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Figure 1. We present DIO, a world model that learns unsupervised 4D occupancy and flow (a, ¢) and can be decomposed into instance
occupancy (b) as well as transfered to downstream tasks like LIDAR point cloud forecasting (d).

Abstract

We present DIO, a flexible world model that can estimate
the scene occupancy-flow from a sparse set of LiDAR ob-
servations, and decompose it into individual instances. DIO
can not only complete instance shapes at the present time,
but also forecast their occupancy-flow evolution over a fu-
ture horizon. Thanks to its flexible prompt representation,
DIO can take instance prompts from off-the-shelf models
like 3D detectors, achieving state-of-the-art performance in
the task of 4D semantic occupancy completion and fore-
casting on the Argoverse 2 dataset. Moreover, our world
model can easily and effectively be transferred to down-
stream tasks like LiDAR point cloud forecasting, ranking
first compared to all baselines in the Argoverse 4D occu-
pancy forecasting challenge.

1 Introduction

Planning a safe motion requires robots, such as self-driving
vehicles (SDVs), to have an accurate understanding of the
world. An important challenge of perception systems is
their ability to understand individual objects and their shape
when dealing with sparse and noisy observations. More-
over, scene completion at the current time is not sufficient,
as a robot also needs a precise understanding of the evolu-
tion of the 4D scene into the future through a world model
to plan a safe trajectory. These systems can benefit from

* Denotes equal contribution. T Work done while at Waabi.

reasoning about instances to get a complete understanding
of the scene, allowing a more fine-grained understanding of
the interactions between actors. For instance, if a planned
trajectory overlaps with forecasted future occupancy, it is
important to understand where that occupancy came from
to reason about who has the right-of-way.

Two dominant groups of methods have emerged as inter-
pretable world models for autonomy: Instance-based meth-
ods [1-10] first detect a discrete set of objects in the scene,
followed by forecasts of possible future trajectories. While
instance information can benefit motion planning, this ap-
proach leads to information bottlenecks (e.g., a finite set
of predicted trajectories). Bird’s-eye-view (BEV) semantic
occupancy fields [11-17] are more suitable to represent fu-
ture motion uncertainties [ 12, 18] but lack instance informa-
tion that reduces expressivity and intepretability. Moreover,
both these approaches are often supervised exclusively with
bounding box labels, which leads to a poor approximation
of the true object geometry, and the BEV assumption may
not hold. This highlights the need for a 4D (x,y, z,t) un-
derstanding of the scene.

Recent works [18, 19] propose unsupervised 4D occu-
pancy world models, allowing training on a vast amount of
unlabeled LiDAR data, better capturing the true geometry,
and enabling fine-tuning on specific tasks such as LiDAR
point cloud forecasting and semantic occupancy perception
and prediction. However, these models still face challenges
with (1) decomposing dynamic scenes, (2) predicting oc-
cupancy of fine-grained structures, and (3) accurately fore-
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casting, all of which are relevant for safe motion planning.

To address these limitations, we propose DIO, a 4D
occupancy-flow world model that exploits unsupervised Li-
DAR data together with object bounding box labels as su-
pervision. DIO is able to decompose the scene into in-
stances, while improving on both the fine-grained details
and the forecasting abilities of previous models. As shown
in Fig. 1, this model can predict 4D scene occupancy and
flow (3D + time), decompose it into individual objects,
and can also be transferred to the task of LiDAR point
cloud forecasting. In contrast to many scene completion
approaches [20, 21], this method requires only 3D bound-
ing boxes labels to predict instances that approximate the
true geometry. We further propose a novel method allow-
ing for the decomposition of 4D scene occupancy and flow
into specific instances while maintaining the ability to pre-
dict scene occupancy. DIO accomplishes this by accepting
source points s = (xs,ys, 25) that allow the user to indi-
cate the object of interest in a flexible way. In summary, our
primary contributions are as follows:

Contributions: 1) DIO is the first method to be able to
decompose scene occupancy using source point prompt-
ing into individual instances, enabling scene occupancy, in-
stance occupancy, and unsupervised flow prediction. 2) It
leverages both LiDAR and bounding box labels for super-
vision to predict instance-level occupancy and 3) our new
sparse architecture achieves state-of-the-art results in differ-
ent tasks (LiDAR point cloud and 4D geometric occupancy
completion and forecasting) on the Argoverse2 dataset.

2 Related Work

Spatial-Temporal Occupancy Prediction: This task in-
volves predicting the probability of a specific area in space
being occupied using sensory data such as LiDAR [12, 13,
16], RADAR [22, 23], and camera inputs [14, 15, 24, 25].
To tackle the downsides of bounding box and BEV assump-
tions, various works [26—-29] focus on predicting the 4D se-
mantic occupancy. However, many of these approaches rely
on point cloud semantic segmentation labels [30], which
are expensive, and only consider a predefined set of classes,
which can limit an autonomous system’s robustness to new
or unusual objects. To tackle these limitations, recent works
[18, 19] have instead proposed predicting 4D geometric oc-
cupancy, relying solely on LiDAR self-supervision.

Most works [19, 26—29] predict occupancy in space and
future time as a 4D voxel grid, which is inefficient in terms
of memory and runtime, leading to low resolution outputs
with quantization errors. In contrast, UnO [18] proposes an
implicit occupancy model, allowing it to efficiently query
occupancy at continuous (i, y, 2, t) points of interest. How-
ever, the predictions of this work still struggle to capture
fine-grained structures as it encodes the scene into a single
resolution BEV feature map.

LiDAR Point Cloud Forecasting: LiDAR point cloud
forecasting emerged as a way to measure the capabilities
of world models trained on large unlabeled datasets. While
some methods [31-34] directly predict the point clouds,
others first predicts a 4D occupancy representation [18, 19]
followed by the LiDAR ray depth given the sensor intrinsics
and future extrinsics. Our work builds on the latter and due
to the decomposed occupancy output also allows us to com-
plete and forecast LiDAR point clouds for specific objects
of interest in higher detail.

Scene Completion: Scene completion [35-38] refers to
the task of completing the geometry of a scene given noisy
and sparse sensor measurements. Semantic scene comple-
tion methods [20, 39—41] additionally infer the semantic
classes of each occupied area, and panoptic scene com-
pletion [20, 21, 42] extends this task to also understand
instances. To obtain a fine-grained understanding of in-
stances, works in this family often rely on labeled data such
as CAD models [43, 44], meshes [45, 46], or semantic point
cloud labels [21, 42], which are costly to obtain. While
panoptic scene completion has similarities to our work,
DIO is not only able to complete the scene and instances
occupancy at the present time, but also forecasts its future
evolution. Moreover, our method only requires unlabeled
point clouds and bounding box labels which are cheaper to
obtain than the above-mentioned labels.

3 Decomposable 4D Occupancy-Flow

We present DIO, a model that estimates the precise full
3D shape of objects and forecasts their motion from sparse
and noisy LiDAR observations. We develop a model that
can be prompted for occupancy and flow of a particular in-
stance at a particular spatial-temporal 4D point. This en-
ables us to estimate occupancy in an implicit manner, with
the advantages of infinite continuous resolution, efficient
querying constrained to regions of interests, and most im-
portantly, leveraging large amounts of point cloud data for
training. Aside from point cloud sensor inputs and local-
ized ego poses —which are both the norm in modern self-
driving platforms [34, 47]— the model requires an indicator,
or "prompt”, to identify which instance it should predict in
the 4D space, as inspired by Segment Anything [48]. In
a real application, these instance prompts can be obtained
through many existing methods that estimate the centroid
locations of objects in the scene (e.g., 3D object detectors
[49-53]), and can be combined with methods highlighting
the points of interest in a scene like a planner [54]. More
details on the theoretical efficiency of these combined meth-
ods are in the supplementary.

3.1. Decomposable Occupancy-Flow Task

To decompose the scene, DIO requires a prompt made of a
source point s and a query point q. The source point rep-
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Figure 2. DIO predicts the probability o that the object currently occupying s will occupy (x4, yq, 2¢) at time ¢4, and in that event, the
most likely flow vector f. The occupancy and flow are visualized by overlaying a grid of query points for object centroid (as source point).

resents the assumed 3D location in the current frame of the
instance we want to predict. The query point indicates the
4D point in space and time where we want to know if it
will be occupied by the instance or not. To be more precise
about the task, it is worth distinguishing different cases. If
the source point lies in a foreground instance (e.g., a ve-
hicle) we want to predict the 4D occupancy-flow for that
specific instance (i.e., 1 for query points inside the instance
and O otherwise). If the source point lies in free-space or
background, we would like to predict zero occupancy for
any query point. For instance, if a detector is used to pro-
pose source points, it might have false positive detections,
and in that case we would like to predict no occupancy.

More formally, given a tuple (X, p) composed of past
sensor data X including the most recent observation at time
t = tg, a prompt p = (q,s) composed of a 4D query point
q = (G2 4y, =, q¢), and a 3D source point s = (S5, 5y, Sz),
DIO predicts the probability o that the instance occupying s
att = to will occupy (¢, gy, ¢-) at g, (i.e., ¢; — to seconds
into the future), as well its 3D flow f = (f5, fy, f-). In
other words, the goal is to learn a model fy parametrized by
6 such that

o,f = fo(X,p). (D

Finally, we would like the ability to also predict the over-
all scene occupancy similar to previous works [18, 19],
including background and all foreground instances. We
achieve this by prompting with an empty source point s =
. In this case, we expect occupancy for any query point
that belongs to either an instance (e.g., vehicle, person, etc.)
or to the background (e.g., buildings, trees, ground, etc.).
We define the results of prompting with a non-empty 3D
source point as instance occupancy, and scene occupancy
when prompting with an empty source point.

3.2. Decomposable Occupancy Model

We design a scene encoder that is composed of a sparse 3D
backbone and a dense BEV neck to extract multi-resolution
3D sparse feature volumes as well as a dense BEV feature
map. Given a prompt, the decoder predicts the occupancy

and flow for each query point corresponding to the instance
—or whole scene— described by the source point. We refer
the reader to Figure 2 for an overview.

Scene Encoder: We leverage the 3D sparse backbone of
SECOND [55] to encode multiple sweeps (360° scans) of
past and current LiDAR data. Through a series of sparsity-
preserving sub-manifold 3D convolutions [56, 57], this
backbone gradually downsamples the sparse feature vol-
ume. Throughout this downsampling process, we obtain
feature volumes with resolution downsampled by 2x, 4x,
8x, and 16x with respect to the input voxels, which we refer
to as Vg, V4, Vg,, and Vg, respectively. These sparse
feature volumes capture 3D details of the scene precisely,
but they have a limited receptive field as features do not
propagate into empty voxels, and thus are not well suited for
capturing the full scene context. To tackle this, we propose
using a deformable spatial attention neck to extract a BEV
dense feature map with a large receptive field from Vg,
This module first densifies the sparse features by padding
any voxel without sparse features with zeros, concatenates
the features along the height dimension, and runs a mul-
tihead spatial attention module [58] over the BEV feature
map. Finally, we pass it through a series of BEV convolu-
tion blocks to obtain a dense BEV feature map M, and
denote the transformation from Vg, to Mg, as Densify
in Fig. 2. This approach exploits the sparsity inherent in
the point cloud data for efficiency at high resolutions while
extracting high-receptive field features at a low resolution
where dense convolutions are affordable. The output are the
concatenated scene features Z = [V, Vuu, Vz, Migz].

Decomposable Occupancy-Flow Decoder: The decoder
predicts occupancy and flow by attending to the scene fea-
tures Z at multiple locations: the query point g, the source
point s as well as at multiple learned offsets from the query
point q + Aq. Together with embeddings of q and s, this
is sufficient context for the decoder to perform this task. In
more detail, we leverage a Multi-Scale Interpolation (MSI)
module to perform tri-linear interpolations at (x,y, z) for
Vau, Viz, Vg, and a bi-linear interpolation at (x,y) for
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Forecasting (t > to)
HRNgcp, - (%) T HRagy. NFCD,+ (%) T

T7=057=207=50 7=05 7=20 7=5.0

Completion (¢t = tg)
HRNgcp, - (%) T HR gy, NFeD,+ (%) T L1 (m) | AbsRel (%) |

T7=057=207=50 7=05 7=20 7=5.0

L1 (m) ] AbsRel (%) |

4D-Occ [19] - - - - - - - 20.67 60.05 - 481 18.24 30.07
ImplicitO-4D [16] 3.36 10.01 4295 63.17 70.75 3797 56.64 61.41 4.94 15.56 30.02 4638 52.61 31.18 48.23 57.90
UNO [18] 3.42 11.71 - 71.06 89.00 9533  4.90 20.07 - 59.29 85.16 94.12
DIO-NL 0.79 2.92 7120 88.79 95.53 75.60 91.09 9558 1.13 4.75 63.71 82.70 90.34 72.36 89.45 94.56

Table 5. LiDAR completion and forecasting evaluated on objects.

on occupancy for the held-out categories, which were never
seen during training: Bicyclist, Stopsign, Dog. We
selected these three classes to represent various properties
of unseen objects, including those with distinct dynamics
(Bicyclist, Dog), static objects (Stopsign), and rare,
small-sized objects (Dog), based on statistics from [34].
The results are presented in Tab. 3. We observe that DIO
achieves the best overall performance, which demonstrates
the generality of the learned occupancy representation. In-
terestingly, because no semantic understanding is required
from DIO-g, it achieves the best shape completion, which
shows both in the present and in the future. In contrast, we
see that DIO-NL is stronger at forecasting due to informa-
tion implicitly encoded in the source point prior, which can
guide the forecasting process.

4.3. LiDAR Point Cloud Prediction

LiDAR prediction metrics: In line with [18, 19], we
evaluate model performance using depth L1 error (L1),
depth relative L1 error (AbsRel), Chamfer Distance (CD)
and Near Field Chamfer Distance (NFCD). The AbsRel
metric represents the L1 error normalized by the ground-
truth depth. While L1 and AbsRel measure the predicted
performance along a ray, NFCD and CD capture the sim-
iliarity between point clouds. We evaluate at the present
time ¢ = 0.0s, to capture the point cloud completion capa-
bilities of different models, and in the future to capture the
forecasting capabilities of each method.

To enable a fair comparison between object-based oc-
cupancy models (DIO, [16]) and scene occupancy model
([18]), which also predict background points, we also em-
ploy a object-based evaluation, also measuring how well
our method can distinguish instances. For each evaluation
frame, we select a random object in the ROI to run the met-
rics on. We can compare the LiDAR point of the ground
truth point cloud that lie within the label box, and com-
pare them the models’ predicted point cloud to achieve our
object-centric metrics.

However, using the NFCD with symmetric distance cal-
culation between predicted and GT point clouds would
favour object-based methods, which do not predict back-
ground points. Hence, we do not employ the NFCD com-
putation for methods which also predict background points
in the object-based evaluation setting. To still have a mea-
sure of point cloud similarity for all methods, we employ

the asymmetric NFCD (Asy. NFCD) only computing dis-
tances from the GT point cloud to the predicted point cloud.
Inspired by miss rate metrics in motion forecasting [62], we
employ a HitRate HR, = L "V 1(NFCD(X;, ;) < 7),
denoting the number of predicted point clouds for which the
NFCD is smaller than a set of previously defined thresholds
7 with units in m?. HRngcp,- and HR sy, NFep, - denote the
HitRate for the NFCD and Asy. NFCD.

Comparison against state-of-the-art: Tab. 4 reports a
quantitative comparison of the state-of-the unsupervised
models with DIO-@ in the task of scene LiDAR point cloud
forecasting and achieves the best performance on the pub-
lic leaderboard' in the ranking metric (L1). That underlines
DIO-@s learned general occupancy representation and its
utility as a world model.

Tab. 5 shows quantitative results of our models against
the state-of-the-art in the object-based evaluation setting.
It is apparent that DIO-NL outperforms all other models
by a large margin across all metrics (e.g., the completion
Ll is 4.3 times smaller than the strongest baseline), even
in those (HRagy. Nrcp) Which favour baselines predicting
the whole scene point cloud. This demonstrates the strong
object-based understanding of the decomposed occupancy
model.

5 Conclusion

In this paper, we propose DIO, a decomposable implicit
occupancy world model capable of jointly predicting 4D
scene occupancy, decomposed occupancy, and flow in con-
tinuous 3D space and time. We demonstrate that DIO
outperforms state-of-the-art supervised and unsupervised
occupancy baselines in occupancy prediction and LiDAR
point cloud prediction experiments. Additionally, it exhibits
strong open-set prediction capabilities, indicating its abil-
ity to learn a generalized occupancy representation of both
individual instances and the scene. We showcase that our
model can be flexibly prompted to decompose scene occu-
pancy into instance-based occupancy. While our method re-
quires fewer labeled data than related work, it still relies on
bounding box labels during training. Future work could ex-
plore combining our approach with unsupervised object de-
tection techniques to reduce labeling requirements further.

Ihttps://eval.ai/web/challenges/challenge-page/
1977/1leaderboard/4662
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