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Abstract. Autonomous vehicle behavior in emergency and rare situa-
tions is a well documented challenge, with some of the most concerning
instances being ambulance obstruction. Yet the sensor data needed to
study these long-tail events at scale is exactly what their rarity makes
scarce. We propose RareOcc (ROCC), a system that generates realis-
tic 4D occupancy and LiDAR for customizable long-tail situations and
documented vehicular crashes; to our knowledge RareOcc is the first
pipeline to jointly support crash-grounded 4D generation, editable BEV
authoring, occupancy generation, and LiDAR generation. ROCC uses
a bird’s-eye-view (BEV) layout as a shared intermediary that three in-
terchangeable methods write to (CIREN-based crash recreation, LLM-
based behavior specification, and CompoSIA-based real-scene editing)
and lifts it to occupancy with an entity-grounded generator that places
each agent from its specified box and replaces the diffusion stage of prior
occupancy-centric pipelines. Evaluated on the nuPlan-Occ mini valida-
tion dataset, our model outperforms the state-of-the-art UniScene-v2
generator by 22.6 points in occupancy mloU, and materializes requested
scene edits across all seven foreground classes, rare categories included.
Generated examples from all three creation routes are browsable at
https://rareocc-anon.github.io/.

Keywords: Autonomous Driving - Safety-Critical Scenarios - 4D Occu-
pancy Generation

1 Introduction

“Waymo is frequently now blocking our fire stations from access... Their default
is to freeze,” reports Deputy Chief of Operations Patrick Rabbitt of the San
Francisco Fire Department [40]. His account is not isolated. Since April 2025
San Francisco firefighters have filed at least 31 internal reports of robotaxis ob-
structing emergency operations, including four cases in which crews met stalled
vehicles while responding to life-threatening calls [5]. These are emblematic of
a broader pattern: autonomous vehicles faltering in rare, dangerous situations,
coming to a standstill rather than resolving the conflict, or misreading a scene
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whose structure they have never seen. Whether such a failure originates in per-
ception or in the decision layer above it, both are trained and evaluated on sensor
data, and sensor data of precisely these situations is what does not exist. One in-
cident poses the problem this paper addresses most sharply: an active post-crash
scene with an injured pedestrian on the ground [29] is the configuration no driv-
ing log contains, and what no log records, no reconstruction-based simulator can
re-render. For autonomous vehicle perception and decision making, such long-
tail events are hardest to collect, hardest to reproduce, and therefore hardest to
train and evaluate against. Data collection would be a challenging instrument for
this regime. Accumulated nominal driving data collection by construction con-
tains little of the tail: the rarer a situation, the less data exists for it. Generation
decreases that dependence. If a rare situation can be specified and synthesized
at sensor level, the long tail of the training distribution can be extended deliber-
ately rather than waited for, and generated occupancy and LiDAR of this kind
already improve downstream perception and decision making [20]. We therefore
seek an end-to-end pipeline that produces the LiDAR and occupancy of situa-
tions no fleet can be asked to record. Prior work approaches the parts but not the
whole. Occupancy has emerged as a central representation for perception, for 4D
forecasting of how a scene will evolve [30], and as a grounding signal for reward
and closed-loop evaluation, while a scenario-generation line reconstructs driving
situations from real CIREN [27}28| crash records [26], stopping at abstract lay-
outs or trajectories rather than sensor output and full 3D representations. Our
method bridges these threads, using a bird’s-eye-view (BEV) layout as a shared
intermediary connecting rare-situation description to sensor-level generation. We
generate occupancy and LiDAR here; photorealistic multi-camera output is left
to future work, but prior generators show it is achievable with enough compute,
and our occupancy interface is designed to support it. Our contributions are:

— RareOcc (ROCC), an end-to-end system for creating 3D occupancy and
LiDAR of long-tail and safety-critical driving scenes, including real recorded
crashes.

— An improved BEV-to-occupancy stage that preserves scene layout and
agents where prior generators degrade under rare-class layout edits.

— A unified editable-BEV interface that integrates three interchangeable
scene-creation methods: CIREN-based crash recreation, LLM-based behav-
ior specification, and CompoSIA-based real-scene editing.

— An evaluation of generation fidelity, controllability, and scenario integrity
on nominal and created scenes.

2 Related Work

Controllable driving scene generation. Camera-centric methods [11,/1239,
55| render multi-view video from BEV layouts and 3D boxes, and driving world
models [13,22] produce action-conditioned rollouts. Occupancy-centric meth-
ods instead treat 3D occupancy as the primary generative substrate [4}30}[36]
381146}56]: UniScene [20}21], AnyScene [50], and DrivingSphere [42] decode BEV
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layouts into occupancy, multi-view video, and LiDAR, with demonstrated down-
stream benefit [20]. Dedicated LiDAR generators [16}31,|59}/60] skip the occu-
pancy stage, and SLEDGE [8| generates the lane graphs and agent layouts them-
selves — a natural upstream source for our interface. All are trained on nominal
driving distributions, and none is designed for the layout edits a simulator needs
(Sec. . ROCC keeps the occupancy-centric factorization but grounds layouts
in real crash records and OOD scenarios, and improves BEV-to-occupancy so
that layout and agent fidelity survives in long-tail, safety-critical scenes.

Entity-centric latent scene representations. Our occupancy stage builds
on the LatentWorld of Park et al. [30], which represents a scene as a sparse
set of grounded latents — one per foreground actor, many for background — each
decoded into semantic 3D Gaussians [17] and splatted to an occupancy grid;
related object-centric formulations appear in [4]. We inherit this representation
and its autoencoder, and differ in where the layout comes from: LatentWorld
generates the layout with a dedicated diffusion stage, whereas ROCC receives
an authored BEV and learns the mapping from a 2D raster to grounded latents
(Sec. , porting the representation to nuPlan-Occ [21].

Simulation and re-simulation. Driving simulators |9,15,[24,[25] offer scripted
scenarios and free labels, but render camera and LiDAR from a hand-authored
asset library, so appearance diversity is bounded and a sim-to-real gap persists.
Log re-simulation [35,/43}44}147,|58| inherits real sensor statistics and supports
novel views and actor edits, but stays anchored to the logged scene.

Safety-critical and crash scenario generation. Language and LLM meth-
ods [341/51,/57] write out multi-agent trajectories or simulator scripts, and adver-
sarial methods [32}33] search for collisions and near-misses. A crash-grounded
line rebuilds scenes from real NHTSA crash reports and sketches [23}26/28|] or
generates crash videos [14,52]; DeepAccident [37] renders simulated accidents to
multi-view camera and LiDAR, but from hand-authored assets. Dashcam acci-
dent anticipation [2L|7]/10L/48| studies crashes only as 2D video, detecting rather
than creating them. These methods give the rare behavior we want, but as tra-
jectories, scripts, or pixels — not the 3D occupancy and LiDAR a self-driving
stack actually reads. ROCC reuses SAFE’s [26] crash extraction as one of its
three BEV front-ends and carries it all the way to sensor data (Sec. .

Long-tail and out-of-distribution perception. OOD occupancy prediction
and anomaly injection [53/54], and robustness under corrupted or missing sen-
sors |18l/41], motivate both the need for controllable long-tail data and the ques-
tion of whether generated scenes are genuinely out-of-distribution yet realistic.

3 Method

We introduce ROCC, an end-to-end pipeline from BEV composition to occu-
pancy and LiDAR (Fig. [I). Two prior methods, SAFE |26] and CompoSIA [49],
are integrated behind a unified editable-BEV interface, alongside a new LLM-
based creation of BEV scenes from free-text description. A grounded-latent gen-
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erator (Sec. [3.4) lifts each BEV, together with its agent boxes, to a 3D occu-
pancy grid, improving layout and agent fidelity over UniScene-v2’s occupancy

generation, and LiDAR is rendered from that occupancy with UniScene-v2’s
occupancy-to-LiDAR model (Sec. .

3.1 The Unified Editable-BEV Interface

ROCC routes every scene through a single editable bird’s-eye-view (BEV) tensor,
B, that every creation method writes and every synthesis stage reads. Fixing
this shared interface is what makes the creation methods interchangeable: the
occupancy and LiDAR generators never see how a scene was created, only B.

Representation (adopted from prior work). B € {0, 1}18%400x400 j5 a4y ego-
centric binary raster at 0.25 m/px over a 50 m range, in the channel layout and
class taxonomy of nuPlan [6] exactly as used by UniScene-v2’s |21] occupancy
benchmark, so a BEV from any creation method is format-identical to the data
the occupancy model was trained on. The 18 channels group into eight static map
layers (0-7), seven dynamic agent classes (8-14), and three divider layers (15—
17); seven auxiliary channels carry height and elevation, and the BEV encoder
reads all 25 (Sec. ; the binary definition above covers the 18 class channels
only. A class mask fixes an agent’s ground-plane footprint but not its vertical
extent, so each scene also carries one 3D box per agent, giving its center (z,y, 2),
extents (L, W, H), yaw, and class. Every foreground latent is instantiated from
one box and conditioned on its extents (Sec. [3.4), so the third dimension is
specified by the creation method rather than inferred from the raster, and the
box doubles as the control surface for stylization: a tall, wide box decodes toward
an ambulance-like vehicle rather than a car.

Editability. Because the interface is a small stack of class masks plus a list
of boxes, a scene can be inspected and edited directly. Map edits, such as re-
drawing the drivable region, are local edits to a single channel; agent edits, such
as adding a cyclist or moving a vehicle, are edits to that agent’s box, from
which the dynamic channels are re-rasterized, keeping raster and boxes consis-
tent by construction (the protocol of App. . Three writers target this interface:
crash-grounded extraction (Sec. and the free-text and real-clip-editing routes

(Sec. [3.3)).
3.2 Crash-Grounded Scene Extraction (CIREN — SAFE — BEV)

The first creation route recreates real recorded crashes. Each case in the NHTSA
CIREN |[27,[28] database pairs a hand-drawn collision sketch with a natural-
language summary, and we compile the two into an editable BEV scene. We
reuse SAFE’s [26] multimodal extraction without modification: a vision-language
model reads the sketch and summary and emits a structured scenario compris-
ing a meta description (road type, actors, maneuvers) and a DSL, which we
render into B as in Sec. B} A crash sketch is abstract and has no ground-
truth map to query, so the static and divider layers are synthesized procedurally
from the DSL road type; the DSL actors are placed on this schematic map and
rasterized under the same metric-to-grid convention as real data, with planar
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Fig. 1: ROCC overview. Three interchangeable creation routes write the same ed-
itable BEV interface B (Sec.[3.1)): crash-grounded extraction from CIREN sketches and
summaries via SAFE (Sec. [3.2)), free-text behavior specification, and CompoSIA-based
editing of real clips (Sec.|3.3). We then run our grounded latent occupancy generation to
create an occupancy grid (Sec. , which UniScene-v2’s frozen occupancy-to-LiDAR
model renders into ego LiDAR sweeps (Sec. .

size and height drawn from class-conditioned priors indexed by vehicle type, so
synthesized scenes depart from real data in content, not in form. We serve this
extraction with a self-hosted Qwen3-VL model in place of the proprietary
APT used by the original SAFE pipeline; the same model serves the text-driven
creation of Sec. We augment the extracted scenario with a deterministic con-
flict descriptor recording the crash structure, and run a short kinematic rollout
that stages the collision and latches the impact frame. Because a crash involves
several vehicles, we rasterize the rollout once per vehicle taken as ego, so one
case yields several ego-centric clips observing the same event from complemen-
tary viewpoints. We will release this corpus of per-ego BEV and occupancy clips;
App. [B] provides details and Sec. [£.1] its scale.

3.3 Editable and Custom OOD Scenes

Beyond recorded crashes, ROCC creates novel out-of-distribution scenes through
two further routes into the same interface.

Free-text behavior specification. The first route synthesizes a scene from
free text through a hierarchical procedure separating what the user intends from
how each agent realizes it: a text-only call parses the description into a struc-
tured scene schema, then a second stage assigns each agent a compact, scenario-
agnostic goal (a target speed, a lateral action, an optional stopping condition,
and a turn). Because these primitives compose, one vocabulary expresses be-
haviors as varied as yielding to an emergency vehicle or halting for a crossing
animal, with no scenario-specific logic. A universal controller advances the scene
under a shared car-following and no-overlap model and rasterizes every frame
into B by class. This route reuses SAFE’s road geometry and rollout primitives
and adds the intent-to-goal planning; App. [C] gives the prompt structure, the
goal vocabulary, and the two planning modes.
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Editing real scenes. The second route edits real scenes with CompoSIA [49],
which manipulates a real driving clip through disentangled control of scene struc-
ture, agent appearance, and dynamics, and emits per-frame 3D bounding boxes.
A thin bridge renders that stream into 5: boxes are aligned from CompoSIA’s
convention to nuPlan’s and rasterized into the dynamic channels, classes are
remapped to the nuPlan taxonomy (unrecognized ones assigned to the generic-
object channel rather than dropped), and the static and divider layers are bor-
rowed from the real frame. The conversion is lossless: on real tokens the bridge
reproduces the reference BEV at a mean intersection-over-union of 1.0, so an
edited clip (displacing an agent, inserting a cut-in, or altering the ego’s path)
retains the realism of its underlying map and agents.

What “out-of-distribution” means here. Our created scenes are out-of-
distribution behaviorally, ordinary agent classes in configurations nominal driv-
ing logs do not contain, while remaining in-distribution representationally, since
every route emits the same nuPlan-format tensor the occupancy model was
trained on. That combination is the property Sec. [3.4] exploits. We do not do 3D
class-level OOD: an unrecognized class is written to the generic-object channel
and is represented in occupancy as a generic object rather than a novel category.

3.4 BEV — Occupancy

Given the unified BEV tensor B and the agent boxes that populate it, this stage
synthesizes the dense 3D semantic occupancy O € {0, ..., 8}00%400x32 that the
downstream LiDAR renderer consumes. Prior occupancy-centric generators treat
this as volumetric denoising: a latent diffusion model reconstructs a compressed
occupancy volume from BEV conditioning that is concatenated to the noisy
latent [20,/21]. We instead adopt an entity-centric formulation. The scene is
a sparse set of grounded latents, one anchored to each agent, together with a
background lattice, decoded to occupancy by semantic-Gaussian splatting. This
design follows the grounded-latent generation from Park et al. [30], and it fits
the safety-critical regime: because each agent is placed explicitly from its box
rather than sampled from noise, every specified agent is explicitly instantiated
in the latent representation; it need only render an object whose position, class,
and pose are already given. Figure 2] illustrates the pipeline.

Grounded latent set. The scene is encoded as a fixed-size set of @ latents
partitioned into foreground and background. Each foreground latent is instan-
tiated from a single agent box and positioned at the box center, carrying that
agent’s class, yaw, and extents; the number of foreground latents varies with the
scene and is padded to Q. The background latents form a regular 3D lattice re-
stricted to the drivable footprint of the map, representing static structure. Very
large vehicles are split into a few sub-latents along the heading so that extended
objects remain covered.

Semantic-Gaussian occupancy decoder. A shared decoder maps the la-
tent set to occupancy. Each latent is processed by a transformer and emits a
budget of anisotropic 3D Gaussians, each with a predicted offset, scale, and
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opacity |17], which are splatted into the voxel grid and accumulated into per-
voxel class logits; free space and semantics are decoded on separate channels
so that emptiness competes directly with occupancy. Classes are allotted dif-
ferent Gaussian budgets, matching representational capacity to class geometry
(App. . This decoder is shared between the autoencoder that pretrains it and
the BEV-conditioned generator that reuses it (below), so that generation inher-
its a decoder already capable of high-fidelity occupancy and need only learn to
place latents correctly.

Latent autoencoder. The decoder is pretrained within a variational autoen-
coder that compresses ground-truth occupancy into the grounded latent set and
reconstructs it, providing both the pretrained decoder and a class-structured
latent space for the generator to target. To make that space a clean target
we regularize it with a prototype-based contrastive loss (PBCL) adapted from
ProOOD [54], applied only during autoencoder training (App. .

BEV-conditioned generation. The generator learns the mapping from the
BEYV input to the grounded latents and then decodes with the shared decoder. A
2D convolutional encoder embeds B, including its auxiliary height channels, into
a spatial feature map, and each latent samples its own conditioning feature from
this map at its anchored (z,y) position. This grounded feature sampling, rather
than concatenating a single global BEV embedding to every latent, ties each
latent’s appearance to the local layout at its own location. For foreground latents
we additionally condition on the box extents, height included, so that the layout
can steer object geometry (the stylization control of Sec. . The nuPlan BEV
provides no explicit structure channel for buildings or vegetation, so background
must be inferred from the map layout alone. We add a background head that
predicts background occupancy from the layout and applies it as a gated residual
(App. . The generator is trained end-to-end from the warm-loaded decoder
with a Lovasz-softmax objective [3|, which directly optimizes intersection-over-
union, together with a class-weighted cross-entropy that up-weights rare classes.

3.5 Occupancy — LiDAR

We render each generated occupancy grid into LiDAR sweeps for the nuPlan
sensor rig using the pretrained, frozen occupancy-to-LiDAR model of UniScene-
v2 |21]. We neither modify nor retrain it, and we apply it identically to every
method and to all three scene-creation routes of Sec.[3.1l Because the renderer is
shared and frozen, differences in LiDAR fidelity isolate the upstream occupancy

of Sec. rather than the renderer itself (Sec. [4.2).

4 Experiments
4.1 Setup

nuPlan-Occ. Our nominal-scene experiments build on nuPlan-Occ [21], the
dense semantic occupancy annotation of nuPlan [6]: each frame is an ego-centered
100 x 100 m scene voxelized to a 400 x 400 x 32 grid at 0.25m planar and 0.4m
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Fig.2: BEV to occupancy and LiDAR. (Top) The grounded-latent VAE, fol-
lowing Park et al. , compresses occupancy into a latent set and decodes it by
semantic-Gaussian splatting. (Bottom) At generation time a CNN encodes the BEV,
each grounded latent samples its conditioning feature at its anchored position, and the
shared decoder produces occupancy, which UniScene-v2’s occupancy-to-LiDAR
model renders into sweeps. The snowflake marks frozen models used for inference only.

vertical resolution, labeled with the nine classes of Sec. (free, background,
vehicle, bicycle, pedestrian, cone, barrier, construction zone, generic object). The
generator is trained on a 200k-token subset (nuPlan indexes frames by unique
tokens) of the nuPlan training split. We evaluate on two nested held-out views
of the official validation split:

— MINI-VAL (43,644 frames): every annotated frame of the official mini valida-
tion set of nuPlan-Occ, the set on which UniScene-v2 reports its published
results . It is the complete split and our primary set for comparison.

— KEY-457 (457 frames): one key frame per validation clip.

Our models train on the 200k train-split subset, and UniScene-v2’s released
checkpoint is trained on the full train split. The generator consumes the BEVs
of Sec. together with the frame’s agent boxes; both are produced identically
for real nuPlan frames and for custom scenes.

CIREN. From each NHTSA CIREN case we use only the hand-drawn collision
sketch and the natural-language summary; by selection, these cases are the severe
long-tail events driving logs do not contain. We process 2,180 cases, drawn from
the current and legacy CIREN case series [27}/28], into 3,854 ego-centric clips
and 65,518 frames. Custom OOD scenes (Se have no paired ground truth
and are scored qualitatively. Quantitative analysis of out-of-distribution scene
feasibility and generation quality is future work.
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Implementation details. We first train the grounded-latent autoencoder on
nuPlan-Occ; the prototype loss (PBCL) is enabled during autoencoder training
after a short warmup. We then train the BEV-conditioned generator (the BEV
encoder, feature head, and decoder), initializing its decoder from the pretrained
autoencoder decoder and fine-tuning end to end. The generator trains for 12
epochs with Adam at learning rate 10~* under cosine decay, batch size 2 per
GPU, in mixed precision; the reported checkpoint is selected at epoch 11. Full
hyperparameters are in App. [A] Inference is a single deterministic forward pass
per frame. The UniScene-v2 baseline runs from its released checkpoint at the
noise-prior value A=0.05.

Metrics. We report per-class IoU accumulated over the dataset under two av-
eraging conventions plus a binary criterion, using a single shared scorer for both
methods on identical ground truth and tokens. fg-mIoU, our primary metric,
is the mean IoU over the seven foreground/agent classes, excluding free and
background. mIoUyg is UniScene-v2’s mloU metric, reported so our numbers
can be read against theirs. We lead with fg-mlIoU, which removes the easy free
mass and measures what a scene generator prioritizes, the foreground actors of
the scene. occ-IoU is the binary occupied-vs-free IoU.

4.2 Fidelity on Nominal Scenes

This experiment measures how faithfully each method realizes ordinary, in-
distribution driving scenes, where paired ground truth exists. All methods are
conditioned on the ground-truth BEV layouts of the validation split and scored
against the corresponding ground-truth occupancy and LiDAR. Our primary
comparison is a controlled head-to-head against the released UniScene-v2 occu-
pancy model: identical ground truth, identical frames, and a single shared scorer

(Sec. [4.1).

Occupancy Control (BEV — Occupancy)

Table [T] compares our grounded generator with the released UniScene-v2 occu-
pancy model; App. [D] breaks the comparison down by class.

The method comparison Both methods solve BEV-to-occupancy from the
same nuPlan tensor B. ROCC additionally receives the per-agent 3D boxes, but
those belong to the specification rather than to the target: the dynamic channels
of B already rasterize every agent’s footprint, and the box adds only the vertical
extent and pose that a 2D raster cannot express (Sec. . In all three creation
routes the boxes are authored rather than measured. We provide a comparison
in the results with a CNN (Dense CNN) that does not explicitly place the latents
with the BEV boxes.

Results. On MINI-VAL, ROCC reaches 49.45 fg-mIoU, 52.11 mIoUyg and 28.21
occ-IoU, against 20.19, 29.53 and 22.24 for the released UniScene-v2 checkpoint:
margins of 29.3, 22.6 and 6.0 points. The two systems target different objectives,
ours being controllable per-timestep generation from BEV and theirs diffusion-
style generation over multiple timesteps. The gap is smaller under mloUyg only
because free space dominates that average. The advantage holds for every class,
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Metric UniScene-v2 Dense CNN ROCC (ours)
fg-mIoU 1 20.19 33.55 49.45
mloUys T 29.53 38.09 52.11
occ-IoU 1 22.24 24.74 28.21

Table 1: Occupancy generation on MINI-VAL. One shared per-class IoU accumulator
scores every column on identical ground truth and tokens. UniScene-v2 is the released
checkpoint at its default inference settings. The dense CNN shares our BEV input and
supervision but has no boxes, latents, or Gaussian decoder.

and is largest for the rare agents a long-tail generator most needs to preserve:
construction-zone markers (41.03 vs. 2.73), bicycles (48.71 vs. 8.19) and barriers
(52.03 vs. 25.22) (App. D). We score UniScene-v2 ourselves under the shared
accumulator and measure 29.53 mloUyg; the value its authors report for this
split is 32.22 |21], and the comparison holds under either.

Both systems share a comparable ceiling. A generator can only be as
good as the latent space it decodes from. On KEY-457, the 457-frame key-frame
subset, our grounded latent set reconstructs at 61.70 mIoUyg, and UniScene-v2
reports 62.4 for the latent its diffusion model samples in [21]. Neither system wins
on the codec. What differs is how much of that ceiling each generator recovers:
ours reaches 83% (51.14/61.70), against 52% (32.22/62.4) for UniScene-v2, and
87% (48.38/55.73) on our primary metric. Each ratio pairs a generation score
with the ceiling measured alongside it on the same set. Because the boxes supply
placement, the generator’s remaining task is to complete the geometry of agents
whose position, class and pose are already fixed.

Temporal Behavior of 4D Occupancy

Both systems emit a 4D volume and every frame is conditioned on its own BEV,
so neither forecasts. The question is whether quality is uniform along a clip or
concentrated in one privileged frame. We partition MINI-VAL into the 8,602 non-
overlapping five-frame clips its 218 validation scenes admit (43,010 frames, 0.1s
spacing), and each model generates all five frames of a clip in one invocation
under the recipe of Sec. [1.2]

Results. ROCC maintains consistently high quality throughout the clip, while
UniScene-v2 degrades rapidly away from the reference frame. This difference
follows from their conditioning: UniScene-v2 injects a single-frame ground-truth
latent into the entire clip, which becomes increasingly stale as the scene evolves,
whereas ROCC generates each frame from its corresponding BEV and boxes.
ROCC therefore avoids reference-frame bias and provides uniform per-frame
fidelity, but this stability is not learned temporal coherence.

LiDAR Fidelity

The renderer is frozen and identical for every row, so the differences in Tab.
come from the upstream occupancy alone. The gap between the two generators
is wider here than in Tab.[l| and the reason lies in the sensor model rather than
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fg-mlIoU 1 mloUys 1 occ-IoU 1
Frame UniScene-v2 ROCC UniScene-v2 ROCC UniScene-v2 ROCC
to 19.93 49.46 29.30 52.11 22.17 28.26
t1 8.44 49.46 20.93 52.12 18.42 28.25
to 5.89 49.46 18.56 52.12 16.39 28.25
ts 4.71 49.45 17.48 52.11 15.34 28.24
ty 4.07 49.49 16.91 52.14 14.73 28.25
Mean 8.61 49.46 20.63 52.12 17.41 28.25

Table 2: Quality along the clip. All three metrics are resolved by frame index over
the 8,602 five-frame clips of MINI-VAL, one shared scorer, same recipe as Tab.

Method MMD (107°) | JSD |
Ground-truth occupancy (renderer oracle) 0.457 0.028
UniScene-v2, end to end (A=0.05) 33.710 0.186
ROCC (ours) 1.714 0.057

Table 3: LiDAR fidelity on nuPlan-Occ MINI-VAL (43,644 frames). One frozen
occupancy-to-LIDAR model [21] renders every row, so the upstream occupancy gener-
ator is the only variable. The first row renders ground-truth occupancy: the ceiling this
renderer imposes, not a competing method. Bold marks the best end-to-end result.

in the generators. A ray stops at the first surface it hits, so a single misplaced
surface deflects every ray behind it, while an occupancy metric counts only the
voxels of that surface. LIDAR fidelity therefore penalises structural error more
heavily than volume overlap, and ROCC’s advantage over the diffusion baseline
widens accordingly. The oracle row bounds what any occupancy generator can
recover through this renderer.

4.3 Controllability

Controllability is what turns a scene generator into a simulator: the user must
change one agent and get exactly that change. Following the editing protocols
of X-Scene and SemCity [19}/45], we apply insert, delete and move to 1,000
random MINI-VAL scenes and score boz coverage, the fraction of a requested box’s
ground-plane columns that carry the target class. We insert every foreground
class, since preserving rare agents is the point of long-tail generation. Coverage
cannot reach 1: LiDAR-derived occupancy captures surfaces, not filled boxes,
so agents already present in an unedited scene reach only 0.81, which we use
as the practical ceiling. Because each foreground latent is instantiated from its
box, ROCC materializes edited agents. Insertion averages 0.70 over the seven
classes, and an inserted vehicle reaches 0.93 against 0.92 for a vehicle already
in the scene, so an edit is generated no differently from an ordinary scene. A
moved agent reaches 0.74 at its new pose while leaving 0.04 at the old, and
deletion clears 0.97. The remaining gap sits in the smallest classes, cones and
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Custom (free text) — “An ambulance through a crowded intersection.”

BEV (video) Occupancy (4D) LiDAR (4D)

ComposSIA (real-clip edit)

Camera (videol BEV (video) Occupancy (4D) LIDAR (4D)

ideo) 3D boxes (video)
= g L G —— =
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; R = {;?
Ny .y =
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SAFE (crash record) — CIREN case: same-direction sideswipe collision

Crash sketch BEV (video) Occupancy (4D) LIDAR (4D)

-

Fig. 3: Qualitative results across the three creation routes. Top: a free-text
scene (“an ambulance through a crowded intersection”) compiled to BEV, occupancy,
and LiDAR. Middle: a CompoSIA edit of a real clip (“a vehicle cuts into the lane to the
right of the ego”), with the source camera frame and edited 3D boxes that produce the
BEV. Bottom: a CIREN crash case, from the NHTSA crash sketch to the reconstructed
same-direction sideswipe collision. All three routes share the same BEV interface and
generator.

construction-zone markers, whose footprints make coverage sensitive to small
localization errors. Per-class results and the protocol are in App. [E]

4.4 Qualitative Results

Figure [3] shows one worked example per creation route, each carried from its
input specification to occupancy and LiDAR. Across all three the same BEV-
conditioned generator produces the sensor data, so route choice trades grounding
against authorial control without changing the output format. Each requested
change lands: an inserted agent is materialized, a deleted one is cleared from
its pose, and a moved one appears at the new pose and not the old. Generated
examples from each creation route, including animated sequences and failure
cases, are browsable at https://rareocc-anon.github.io/; static versions
are in App. [F] for custom generation.

4.5 Ablations

Every ablation is a single-variable change from the reported model: same au-
toencoder lineage, same training tokens, same schedule, same three-GPU batch.
Results are in Tab. @] The dense CNN is the one exception, having no latent
decoder to warm-start, and is trained from scratch.

How precise must the conditioning be? Because the BEV already carries
per-class agent mask channels, the question is not whether layout conditioning
helps but how exact it must be, and the dense CNN answers it by consuming
the same BEV under the same supervision while never anchoring a latent to
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Variant fg-mloU T mloUys T occ-IoU 1

ROCC, calibrated bg head (reported) 49.45 52.11 28.21
no background head 49.25 51.65 27.25
naive background head 45.62 49.01 24.19
no PBCL in the autoencoder 49.35 51.74 27.24

Table 4: Single-variable ablations on MINI-VAL, all trained under one protocol. The
no-PBCL model is trained without a background head, so it is read against the no-head
row.

a box. Removing that anchoring costs 15.9 fg-mloU on MINI-VAL, from 49.45
to 33.55, but the dense CNN also forgoes the latent set, the Gaussian decoder
and the autoencoder pretraining, so this figure bounds the value of grounding
from above. The per-class breakdown in Tab. [5| shows the gap concentrated in
the rare classes, where the dense CNN reaches 16.1 on bicycle, 22.8 on cone and
18.9 on construction zone against our 48.7, 49.1 and 41.0, while trailing on more
frequent classes such as pedestrian and generic by only 6.1 and 3.5.

Background head and prototype loss. Neither of the remaining two com-
ponents moves the result far, but they behave differently. Because the BEV has
no structure channel, background must be inferred from the map layout, and
how that prediction is combined matters more than whether it is made: a naive
head that adds background logits directly costs 3.63 fg-mIoU and 3.06 occ-IoU,
whereas the calibrated head of Sec. [3.4] gains 0.20 fg-mIoU, 0.46 mIoUys and
0.96 occ-IoU. That gain sits in background itself (+1.07) and in the static classes
bordering it (construction zone +0.97, barrier +0.82, cone +0.74), against —1.13
on generic. Removing PBCL from the autoencoder, with the background head
disabled on both sides, raises fg-mIoU by 0.10 and mIoUyg by 0.09 and leaves
occ-IoU unchanged, so the prototype loss makes little impact on this model.
PBCL improves class separation in the latent space, which we expect to help a
generator that samples latents; here every foreground latent is instantiated with
its class already fixed, so that separation is not exercised. The reported model
keeps PBCL.

5 Discussion and Limitations

The two limitations we consider most important follow from the same source.
The BEV determines what a user is able to specify, and the occupancy stage
can only render what its channels are able to express. The nuPlan BEV provides
no channel for static structure, which leaves background as our weakest class
at 25.67 IoU and constrains the range of scenes we can author more than it
constrains the accuracy of the scenes we do author. A scene whose event involves
background, such as a vehicle leaving the road and striking a tree, cannot be
specified at all, since there is no channel in which the tree can be placed. A
related boundary applies to agents. Every vehicle seen during training sits on
drivable surface, so an agent placed off the road tends to acquire road beneath it,
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because the generator resolves the ambiguity toward its training prior. Adding
an explicit structure channel to the BEV would address both cases.

Temporal behavior. ROCC generates each frame independently, and tempo-
ral coherence is therefore inherited from the conditioning. Because latents are
anchored one-to-one to boxes, an agent’s latent persists and translates with its
box across frames, and any region of the BEV that is left unchanged decodes
identically. The one mechanism that can perturb content the user did not touch
is the reallocation of the fixed-size background budget when the agent count
changes. We leave a quantitative temporal-consistency metric to future work.

Future work. We see two directions as the most promising. Generated nominal
occupancy and LiDAR are known to transfer to perception and planning [20,22],
and establishing the same for crash-grounded and out-of-distribution scenes
would require training a rare-class perception model with ROCC augmentation
and stress-testing a planner on the CIREN corpus. Separately, the kinematic
rollout latches the frame of deepest overlap, so extending the model to deforma-
tion and post-impact dynamics would carry crash grounding past the moment
of impact.

6 Conclusion

We presented RareOcc, an end-to-end system that turns a specification of a rare
driving situation, whether a documented crash, a sentence, or an edit to a real
clip, into 4D semantic occupancy and LiDAR. Its organizing idea is a single
editable BEV tensor that all three creation routes write to and every synthesis
stage reads from, which allows an out-of-distribution scene to reach the occu-
pancy model in an in-distribution representation. Our BEV-to-occupancy stage
replaces volumetric denoising with an entity-grounded formulation in which each
agent is instantiated from its box and rendered by semantic-Gaussian splatting.
On the complete mini validation split it reaches 49.45 foreground occupancy
mloU against 20.19 for the released UniScene-v2 generator under one shared
scorer, and it recovers 83% of a reconstruction ceiling that the two autoencoders
share, against 52% for the baseline. The three creation routes are complemen-
tary, since recorded crashes anchor the tail to events that did happen while edits
and free text extend it to events that have not.
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A Implementation Details

Autoencoder training. The grounded-latent autoencoder trains with Adam
at learning rate 3 x 1075 under cosine decay in mixed precision (fp16). Its loss is
a class-frequency-weighted cross-entropy (weight clip 25, with per-class boosts)
plus Lovész-softmax plus a KL term weighted 0.0015. PBCL is enabled after a
500-step warmup with EMA momentum 0.9, temperature 0.1, and loss weight
0.3.

Architecture. The latent set has Q=4096 latents of 128 channels, up to 512 of
them foreground. The shared decoder has 384 channels, 6 transformer blocks, and
6 heads; each latent emits up to 96 anisotropic Gaussians with offsets bounded
to 7.0 voxels and a minimum scale of 0.25.

Per-class Gaussian budget. Each class activates a different number of its per-
latent Gaussians, matching representational capacity to class geometry: vehicles
receive 96, mid-size agents 48, background latents 32, and small agents 24; only
active Gaussians are splatted.

Generator training. The generator (BEV encoder, feature head, and decoder)
initializes its decoder from the pretrained autoencoder and fine-tunes end to end
with the Lovész-softmax and class-weighted cross-entropy objectives of Sec.
using Adam at 10™* under cosine decay for 12 epochs, batch 2 per GPU on 3
GPUs (effective batch 6), in mixed precision; the reported checkpoint is epoch
11. Inference is a single deterministic forward pass per frame.

Prototype-based contrastive loss (PBCL). PBCL maintains an exponential-
moving-average bank of per-class latent prototypes, updated with ground-truth

labels and no gradient. After the warmup, a supervised contrastive objective pulls

each L2-normalized latent toward its own class prototype and repels the others,

with the intent of a class-separable latent space and hence a more predictable

mapping for the generator to learn. PBCL is applied only during autoencoder

training and is enabled in the autoencoder we report. We ablate it in Sec.

at matched configuration, removing it is neutral to marginally positive.
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Background head We add a small convolutional head that predicts a back-
ground logit volume from the shared BEV features and folds it into the decoder
output as a residual, moved from the free channel to the background channel
so the agent logits are untouched. The head is zero-initialised, so it starts as
an identity and grows only where it helps; background is supervised directly by
an auxiliary cross-entropy term; and a foreground gate suppresses the residual
wherever an agent logit already dominates a voxel, so structure is never writ-
ten over a placed object. Sec. [L.5] gives the gain: foreground unchanged, occ-IoU
+0.96 on MINI-VAL and +1.05 on KEY-457, concentrated in background and
the static classes bordering it. The reported model uses this head; the naive
variant that adds background logits without the gate loses 3.63 fg-mloU.

B Crash-Grounded Scene Extraction

We augment the scenario extracted by SAFE with a deterministic conflict de-
scriptor recording the crash structure: the at-fault vehicle, the struck vehicle,
the impact type, and the point of impact. A single additional vision-language
call produces this descriptor, which we merge into the scenario without altering
any field the extraction produced. From the augmented scenario we run a short
kinematic rollout that stages the collision: the at-fault vehicle follows a smooth
intercept trajectory toward the struck vehicle, and the frame of deepest over-
lap is detected and latched so later frames hold the post-impact configuration.
Producing the conflict descriptor as a separate deterministic pass is deliberate.
Re-invoking the stochastic extraction stage to add it would re-sample the sce-
nario and can perturb an already-faithful scene; keeping the extraction fixed
and layering the descriptor on top preserves the recorded crash while making
the staged collision reproducible. Because a crash involves several vehicles, we
rasterize the rollout once per vehicle taken as ego, so a single case yields several
ego-centric clips that observe the same event from complementary viewpoints.

C Free-Text Behavior Specification

The free-text route parses a description into a structured scene schema through
a text-only call: the road type, an agent roster with semantic classes, and a short
brief naming the intended event. Interactive sliders for density, randomness, and
seed override the schema deterministically, so the user retains direct control over
the scene. Given the placed scene, a second stage assigns each agent a goal.
We describe every agent to the model in words, its class, heading, and posi-
tion relative to the junction, and a “traffic director” prompt returns a compact,
scenario-agnostic goal: a target speed, a lateral action (hold lane, change lane,
pull to the shoulder, or move away from a named agent), an optional stopping
condition (at the stop line, or behind a named agent), and a turn. Because these
primitives compose, one vocabulary expresses behaviors as varied as yielding to
an emergency vehicle, stopping behind stalled debris, or halting for a crossing
animal, with no scenario-specific logic. Planning runs in two modes: a single call
that assigns all goals jointly, or a hierarchical per-agent mode in which agents are
decided in turn with the previously decided goals in context, so that reactions
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stay mutually consistent, the vehicle ahead of the ambulance easing aside while
cross-traffic holds at the line. A universal controller then advances the scene,
each agent driving its assigned goal under a shared car-following and no-overlap
safety model, and every frame is rasterized into B by class.

D Per-Class Results

Class ROCC no-bg head no PBCL UniScene-v2 CNN
free 95.44 95.46 95.43 96.93 94.18
background 25.67 24.60 24.61 21.09 22.68
vehicle 48.36 48.54 48.26 21.43 41.12
bicycle 48.71 48.90 48.16 8.19 16.07
pedestrian 56.49 56.08 56.20 36.26 50.40
cone 49.12 48.38 48.68 24.39 22.82
barrier 52.03 51.21 51.24 25.22 38.56
construction zone 41.03 40.06 41.34 2.73 18.90
generic 50.42 51.55 51.58 23.10 46.97
fg-mlIoU 1 49.45 49.25 49.35 20.19 33.55
mloUys 1 52.11 51.65 51.74 29.53 38.09
occ-IoU 1 28.21 27.25 27.24 22.24 24.74

Table 5: Per-class IoU 1 on MINI-VAL (43,644 frames). ROCC is the reported model
(calibrated background head); no-bg head and no PBCL are the ablations of Sec.
and the no-PBCL run also has no background head, so it is read against the no-bg-
head column. UniScene-v2 is at A=0.05; CNN is the dense-CNN baseline. mloUvys is
free-inclusive, averaging free, background, and classes up to construction zone following
UniScene-v2’s convention (which omits the generic class); fg-mloU averages the seven
agent classes.

E Controllability
This appendix provides the full edit protocol and per-class results behind Sec.[4-3]

Edit protocol. Each edit modifies only the agent box list. We then re-rasterize
the dynamic and auxiliary BEV channels from the edited boxes while keeping the
static map unchanged. Re-rasterizing the original boxes reproduces the dataset
BEV at IoU 1.000, validating the boxes as the source of truth for these edits.
We sample 1,000 held-out scenes with a fixed seed and apply three operations:
insert one agent of each foreground class, delete one agent between 5 and 30m,
and mowve one agent laterally by up to 3.5m.

Insertion. Inserted agents are sampled from real boxes of the target class,
preserving their heading and 3D extents. A placement is accepted only if it
lies on a valid surface for that class and does not overlap an existing agent.
Inserted-agent geometry therefore follows the real data distribution, but its range
distribution may differ because valid collision-free placements are not uniform.
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Edit adherence Box coverage

Insert: requested agent, by class T

vehicle 0.93
pedestrian 0.78
bicycle 0.72
barrier 0.68
generic object 0.63
construction zone 0.59
traffic cone 0.58
mean 0.70

Delete and move

delete: residue at vacated pose | 0.03
move: residue at old pose | 0.04
move: coverage at new pose T 0.74

Reference: agents already in the scene
existing vehicle, no edit 1 0.92
existing agent, no edit 1 0.81

Table 6: Full controllability results on 1,000 held-out scenes. Insert results are
reported separately for all foreground classes; the main paper reports their mean. The
reference rows score unedited agents under the same metric: 0.92 for vehicles specifi-
cally, 0.81 averaged over classes.

Metric. Box coverage counts ground-plane columns inside the requested box
holding the target class within its vertical extent. Insert and move are scored at
the requested pose; delete and move also score residue at the vacated one. The
reference row applies the same metric to unedited agents, restricted to isolated
instances so a neighbour cannot supply coverage. Delete and move results are
averaged over classes with at least 30 instances.

Per-class behavior. Insertion succeeds across all foreground classes, but cover-
age is lower for small objects such as traffic cones and construction-zone markers.
Their small footprints make the metric more sensitive to minor localization or
shape errors. Moving an agent produces similar coverage at the new pose to
insertion while leaving little residual occupancy at the original pose, indicating
that ROCC responds to both the addition and removal implied by the edit.

F Additional Qualitative Results
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Fig. 4: Worked custom scene. “A car makes a U-turn”, specified in free text, unrolled
over time (t=0 to t=11). Rows: the authored BEV video, the generated 4D occupancy,
and the generated 4D LiDAR at the same timesteps. The turning car (cyan in the
BEV) sweeps through the intersection while the queued cross traffic holds.
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Fig. 5: Worked custom scene. “A pedestrian crosses mid-block”, unrolled over time
(rows as in Fig. ). The pedestrian (ped in the BEV) crosses between intersections
while the pickup and surrounding traffic slow behind it.
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Fig. 6: Worked custom scene. “An ambulance through a crowded intersection”, un-
rolled over time (rows as in Fig. @; the same scene appears as a single frame in Fig.
The ambulance (AMB in the BEV) crosses while the surrounding vehicles hold at the
intersection.
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Fig. 7: Failure case: rare-class under-materialization. “A cyclist waits at the red
light between two stopped cars”, unrolled over time (t=0 to t=11; rows as in Fig. @
The BEV places the cyclist (black marker ahead of the cyan ego) between the queued
vehicles, but the generator never materializes it in occupancy or LiDAR: the specified
arrangement is lost exactly for the rare class the prompt is about.
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