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Abstract. We present TriO, a multi-modal unsupervised world model
that predicts 4D occupancy, obstacle segmentation, flow and LiDAR.
In contrast to prior work, TriO utilizes three distinct sensor modali-
ties (camera, LIDAR, and RADAR) as both inputs and sources of self-
supervision, eliminating the need for additional human annotations. Thanks
to its novel supervision, the model is able to segment any occupancy
from the drivable surface, overcoming the limitations of existing open-
set methods in handling long-tail objects. TriO achieves state-of-the-art
results in multiple 3D and 4D tasks, including occupancy, flow, and Li-
DAR prediction, as well as zero-shot road obstacle segmentation across
multiple datasets such as Argoverse 2, and Spotting the Unexpected.
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Fig. 1: We present TRIO, an unsupervised tri-modal occupancy world model designed
to perceive and forecast anything that could be considered path-blocking.
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1 Introduction

In order for a self-driving vehicle (SDV) to safely navigate through complex
environments, it must first perceive anything, i.e. segment above ground obsta-
cles from drivable areas at the current time, then forecast the evolution of the
scene to plan its future motion. This problem has been predominantly tackled
with object-based approaches [9,/10,|12}[15//27,/28||41}/64. 73}74], which first detect
objects and then forecast their future trajectories. In contrast, object-free occu-
pancy approaches [2}/11}/16,24,47./57./63] overcome the downsides of thresholding
detections and the limited representation capability of a finite set of trajectories.

However, most 3D /4D occupancy approaches |21}22|46182,/84] rely on dense
voxel grid labels |67],72] which are computationally expensive at high resolutions,
and are constructed with human annotations (e.g., semantic LIDAR point anno-
tations or bounding box labels). Due to the cost of the latter, and their difficulty
to generate at scale, the volume of the labeled data is commonly orders of mag-
nitude smaller than the amount of unlabeled data [1|. Moreover, the mentioned
approaches are usually supervised with a finite set of semantic classes, which do
not encapsulate safety-critical rare events.

Conversely, recent occupancy approaches [1,/17,|34] leverage LiDAR self-
supervision, pre-training on vast amounts of sensor data and fine-tuning with
a small amount of labeled data for downstream applications. However, LiDAR
is susceptible to blooming [69], multipath returns [61], and limited range. Addi-
tional sensor modalities can be of benefit for self-supervised training, and multi-
sensor fusion can increase robustness to sensor failures and adverse conditions.

Other methods have leveraged RGB cameras, either as inputs [55], distilling
foundation model features [45], or predicting semantic pseudo-labels |6}7},19.26]
38.42| from camera-based models. Furthermore, many prior works [31,/32,/59L(77
79| generate semantic labels with open-vocabulary segmentation models queried
with text-prompts. However, common failure modes have been shown in open-
set detectors |3] and segmentors |70], challenging their overall robustness to rare
classes. Finally, the segmentation models require image-text pair annotations.

One generally overlooked modality is RADAR, which can enhance training
by introducing radial velocity measurements, improve robustness under adverse
weather conditions [39], and increase the observation range. While some works
investigate RADAR-based 3D occupancy models using human annotations [18|
56, and others focus on RADAR-only input with self-supervision [36] or cross-
modal LiDAR supervision [43], none integrate all aforementioned modalities in
a unsupervised tri-modal 4D world model.

Motivated by these downsides, our goal is to develop a model that can lever-
age all three common sensor modalities (LIDAR, camera, and RADAR) as both
input and supervision for occupancy in a self-supervised manner. Towards this
goal, we propose TRIO: a multi-modal world model that can predict and fore-
cast 4D continuous occupancy, obstacle segmentation, and flow at any continuous
(z,y, z,t) coordinate from tri-modal observations. To achieve this, we leverage
each sensor as both an input and as a unique form of supervision, ultimately
combining the strengths of each modality to produce the best possible represen-
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tation of the world. We further introduce a novel multi-sensor fusion architecture
leading to better forecasting capabilities. Notably, being pre-trained on a vast
amount of raw sensor data, TRIO can be effectively leveraged for multiple down-
stream applications.

Historically, to determine which entities in the scene are relevant to the self-
driving task, prior work uses semantic supervision from open-vocabulary models
prompted with a closed set of multiple classes [31}32,/59,/77,/79]. These however
do not generalize to long tail events with rare obstacles, and hence do not cover
all safety-critical scenarios. We argue the most general and robust requirement
for occupancy is to semantically distinguish between what is occupied but not
path-blocking (e.g., a flat surface that is traversable by the SDV) vs. occupied and
path-blocking (e.g., a rare object on the road). Towards this end, we define the
task of anything-perception as the ability to segment any object that exists
above the road from the ground surface.

Despite demonstrating impressive open-set detection capabilities, the seg-
mentation models of prior work used for 2D — 3D label distillation struggle to
segment rare objects [70] (the long tail), even when prompted with the ground
truth class, highlighting a lack of semantic understanding and generalization
in current VLMs. To circumvent this, we propose a simple yet effective unsu-
pervisecﬂ geometric image/LiDAR segmentation method that leverages repre-
sentations from image depth model Metric3Dv2 [25], and the LiDAR segmen-
tation heuristic from Patchwork-++ [37]. Our method detects any obstruction,
leading to significant improvements in generalizable unknown object segmen-
tation. Notably, in contrast to other vision-language based approaches which
require at least textual image descriptions [4}32,|59,/68.77] or (semantic) mask
labels [31},35}77L{79], our obstacle segmentation model relies solely on geometric
properties rather than semantic annotations.

Contributions: 1) TRIO uniquely uses all three common sensor modalities
(camera, LIDAR, RADAR), both as input and for self-supervision. 2) We intro-
duce a novel image/LiDAR-based obstacle segmentation technique that gener-
ates pseudo-labels for distillation into TR1O, without requiring additional human
labels in our training pipeline, while maintaining robustness and generalizability.
3) We propose a novel architecture fusing all modalities leading to better long-
term forecasting. 4) TRIO achieves state-of-the-art performance on a variety of
tasks including point cloud forecasting, obstacle segmentation, and both 4D /3D
occupancy and flow forecasting, validated on three real-world autonomous driv-
ing datasets (Argoverse2, Spotting the Unexpected, Long Range RADAR). Over-
all, the novelty of our contribution is the unique integration of all three sensor
modalities as inputs, and as source of self-supervision for our output represen-
tations.

! We note that Metric3Dv2 [25] was partially trained on datasets with semi-supervised
human annotations. In this context, we define unsupervised to mean not requiring
direct human annotations. For more discussion refer to the supplementary.
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2 Related Work

Semantic Occupancy. The task of scene completion [33,50,(78/[83] involves re-
constructing a complete scene from sparse sensor measurements. Semantic scene
completion [5,/13,/62,[76] further extends this by aiming to infer semantic classes
for each completed region, a task closely related to semantic occupancy predic-
tion. Contemporary methods in this domain [21}22}/461/82,/84] typically focus on
predicting 3D or 4D occupancy voxel grids with their associated semantic labels.
These approaches generally require dense voxel-level supervision [67}/72], which
is often derived from costly human-annotated labels, such as 3D bounding boxes
or semantic point clouds. More recently, several approaches [6[8]42,[80] have pro-
posed distilling 2D pseudo-semantic labels from VLMs. However, these VLMs
themselves rely on large-scale human annotations in the form of image-text pairs,
and supervising with a closed set of classes inherently restricts generalization in
open-world scenarios.

Anything Perception. Open-vocabulary segmentation methods perform clas-
sification via text prompts at inference time, overcoming the limitations of fixed,
closed-set label spaces. In the 2D domain, two primary paradigms have emerged:
one leverages open-set detectors like GroundingDINO [44] or OWLv2 [49] to
prompt mask predictors such as SAM [35], while another [31}[77,|79] predicts
mask proposals and classifies them by computing the similarity between mask
embeddings and CLIP-style |58| text embeddings. These paradigms have been
extended to the 3D domain through methods like SAL [53|, which distills CLIP
features for LIDAR segmentation. Similarly, recent open-vocabulary occupancy
methods [30,38L[71}/81] distill these features into voxel representations to enable
open-world prompting. Despite their flexibility, these methods face two critical
challenges: (1) they remain fundamentally dependent on models pre-trained on
vast image-text and per-pixel mask annotations, and (2) they exhibit significant
performance degradation for rare classes [3}[70]. In contrast, TRIOs supervision
relies on geometric cues from different sensors, enabling a more reliable segmen-
tation of any object relative to the drivable surface. While ground segmentation
has been extensively studied for LiDAR point clouds [20}37,54,/65], its appli-
cation to occupancy remains limited. For example, [60] utilizes surface normals
from stereo cameras and LiDAR to estimate ground regions in current time
BEYV (2D) occupancy maps, yet is constrained by the range of current measure-
ments and segmentation networks that require pixel-level human annotations. In
comparison, we distill fused obstacle segmentation estimates from LiDAR and
monocular camera data and TRIO has a unique ability of forecasting these seg-
mentations in 4D.

Unsupervised Occupancy. Early non-learning-based methods [141/52,/66] em-
ployed classical filtering techniques to estimate occupancy and flow without hu-
man annotations. With the advent of deep learning, 4D-Occ [34] proposed a
LiDAR-only self-supervised approach to forecast 4D occupancy. However, its
explicit 4D voxel grid representation suffers from significant memory and run-
time inefficiencies, often forcing a trade-off between spatial resolution and re-
construction quality. To address these limitations, recent implicit occupancy
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methods [1}17,|42}/45,/55] represent scenes in continuous space-time, leveraging
self-supervision from LiDAR or camera inputs. Departing from implicit represen-
tations, SceneDino [29] predicts 3D geometry and feature fields from monocular
input, achieving semantic scene completion through clustering and unsupervised
distillation. Other recent works, such as [43], adopt cross-modal strategies us-
ing RADAR as input with LiDAR-based supervision. In contrast to all prior
work, TRI1O utilizes camera, LiDAR, and RADAR data for both input and self-
supervision, exploiting the inherent physical synergies between sensors to per-
form 4D forecasting of occupancy, segmentation, and flow. We show an extensive
tabular comparison and further related works in the supplementary.

3 Unsupervised Multi-Modal Occupancy-Flow Method

To learn a robust representation of the world, we leverage the complementary
physical properties of the standard SDV sensor suite: active sensors (LIDAR and
RADAR) operating on Time-of-Flight principles, and passive cameras. While
LiDAR provides high-precision 3D geometry capable of capturing free-space [1|
and object surfaces [37], its sparse returns degrade at distance and in adverse
weather. In contrast, RADAR uses longer wavelengths that penetrate fog and
rain, and provide instantaneous radial velocity via the Doppler effect. Passive
RGB cameras offer dense, high-resolution semantic and textural information,
but lack native depth. To overcome this limitation, we extract dense depth and
surface normal estimates using recent vision foundation models |25, enabling the
reliable segmentation of obstacles. In summary, we combine the complementary
synergies of each sensor modality and propose TRIO, a 4D world model that
learns geometry, dynamics, and object segmentation while remaining unsuper-
vised.

3.1 Unsupervised Task

To define our training objective, let T' € N denote the future time-horizon and
H € N the historical observation time steps. For notational clarity, in the fol-
lowing we define Sy = S_p . o as the historical sensor observations at time
—H,...,0 and St as the future observations at time 0, ...,T. Here, S is a place-
holder for either multi-view camera images C € RNexWxHxX3 TiDAR points
L € RMuxd or RADAR targets R € RVrX4rR N denotes the number of
camera images with width W and height H. Further, Ny, Ng, di, dg are the
number of LiDAR/RADAR points and their feature dimensionalities, respec-
tively. Finally, we define the combined historical and future sensor observations
as Xg = (Cqu, Ly, Ru) and X1 = (Cr, L1, Rr), respectively. Our goal is to
learn a model:

y:(o,s,f):fg(XH,q), (1)

parameterized by 6, that can predict occupancy probability o € [0, 1], obstacle
segmentation probability s € [0,1] and 3D flow f € R? at query point q =
(@2, 4y, 49z, 1) In continuous 4D space-time (z,y, 2, t).
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Fig. 2: TrIO’s multi-modal architecture fusing LiDAR, RADAR, and camera inputs
via voxel-attention. An implicit decoder generates occupancy, segmentation, and flow
for a set of query points Q supervised by pseudo-labels derived from sensor data.

Geometric occupancy and 3D flow offer a simple representation that captures
important characteristics of real-world environments (being occupied by a physi-
cal object and its velocity). However, a motion planner must distinguish between
what is path-blocking (e.g., a child sitting on the street) and what is traversable
(e.g., a drivable slope), motivating the prediction of obstacle segmentation s.
To train our method, we require labels for each query point q. We construct
supervisory signals (pseudo-labels) as y = g(X, q), which are used in the loss
function L(y,y).

In the remainder of this section, we first detail the architecture of fy in
Sec. [3:2] We then detail the function g by introducing our segmentation method
in Sec. [3.3]and how pseudo-labels are generated from all three sensor modalities
in Sec. [3:4] The training procedure is described in Sec. 3.5

3.2 Unsupervised Multi-Modal Occupancy-Flow Model

Our model follows an encoder-decoder structure and the overall architecture is
shown in Fig. 2] First, we encode the measurements of each sensor with two
encoders, one for LIDAR-RADAR (fi;) and one for camera (f;):

Z. = f.(Cu), Zy = fi.(Lu,Ru). (2)

The camera encoder f. is a pretrained version of ResNet50 , which only
takes in the most recent camera frame. The LiDAR-RADAR encoder discretizes
locations at the voxel level of multiple historical frames, and encodes them
as features in a 3D sparse feature map. The features from the LiDAR 1 =
[7,y, 2,1, At]T € R® (including intensity i and relative timestep At) and RADAR
points r = [x,y, z,v,, 0, At]T € R (including range rate v,, RADAR cross sec-
tion o, and At) are each encoded through separate shallow MLPs.

The latent representations Z. and Z, are then fused by allowing the sparse
LiDAR features at the coarsest level to attend to the image features through a
voxel attention mechanism (fyoxelatt ), similar to what is done in , giving 2y =
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Fig. 3: and ground pseudo-label generation process.

[Vau, Vaz, Vgu, Mg, |, with feature volumes Vo, V4, Vg, and Mg, having
been downsampled by 2x, 4x, 8x, and 16x respectively. We then densify the
coarsest feature map Mg, and pass it through several deformable attention
layers (fgetats) to increase the effective receptive field of the model. Finally, we use
the same deformable attention multi-resolution header proposed by |17] for each
of the model’s predictions. We describe the specific details in the supplementary.
The process is summarized as:

ZO = fvoxclatt(zca er) — Zl = fdcfatt(ZO) — (Oa f7 5) = fdcc(Zla era q) (3)

3.3 Obstacle Segmentation Model

To provide supervision for obstacle segmentation s, we propose a novel method
for extracting obstacle/ground segmentation labels from image and LiDAR fea-
tures in a probabilistic manner, combining the strength of each sensor modality.
This approach ensures that the objects which are distinctly above ground are
captured by the LIDAR segmentation, which is robust due to the 3D information
it receives, while also detecting smaller close-to-the-ground obstacles that may
only be observable in image space. The overall process is illustrated in Fig.
Image Obstacle Segmentation. We propose using an image foundation
model to produce estimates of normals and depths of the image for each camera.
Specifically, given a camera image I € R7*W*3 we apply Metric3Dv2 [25] to ob-
tain per-pixel metric depth d € R¥*W depth confidence ¢ € R#*W  and surface
normals i € REXWX3 with associated confidence ¢, € RF*W . We then follow
a similar process to [48] to produce a segmentation of the obstacles relative to
the rest of the scene based on the normals and depth information. In contrast to
prior work, which produce discrete labels, we output continuous probabilities for

image

obstacles/ground (p,, 5" ), in addition to probabilities of the validity of the es-
timation (p!"&°). Producing these continuous image segmentation labels (ISL)
enables the downstream model to learn a more calibrated representation.

LiDAR Obstacle Segmentation. We leverage ideas from Patchwork++ [37]

for LIDAR segmentation to discretize the point cloud into polar patches, where
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for each patch j, a ground plane is characterized by its centroid c; € R® and
surface normal n; € R?. For a LIDAR return 1 € R3, we identify its correspond-
ing patch in the xy-plane. We then get the elevation e € R as the point to plane
distance using the patch normal, and map this into continuous probabilities for
the obstacle pMDPAR and the valid distribution pHPAR.

Combined Segmentation. To leverage the complementary strengths of both
modalities, we employ a confidence-driven fusion using the per-point validity and
obstacle probabilities pyalid, Pobst from both image (projected onto LiDAR) and

LiDAR sources. Formally, the combined probability is

p = ,LiDAR (4)

i :¢ (o LiDAR image LiDAR
comb _ ) P (phapg T < 0.5) A (Piand > Prana )
P , otherwise

with pSCVReE = [pf,gﬁg@,ng‘sfc“:] T SOURCE € {comb, image, LiDAR}. The prob-
ability vector p®™P describes the combined soft labels (CSL) to supervise s. By
prioritizing image labels for low-confidence LiDAR segmentation results, this
approach captures small visual details while maintaining LiDAR’s robustness to
points that are clearly distinct from the ground plane. Additional details of our

segmentation method are in the supplementary.

3.4 Multi-Modal Self-Supervision

We will now outline the pseudo-labels used to supervise TRIO. These can all be
represented by a 4D query point q, and a label g, summarized as y = (q, 7).

Occupancy. We generate dense occupancy pseudo-labels without any human
annotation, following the methodology of UnO [1], DIO [17], and GASP [45].
For a LiDAR return 1 we assume the continuous ray segment between the sensor
position and 1 as the unoccupied region R~, and a short segment immediately
behind 1 along the ray direction as the occupied region RT. The sets of occupied

and unoccupied points in the scene are O = (J;o, RT and O~ = [J;c, R,
respectively. The set of 2NV sampled points with occupancy pseudo-labels is
Yoce ={(a;1) [a € 0T} U{(q,0) [q€ O }. (5)

Obstacle Segmentation. In order to train for the segmentation class, we revisit
the pseudo-labels generated in Sec. [3.3] Recall that this formulation provides a
combined probability vector p«™ for each point r € Payeep in LIDAR sweep
Psweep, containing both the validity and obstacle probabilities. We therefore use
the locations of these LiDAR points with their time of emission (x,y,2,t) as
coordinates for our query q, and their corresponding combined probabilities as
the soft labels. The set of points with pseudo-labels Vs, is

yseg = {(Qa pcomb (q)) | qc Psweep}- (6)

Instantaneous Flow. In order to train for unsupervised instantaneous flow,
we use the Doppler readings from the RADAR sensor as our supervision source.
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As RADAR points can be noisy, we first define a refined set of RADAR points
Relean Where the measurement uncertainty is below a certain threshold. Due
to the inherent characteristic that RADAR only captures velocity in the radial
direction, our pseudo-labels must include the sensor velocity at the time of mea-
surement Vgensor, the unit radial direction of the RADAR point d,agar, and the
scalar Doppler velocity vqoppler- We define the flow pseudo-label set Vaoy as:

Vow = {(CL ('Udopplera Vsensor dradar)) ‘ qc 7aclean}- (7)

3.5 Training

We train our model with a multi-task loss for occupancy (Loce), flow (Laow),
and obstacle probability (Lseg)

L= Alﬁocc + AZACﬁow + >\3£seg (8)

using the pseudo-labels defined by Voce, Vseg, and Vaow. Let TRIO’s occupancy,
obstacle probability, and flow output at a query point q be denoted as fy occ(q) €
[0,1], fosee(q) € [0,1], and fg fow(q) € R3 respectively. For notational simplicity,
we drop the conditioning on the input Xy. The occupancy loss is the binary
cross-entropy loss over all query points:

£occ = ! Z BCE (f@,occ (q)7 gocc) . (9)

|yOCC | (Qagocc)eyocc

The obstacle probability loss is a soft focal loss (SFocalLoss):

1 com Ccom
Lseg = § SFocalLoss (f@,seg(q)v pobstb(q)a pvali(? (Q)) . (10)
[ Vsegl (o cont
(a,p (@) EVses

In contrast to Locc, which uses hard labels gocc € {0,1}, Lsez Operates on soft
comb

targets pSym> € [0,1], with each point’s contribution scaled by its label confi-
dence pf,g{‘iﬁ’. We find this soft parameterization to be important for generating a
well-calibrated model and elaborate further in Sec. [4 Full loss definitions are pro-
vided in the supplementary material. Finally, the flow supervision is determined
as follows. We begin by moving the model’s instantaneous 3D flow prediction
fo.a0w(q) into the sensor’s frame of reference by subtracting the sensor’s velocity
Vsensor yleldlng the relative flow frel(q) = f9,ﬂow (q) — Vsensor- We then ProjeCt
this relative flow onto the radial direction vector d;.q.r to obtain the predicted
radial velocity: fraqa(q) = dradar-fre1(q). Finally, we supervise this value using the
Doppler measurements with an L loss over the cleaned RADAR points Rciean:

1
LAow = 75— Z | fraa(Q) — Ud0ppler| . (11)

Ral
| clean qenclean
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Fig. 4: Visualization of TRIO on AV2. Each row shows (left to right): perspective-view
occupancy, perspective-view obstacle segmentation, camera image, rendered depth, and
rendered obstacle segmentation. TRIO captures key elements of the scenes: A) exca-
vator, B) fallen cone, C) inside of truck, D) open car door, E) pedestrians.

4 Experiments

In this section, we investigate the following research questions while comparing
against the state-of-the-art: Q1: Can TRIO reliably perceive unknown objects
in a zero-shot, open-set manner? Q2: Does TRIO’s architecture lead to a better
4D geometric representation? Q3: Does unsupervised multi-modal pre-training
improve downstream task performance via fine-tuning?

Datasets. We use the Argoverse 2 (AV2) Sensor split (700 train/ 150 val
sequences) and evaluate on the AV2 Occupancy Forecasting leaderboard. The
dataset Spotting the Unexpected (STU) [51] uniquely provides 3D LiDAR point
labels for rarely seen objects on the road, aiming to test models on anything
perception. We utilize all 22 available sequences with labels from STU (train
and val) for evaluation. Note, STU is only for zero-shot evaluation — i.e. we
train TRIO and baselines on AV2 and apply it without any fine-tuning on STU,
containing different sensor characteristics. Given the limited label range and no
RADAR in previous datasets, we use an unreleased dataset Long Range RADAR
(LRR) where we label bounding boxes up to 350m in front of the SDV. LRR
has 2280 sequences (highway and urban). See supplementary for details.

4.1 Zero-Shot Anything Perception (Q1)

We evaluate our method’s ability to perceive unusual, path-blocking objects
on STU. First, we assess pseudo-label quality by comparing our ISL and CSL
against STU ground truth. Using the correspondence between image and LiDAR
labels in STU, we benchmark our soft pseudo-labels against open-set 2D and 3D
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Table 1: Pseudo-label model segmenta- Table 2: Semantic occupancy prediction
tion performance on STU. MCPP refers performance of distilled methods. f is
to MaskCLIP++. QueryOcc+ with LiDAR input.

Method mloU 1 F1 1 Recall 1 Method mloU 1+ AP 1 F1 1 Rec. T
MCPP + SAM 222 385 518 UnO (ISL) 401 74 116 235

MCPP + SAM (Oracle) 222 383 519 DiO (ISL) 49.7 293 34.3 50.2

MCPP + FC-CLIP 248 30.3 439 UnO (CSL) 40.6  23.1 29.8 25.5

MCPP + FC-CLIP (Oracle) 27.4 351 524 DiO (CSL) 49.8  74.8 729 65.6

MCPP + MAFT+ 25.6 340 516 TriO (MCPP + SAM) 27.9 257 27.5 24.0

MCPP + MAFT+ (Oracle) 28.0 37.8 59.5 TriO (MCPP + FC-CLIP) 23.1 2.2 52 56.7

GroundedSAM 220 279 353 TriO (MCPP + MAFT+) 20.6 10.2 14.8 10.0

GroundedSAM (Oracle) 26.8 18.7 55.2 TriO (GroundedSAM)t 50.4 50.1 52.1 54.8

OWLv2 + SAM 202 219 234 TriO (OWLv2 + SAM) 50.1 723 70.1 68.8

OWLv2 + SAM (Oracle) 28.6  29.5 57.2 TriO (Patchwork-++) 39.4 748 70.8 59.5

Patchwork-+ 421 514  62.8 TriO (ISL) (Ours) 418 57.1 53.7 59.9

ISL (Ours) 38.6 35.0 76.3 TriO (CSL Hard) (Ours)  50.3 76.1 71.7 64.5

CSL (Ours) 44.6 57.8 79.9 TriO (CSL Soft) (Ours) 54.9 81.6 77.7 71.3

baselines on equal footing. We also provide qualitatives results on AV2 in Fig. [4]
Anything Perception Baselines. We benchmark against state-of-the-art
open-vocabulary methods, including detect-then-segment (GroundedSAM [59],
OWLv2 [49]+SAM |[35]) and segment-then-classify (MaskCLIP++ [79] with FC-
CLIP [77], MAFT+ |31], or SAM) approaches. Following [53|, we use standard
prompts for ground (Pground) and non-ground (Pobstacle) classes; see supplemen-
tary material for details. To establish an upper performance bound, we include an
(Oracle) variant where scenes are manually inspected and specific unknown ob-
ject classes are appended to Popstacle- Finally, we also include Patchwork++ [37]
as a LiDAR-based baseline. For the second set of experiments, we train TR1O’s
segmentation objective (Lseg) using each of the pseudo-label from the baselines.
This allows us to measure how effectively open-world knowledge can be distilled
into the downstream world model, and in turn how well this model generalizes
when evaluated on a different domain. Notably, our model under GroundedSAM
supervision serves as a LIDAR-enhanced version of QueryOcc+ [42]. Finally, we
compare against LiDAR-only models (UnO, DiO) trained with ISL and CSL.
Anything Perception Metrics. We report mloU (mean Intersection over
Union) [67,|72] for semantic predictions and F1 score to evaluate pseudo-label
quality at a fixed operating point without unfairly advantaging soft probability
methods. We emphasize Recall to capture safety-critical missed detections, while
Average Precision (4 P) evaluates continuous probabilities in distilled occupancy
models. See supplementary for further details.
Comparison of Pseudo-Label Methods. Our generated pseudo-labels (CSL)
achieve the best balance of detecting the obstacles (measured by recall) on the
road without too many false positive detections (F1 and mloU) as shown in
Tab. [Tl Notably, this strong performance is not solely reliant on multi-modal fu-
sion; even our image-only pseudo-labels (ISL) surpass all evaluated baselines in
terms of recall. We also find that text-based segmentation baselines, even when
prompted with the exact text description of the objects in the road, struggle to
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Fig. 5: Segmentation results on the STU validation set. Each scene contains an unex-
pected obstacle: A) two pigeons and B) chair, C) ball, and D) bookbag. An obstacle
segmentation is correct if the road is labeled traversable (blue) and the obstacle is
fully segmented as an obstacle (orange). ISL robustly segments long-tail obstacles.

Example 1 Example 2
0.0s +0.6s +1.8s +3.0s 0.0s +0.6s +1.8s +3.0s

Fig. 6: Scene forecasting results of TRIO on AV2. LiDAR and camera sensor inputs
are displayed at present time for reference. Tr1O’s forecasts maintain coherent obstacle
segmentation throughout time, distinguishing occupied from free space even as agents
move. TRIO captures a bicyclist A) and predicts its future multimodality B).

generalize to these rarely seen classes, reinforcing the findings of . We provide
visual evidence for that claim in Fig. [f] and the supplementary. In contrast, our
model, relying on geometry, is able to generalize in a more robust manner.

Semantic Occupancy Evaluation. As shown in Tab. 2] TRIO performs the
best after the obstacle labels have been distilled into our occupancy model. We
also find that using soft probabilistic labels (CSL Soft) tends to result in better
performance than when trained with thresholded discretized labels (CSL Hard)
due to better calibration (see AP, mIoU). TRIO improves also over LiDAR-only
methods highlighting the benefit of using multi-modal sensor information.

4.2 Geometric Occupancy/ LiDAR Point Cloud Forecasting (Q2)

We evaluate TRIO on the AV2 Occupancy Forecasting benchmark; the goal of
this benchmark is to determine how TRIO performs on occupancy prediction
(visualized in Fig. @, evaluated via LiDAR point cloud forecasting. Following
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Table 3: LiDAR forecasting on the Argoverse 2 leaderboard.

L1 (m) } AbsRel (%) } NFCD (m?) | CD (m?) |

RayTracing 4.88 35.00 3.62 17.03
occformer epl5 3.57 22.00 3.35 91.61
4D-Occ 3.22 19.00 2.45 72.74
occformer 2.97 17.00 2.03 71.33
Progressive ARM  2.32 13.00 1.81 71.41
UnO 2.24 12.00 0.86 8.10
DIO 2.11 11.00 0.85 13.96
TrIO 1.82 10.63 0.93 10.90

prior work [1L[17[34], after training the world model fy, we freeze all parameters
0 and introduce a LiDAR forecasting header f, to predict LIDAR depth. We
provide more details in the supplementary.

LiDAR Forecasting Baselines. We compare our method against the state-
of-the-art from the Argoverse 2 leaderboard. Notably, 4D-Occ [34] serves as a
representative unsupervised baseline for explicit occupancy prediction via voxel
grid forecasting. In contrast, UnO [1] and DiO [17], also perform implicit oc-
cupancy prediction. However, unlike TRIO, these methods do not incorporate
camera input, representing architectural differences in sensor modality.
LiDAR Forecasting Metrics: For point cloud forecasting we use well-established
metrics of the AV2 Occupancy Forecasting leaderboard, namely Chamfer dis-
tance (CD), Near Field Chamfer Distance (NFCD), depth L1 error (L1), depth
relative L1 error (AbsRel) as our metrics.

Comparison against state-of-the-art. Tab. [3|compares TRIO against all the
AV?2 leaderboard baselines. TRIO is best in the L1 and AbsRel metrics, while
competitive with baselines in other metrics. This underlines TRIO’s ability to
accurately forecast occupancy and its effectiveness as a world model.

4.3 Fine-tuning for Downstream Occupancy Tasks (Q3)

We show the versatility of the TRIO pre-trained feature extractor by evaluating
its performance on various downstream tasks. We follow [1,45] and finetune the
model to forecast semantic 3D (AV2) and semantic 2D BEV (LRR) occupancy
and flow over time supervised with bounding box labels for the vehicle class.
Downstream Occupancy Baselines. For fine-tuning experiments, we pre-
train UnO and DiO baselines via LiDAR self-supervision then fine-tune on 2D
or 3D bounding box labels. We also compare against ImplicitO [2| which does
not utilize unsupervised pre-training.

Downstream Occupancy Metrics. We use well-established metrics to eval-
uate the performance of the different methods on these downstream tasks by
following prior work [142,[17,/47]. We report mAP, SoftloU [47] for occupancy
and End Point Error (EPE) for flow. For LRR, we also evaluate each metric at
over 200m in front of the SDV. We hypothesize that RADAR specifically having
a longer effective range is able to improve our model performance at these dis-
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Table 4: Fine-tuning downstream performance on AV2 and LRR.

AV2 LRR
All 200m-+

Method ~mAP 1 Soft-IoU 1 EPE | mAP 1 Soft-IoU + EPE | mAP 4 Soft-IoU 1 EPE |

Implicit-O  45.3 189  3.04 49.1 22.6  5.69 295 107 102

UnO 59.0 29.2 2.04 516 21.2 4.92 272 8.30 8.29
DIO 57.6 26.2 1.43 58.0 31.5 3.01 36.2 13.8 4.40
Tr1O 63.3 31.9 1.97 60.5 35.7 2.86 42.6 21.4 4.01

tances, where other sensor readings may be too sparse to be consistently useful.
This emphasizes the use case of LRR as only it is able to provide validation
labels at a distance of 350m in front of the SDV.

Semantic Occupancy and Flow Forecasting. Tab. [4 and Tab. [5] show the
BEV and 3D occupancy and flow forecasting results on AV2 and LRR. Our
method outperforms all the baselines when finetuned to the supervised occu-
pancy task. The drop in EPE performance in Tab. [f] compared to DIO is ex-
plained as TriO on AV2 has no flow supervision (due to the absence of RADAR
data) during pre-training, whereas DIO does. Notably, our model outperforms
the baselines significantly at range. The results show an improvement of 6.4 AP
over the state-of-the-art showcasing the benefits of using RADAR at long-range.
Ablation Study. We evaluate the contributions of pre-training, sensor modali-
ties, and loss objectives in Tab. 5} Unsupervised pre-training provides consistent
gains across all metrics, validating the world model objectives. Omitting the
radar loss leads to degradation in flow metrics across all ranges. Conversely,
adding camera inputs improves far range occupancy performance at the expense
of EPE; this suggests that single-frame camera features, which lack temporal con-
text, may introduce noise into the flow estimation process. Removing RADAR
as an input modality significantly degrades performance on long range metrics,
supporting our hypothesis that this sensor modality directly lends itself to long
range tasks.

Scaling Labeled Data. In Fig. [7] we scale the number of labeled training
samples when fine-tuning pre-trained models (TrRIO, UnO, DIO) and models
trained from scratch (ImplicitO-4D). TR1O outperforms at all levels of supervi-
sion, and with 102 labeled training examples, reaches similar performance to the
strongest baselines with 10* examples. TRIO is two-orders of magnitude more
sample efficient, underscoring the generalizability of our method. Due to its novel
obstacle segmentation supervision TRIO better understands obstacles and free
space. This underlines the strong representation learned during pre-training and
TRIO’s ability to encode the geometry, semantics, and dynamics of the scene.

Limitations, Discussion, and Future Work. Currently, TRIO is limited to
using RADAR for flow self-supervision, but future work could add occupancy su-
pervision from RADAR. While our model uses RADAR to generalize occupancy
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Table 5: Ablation studies of TRIO on LRR.

All 200m+
Method mAP 1 Soft-IoU 1+ EPE | mAP 1 Soft-IoU 1+ EPE |

TRIO (no pretraining) 59.7 33.9 4.09 41.0 19.8 4.70
TrIO (no radar input) 57.7 31.9 3.04 345 14.3 4.59
TrIO (no camera input) 60.5 35.7 2.68 422 20.9 3.64
TrIO (no radar loss) 60.5 35.6 4.35 42.6 21.3 6.02
Tr1O 60.5 35.7 2.86 42.6 21.4 4.01

mAP

0 y f f t
10 100 1,000 10,000

Number of labeled training frames

Fig. 7: Occupancy fine-tuning under a varying number of labelled frames.

predictions beyond the LiDAR range, RADAR can also be used as additional
occupancy supervision in adverse weather to robustify predictions. This requires
techniques beyond the line-of-sight assumption done in [36] due to nature of
RADAR returns. Furthermore, the ability to perceive and forecast the move-
ment of rare objects is an understudied problem in the SDV space. We see a
general need for additional larger scale benchmarks focusing on the task of Any-
thing Perception to ensure the overall robustness of many pre-existing systems.

5 Conclusion

We present TRIO, a novel unsupervised tri-modal occupancy model that learns
to predict 4D occupancy, obstacle semantics, and flow by leveraging the com-
plementary physical synergies of camera, LiDAR, and RADAR data. It achieves
state-of-the-art performance across multiple tasks, including zero-shot anything
perception, LIDAR forecasting, and 3D /4D occupancy prediction, while being
unsupervised and independent of additional costly human annotations. We ob-
serve failure-cases of open-vocabulary methods for rare classes, and show that
TRIO outperforms these methods in open-world scenarios. Notably, it achieves
robust performance in perceiving anything relative to the drivable surface, in-
cluding rare classes, showcasing its potential for a scalable deployment of SDVs.
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