing,
and RaSc

Three targeted interventions improved the overall score
from 0.507 to 0.577, each motivated by a specific failure
identified in the preceding configuration.
CCAR-off configuration. Although CCAR R was embed-
ded as a passive edge feature in V1, probing the trained
model revealed the signal was not being used. The GAT’s
attention-R correlation was measured at only +0.146, while
distance dominated attention at a correlation of −0.436. Be-
cause the model was routing around the risk signal rather
than through it, the feature was adding noise to the embed-
dings without contributing to the encoding. Removing it
improved the overall score from 0.507 to 0.534, with gains
in both kinematic and cross-type components.
Joint sample re-pairing. Removing the passive CCAR fea-
ture improved embedding quality but left same-sample col-
lision rates elevated, since agents were still decoded inde-
pendently without awareness of each other’s evolving paths.

A post-hoc collision resolution procedure was applied, us-
ing iterative Hungarian-algorithm-based permutation solv-
ing across entangled multi-agent components within each
scenario’s 32-sample rollout set. Because the procedure op-
erates on the full set of 32 rollouts rather than individual
trajectories, it resolves collisions by reassigning which roll-
out each agent belongs to rather than altering any generated
trajectory. This improved the overall score from 0.534 to
0.560.
Risk-aware Self-Consistent (RaSc) auxiliary supervi-
sion [? ]. Re-pairing addressed collisions post-hoc but did
not change how the encoder represented risk. Because the
passive CCAR feature had been removed, the model had
no mechanism to learn risk structure from the interaction
graph during training. RaSc was introduced to close this
gap: a separate RiskHead module (MLP: 256 → 64 → 1,
Sigmoid) was added alongside the GAT encoder, predicting
pairwise CCAR R values from agent embeddings and su-
pervised against ground-truth R computed from the dataset.
This shifted the model from a configuration with no active
risk signal to one that learns to predict where conflict poten-
tial is highest directly from the interaction graph.

Post-training probing confirmed the mechanism worked.
Attention-R correlation improved from +0.146 to +0.181,
and mean attention on high-risk edges (R > 0.5) rose from
0.244 to 0.271, showing the encoder was now directing
weight toward the edges that mattered. Embedding cosine
similarity dropped from 0.306 to 0.159, indicating the rep-
resentations were structurally differentiated rather than col-
lapsed. Combined with re-pairing, this produced the final
score of 0.577.

3.4. Coverage Score Analysis

The GT Oracle scores 0.000 on Coverage. Due to a struc-
tural consequence of what ground truth is: one observed
future, replicated 32 times. When 32 identical copies of a
single trajectory are submitted as rollouts, the occupancy
distribution across those 32 samples is a point mass with
zero diversity, and the Coverage score is zero by construc-
tion. The Oracle reports: here is the one thing that actually
happened. Coverage asks: across your 32 imagined futures,
how much of the plausible behavioural space did you ex-
plore while remaining realistic and safe?

A generative model and a deterministic reference are in-
commensurable on this metric. HEAT samples 32 distinct
noise vectors per scenario and decodes 32 genuinely dif-
ferent futures, producing a Coverage score of 0.593. The
quality gate in the evaluation, where Coverage is weighted
by Kinematic and Safety scores before contributing to the
overall figure, means diversity is only rewarded when the
generated futures are also kinematically plausible and spa-
tially valid. The fact that the Coverage term contributes pos-
itively confirms that the generated rollouts are not reckless



scatter across the map.

3.5. Safety Score Analysis

Safety decomposes as 0.5×Collision+0.5×Valid Region.
The two sub-components reflect different dimensions of be-
havioural plausibility and should not be read as a unified
safety verdict.

Valid Region scores 0.751, reflecting that agents largely
remain within their type-designated operating zones: vehi-
cles on carriageway, two-wheelers in the shared corridor,
pedestrians in core and crosswalk regions. The macroscopic
graph structure, which assigns agents to typed region nodes
at each frame, is successfully grounding each agent’s gen-
erated trajectory in a type-appropriate part of the scene.

Collision scores 0.613. The agent-type breakdown is
the more informative figure. In V1, vehicle collision rate
reached 70.2% against a GT rate of 4.0%, and two-wheeler
collision rate reached 60.9% against a GT rate of 11.8%.
The GT rates reflect a structural property of the reference:
the Oracle replays one observed future identically across all
32 rollouts, so co-simulated agents never diverge from their
recorded paths and collisions are rare by construction. The
generated rollouts, by contrast, sample distinct futures for
each agent independently, which produces path combina-
tions that never occurred in the recording and creates colli-
sion opportunities the GT submission cannot. The joint re-
pairing procedure substantially reduced these rates in V2.

Pedestrian collision rate at 37.8% remains below the GT
rate of 42.4%. Real pedestrians in dense crossing environ-
ments make physical contact frequently, and the GT Oracle
faithfully replays that contact across all 32 copies. The gen-
erator, learning from those same scenes, produces futures in
which pedestrians spread across the plausible behavioural
space rather than converging on the recorded path, resulting
in a lower contact rate than the ground truth itself.

The vehicle and two-wheeler rates point to a specific gap
in the behavioural representation. In car-following theory,
a safe following response requires that the following agent
anticipate the leader’s future deceleration, not merely react
to current speed. The generated rollouts fail on exactly this
dimension. Each agent’s 80-step future is produced from
the scene encoding at the observation frame, but without
any representation of where co-simulated agents will be at
intermediate timesteps during generation. A lead vehicle
that decelerates in its generated trajectory produces no cor-
responding signal in the following agent’s generation pro-
cess. The result is structurally identical to a following vehi-
cle with zero anticipation horizon: the most dangerous con-
figuration in car-following models, applied across all agent
pairs wherever paths converge in the rollout.

3.6. Ablation: Small-Scale Results Misled, Full-
Scale Corrected

This ablation was conducted on V1, where CCAR R was
still embedded as a passive edge feature. An ablation com-
paring CCAR-conditioned rollouts against unconditioned
rollouts was first evaluated on 18 held-out validation scenar-
ios. At that scale, the unconditioned model outperformed
CCAR conditioning on every metric, suggesting the risk
signal was harmful to behavioural quality. The full-scale
evaluation at 906 scenarios reversed this finding, as shown
in Table 2. CCAR conditioning produced a higher overall
score (0.397 vs. 0.368), a higher kinematic score (0.479 vs.
0.384), and a higher cross-type score (0.589 vs. 0.582). The
18-scenario result was noise from an unrepresentative sam-
ple.

The V2 probing result contextualises what was happen-
ing in V1. Even when CCAR conditioning produced a mea-
surable score benefit at full scale, the attention-R correlation
of +0.146 confirmed the model was not genuinely routing
through the risk signal. The feature was contributing in-
directly, likely by perturbing the embedding space in ways
that helped generalisation, rather than by teaching the en-
coder to attend to high-risk pairs. This is what motivated
the shift in V2 from passive feature inclusion to active RaSc
supervision: the full-scale ablation showed CCAR informa-
tion was useful, and the correlation measurement showed
the passive form was not the right way to deliver it.

The methodological point remains direct: ablations on
simulation benchmarks with high scenario-level variance
require sufficient sample size before any conclusion is
drawn. A negative result on 18 scenarios would have been
a plausible reason to remove CCAR conditioning entirely.
Doing so would have been wrong, and the V2 trajectory
confirms it.

Table 2. CCAR ablation results at full scale (906 validation sce-
narios).

Configuration Overall Kinematic Cross-type

CCAR = Off 0.368 0.384 0.582
CCAR = On 0.397 0.479 0.589

3.7. Collision Breakdown: What the Failure Re-
veals

Examining the collision geometry rather than the aggregate
collision rate produced a finding that contradicted the initial
hypothesis. The prior expectation from the scenario geom-
etry, predominantly 4-way unsignalized crossings, was that
crossing and turning conflicts would dominate: left-turning
vehicles cutting across oncoming paths, two-wheelers exe-
cuting hook turns across pedestrian desire lines. The break-



down showed the opposite. Rear-end and parallel-path col-
lisions between same-type agents are the majority failure
mode, with crossing conflicts secondary.

Rear-end and parallel collisions at this rate are a signa-
ture of agents that do not share a representation of each
other’s future path. Crossing conflicts arise from failures to
model gap acceptance and right-of-way. Rear-end conflicts
at this scale arise from something more fundamental: agent
B has no information about where agent A is going after
the observation frame. This is not a gap-acceptance failure.
It is the anticipation failure that car-following theory has
characterised for decades: the follower cannot respond to a
deceleration it has no representation of, regardless of how
well the scene was encoded at the start of the rollout.

The valid-region result and the collision result together
describe the representation accurately. The model knows
where the road is. It knows which agents pose a cross-type
risk at the observation frame. It does not carry forward a
representation of where co-simulated agents will be during
the rollout itself. The information is present at encoding
time but is not propagated through the generation process.
Closing that gap requires joint decoding, not improved en-
coding.

3.8. Generation Failure Found Mid-Project, Diag-
nosed, and Fixed

During development, rollout inspection revealed that gen-
erated agents were effectively stationary, producing trajec-
tories in which (x, y) positions changed negligibly across
all 80 future steps despite the model receiving valid kine-
matic history. The cause was a normalization failure. Scene
coordinates were not normalized to an agent-centric frame
before being passed to the model, leaving absolute (x, y)
values in a range the network could not meaningfully dif-
ferentiate. The model learned to predict near-zero displace-
ments because that minimized loss on unnormalized coordi-
nates, producing rollouts in which all agents remain at their
last observed position regardless of their actual kinematic
state.

Normalizing agent positions relative to each agent’s own
reference frame at the observation endpoint resolved the
failure. Safety improved from 0.298 to 0.562 as a direct
consequence. This is reported as part of the experimental
record rather than set aside, because the failure mode will
recur in any pipeline that ingests raw global coordinates
without agent-centric normalization, and the before-and-
after numbers confirm the fix was the operative change.

4. Limitations and Future Work

Several directions were investigated during development
that did not improve beyond the reported result. They are
documented here for reproducibility.

Extending RaSc supervision to vehicle-vehicle pairs
(same-type VV CCAR) increased Coverage from 0.593 to
0.705 but reduced both Safety and Cross-type scores, pro-
ducing a net loss of 0.037 on the overall figure. The gain
in diversity was real but came at the cost of precision in the
components that carry the higher evaluation weights.

A broader attention supervision approach was also
tested, in which all attention weights were directly super-
vised proportional to R across every edge in the graph. This
boosted the absolute magnitude of attention scores but pro-
duced no improvement in discrimination between high-risk
and low-risk edges, and the overall score degraded. The
model learned to attend more strongly in general rather than
more selectively to the edges that mattered.

A sparse variant of attention supervision was then
evaluated, restricting supervision to only the highest-R
neighbour per agent while explicitly suppressing low-R
edges. This produced partial distance decoupling, with
corr(attn, dist) shifting from −0.489 to −0.204, but the cor-
relation gain between attention and risk remained marginal.

The most direct path to closing the remaining Cross-
type gap is multimodal behavioural branching conditioned
on predicted R, where yield and assert modes are sampled
from P (M | R) and calibrated against real conditional rates
observed in behavioural clustering of the dataset (crosswalk
yield: 27% real opportunity rate; car-following response:
52% aggregate). This would replace the current single-
mode generation per agent with a mechanism that commits
to a behavioural intent before decoding the trajectory, which
is the structural change the cross-type proximity scores are
sensitive to. Predecessor tracing for vehicle agents in high-
risk situations, following the approach of Liu et al. [? ], is a
second candidate that could improve anticipatory response
in following scenarios specifically. The full 955-scenario
validation evaluation was running at time of submission; all
results reported here are from the 160-scenario held-out de-
velopment subset.
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ing the written presentation of ideas. All techni-
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