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Abstract

3D occupancy becomes a promising perception represen-
tation for autonomous driving to model the surrounding
environment at a fine-grained scale. However, it remains
challenging to efficiently aggregate 3D occupancy over time
across multiple input frames due to the high processing cost
and the uncertainty and dynamics of voxels. To address
this issue, we propose ST-Occ, a scene-level occupancy rep-
resentation learning framework that effectively learns the
spatiotemporal feature with temporal consistency. ST-Occ
consists of two core designs: a spatiotemporal memory that
captures comprehensive historical information and stores it
efficiently through a scene-level representation and a mem-
ory attention that conditions the current occupancy repre-
sentation on the spatiotemporal memory with a model of un-
certainty and dynamic awareness. Our method significantly
enhances the spatiotemporal representation learned for 3D
occupancy prediction tasks by exploiting the temporal de-
pendency between multi-frame inputs. Experiments show
that our approach outperforms the state-of-the-art meth-
ods by a margin of 3 mloU and reduces the temporal in-
consistency by 29%. The code and model are available at
https://github.com/matthew—leng/ST-Occ.

1. Introduction

In recent years, vision-centric 3D occupancy representa-
tion has gained significant interest in autonomous driv-
ing [5, 14, 16, 20, 27, 28, 33]. Closely related to Bird’s
Eye View (BEV) representations, many prior efforts have
sought to extend common BEV perception pipelines and
techniques [20]—such as view transformation, decoder de-
signs, and temporal fusion—to obtain high-quality 3D oc-
cupancy representations.

Recent works leverage temporal information to improve
the robustness of occupancy prediction [16, 21, 27, 28, 32,
33]. To achieve this, historical features are typically stored
on a frame-wise basis, aligned with the current frame, and
processed in a recurrent [15] or stacked manner [8]. How-
ever, with the extended height dimension in 3D occupancy
representation, the memory and computation overheads of

the temporal fusion process become a critical issue [20].
Moreover, occupancy prediction tasks require voxel-level
detail, which demands higher granularity than the BEV rep-
resentations for 3D detection tasks. Consequently, existing
temporal fusion paradigms are often inefficient and insuffi-
cient in exploiting spatiotemporal information for 3D occu-
pancy learning.

Much less has been explored on utilizing spatiotemporal
information for occupancy representation learning. While
high granularity in occupancy representation aids the pre-
diction task [28], the performance gains from temporal in-
formation integration remain limited [16]. We attribute this
to three main challenges: 1) Efficiency. The voxel-wise de-
tail in occupancy representation makes it large and dense,
so storing and processing multiple frames of historical fea-
tures is resource-intensive, limiting the number of frames
that can be used in temporal fusion. 2) Uncertainty. Due to
factors like occlusion and varying lighting conditions [11],
voxel-level uncertainties arise across frames, potentially ac-
cumulating noise and error during temporal fusion and neg-
atively impacting prediction robustness and accuracy [5]. 3)
Dynamics. Dynamic instances in the scene introduce voxel
shifts, resulting in misaligned historical features if not accu-
rately modeled, which can hinder performance on dynamic
instances.

To address the aforementioned problems, we pro-
pose constructing a spatiotemporal memory under scene-
centered coordinates instead of ego vehicle-centered coor-
dinates, demonstrated in Fig. 1. In this way, we can not
only store and process the historical feature efficiently in a
recurrent way but also incorporate temporal clues that mit-
igate the uncertainty and compensate for the dynamics in
occupancy representation. Therefore, we introduce a new
paradigm: unified temporal modeling, along with ST-Occ,
a scene-level Spatiotemporal (ST) Occupancy representa-
tion learning framework designed to efficiently exploit the
spatiotemporal information for the 3D occupancy predic-
tion task. ST-Occ can perform 3D occupancy prediction
in a streaming video approach [24] with a variable number
of frames for temporal modeling, which makes it effective
for constructing a complete and holistic representation of a
large-scale scene with strong temporal consistency and ro-
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Figure 1. Occupancy prediction for a large-scale scene using our proposed ST-Occ. The first row shows ego-vehicle-centered predictions at
different time steps and locations. The second row presents the scene-level occupancy prediction derived from our spatiotemporal memory,
aggregating all 40 frames in the scene. The dashed rectangles are colored to correspond with their respective source frames above.

bustness. Figure 1 shows one occupancy prediction result
by ST-Occ.

ST-Occ consists of two core modules: a spatiotemporal
memory bank and a memory attention. The spatiotemporal
memory bank is constructed under scene-centered coordi-
nates, which aim to capture comprehensive historical infor-
mation, including historical representation, that assists the
temporal modeling. The memory attention conditioned the
current frame occupancy representation on the historical in-
formation from the spatiotemporal memory. This incorpo-
rates spatiotemporal information with uncertainty and dy-
namic awareness, which benefits the occupancy prediction.
These two modules together compose the unified temporal
modeling for the framework.

Compared with the existing occupancy representation
learning methods, the experiment shows the proposed ST-
Occ surpasses the state-of-the-art method by a margin of
3 mloU on the Occ3D benchmark [27] while maintaining
computational and memory efficiency. Besides, our unified
temporal modeling is 2.8 x effective in utilizing temporal
information. To further evaluate the temporal consistency of
our framework’s prediction, we design an evaluation metric
to measure the occupancy prediction inconsistency between
frames, and our method results in a 29% decrease in tempo-
ral inconsistency. We summarize our contributions as fol-
lows:

* We design a new unified temporal modeling paradigm to
achieve memory and computation-efficient temporal fu-
sion.

* We propose a scene-level occupancy representation learn-

ing framework that implements the unified temporal mod-
eling. It exploits the spatiotemporal information with un-
certainty and dynamic awareness.

* We conduct extensive experiments on the occupancy pre-
diction task and our proposed temporal consistency evalu-
ation metric, and our method outperforms state-of-the-art
methods by substantial margins.

2. Related Work

Camera-based 3D Occupancy Prediction. 3D occu-
pancy prediction aims to predict whether a voxel in the 3D
space is occupied or not and its semantic class if occupied
[27, 28, 35]. The use of occupancy maps can be traced
back to robotics mapping and planning tasks [6, 25]. The
occupancy network introduced by Tesla [1] brings the oc-
cupancy to autonomous driving perception. Recently, dif-
ferent camera-based 3D occupancy prediction works [4, 16,
27,28, 30] have been developed by extending vision-centric
BEV perception pipelines [9, 15, 17]. For instance, OccNet
[28] utilizes a cascade voxel decoder derived from the BEV
decoder to reconstruct 3D occupancy. FB-OCC [16] con-
structs the 3D features via forward-backward transforma-
tions used in FB-BEV [17]. Another line of research aims to
improve efficiency. For instance, FlashOcc [33] and COTR
[21] compress the intermediate representation to BEV or a
smaller-scale representation. OctOcc [23] and SparseOcc
[20] design intermediate representations with varied levels
of granularities to reduce the computational and memory
cost, and they refine occupancy representations in a coarse-
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to-fine manner. These works contribute to obtaining a fine-
grained representation with efficiency.

Orthogonal to prediction precision, PasCo [5] highlights
the uncertainty awareness in occupancy prediction, which
enables the model deployment in real-world safety-critical
scenarios with noisy and ambiguous data. However, ef-
forts to model the uncertainty and dynamics of occupancy
from the perspective of temporal modeling remain less ex-
plored. If not modeled appropriately, these factors would
lead to temporal inconsistency in the occupancy represen-
tation, resulting in decreased prediction performance with
less robustness. Our work incorporates these factors into the
temporal modeling process with efficiency, thus obtaining a
fine-grained and robust representation for better prediction.

Temporal Modeling. Vision-centric perception signifi-
cantly benefits from temporal modeling, which leverages
cross-time information to obtain a better representation
[8, 15, 19, 24, 29, 31]. The historical information used in
the temporal fusion helps the perception in the scenarios
of occlusion, distortion, and lighting changes, among many
others [11]. Previous efforts mainly focus on temporal mod-
eling for BEV perception. BEVFormer [15] introduces tem-
poral self-attention, which recurrently attends to previous
ego-aligned BEV features. BEVDet and its follow-up [8, 9]
differ in how to fuse past information: they align and con-
catenate historical features with present ones. Current oc-
cupancy prediction frameworks mostly extend these tech-
niques from 2D BEV features to 3D occupancy features
[16, 26-28, 33]. However, the memory and computational
costs brought by the dense occupancy representation are
non-trivial and limit the scope of fused historical frames.
Our work proposes a unified temporal modeling, which is
more memory and computation-efficient and effective in
utilizing temporal information.

3. Preliminaries

We introduce the preliminaries and limitations of 3D occu-
pancy representation and temporal fusion. We then discuss
our unified temporal modeling method to address these lim-
itations at the end.

3D Occupancy Representation. 3D occupancy repre-
sentation is a world representation that offers a holistic
view of the ego vehicle and its surroundings. Denoted as
V € REXWXZXC "an occupancy representation is a dis-
cretized 3D volumetric feature volume with a spatial shape
of H x W x Z and an additional feature dimension C, where
each voxel contains scene features at its physical position
[10]. With the additional height dimension compared with
BEV representations, 3D occupancy representation usually
contains more fine-grained geometric and semantic details
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Figure 2. Comparison of different temporal fusion paradigms,
including (a) recurrent-based, (b) stacking-based ego vehicle-
centered modeling, and (c) our proposed unified temporal mod-
eling. Compared to previous approaches, our method requires
significantly less memory and computation (multipliers are scaled
relative to our approach).

of the scene and instances [20]. Despite its success, predict-
ing occupancy frame by frame ignores the mutual informa-
tion across time and is more vulnerable to sensor noise. In-
corporating temporal information is thus an important com-
ponent for robust occupancy learning.

Queue-based Temporal Fusion. Temporal fusion aims
to use historical features to facilitate the perception in oc-
cluded or uncertain regions and dynamic instances. Given
a set of historical features F' = {F!=k pi=k+1  — pt}
captured at different instantaneous timesteps from ¢ — k to
t, we denote the temporal fusion process as

Fou = ¥(F), (0

where v is the temporal fusion function, k is number of
historical frames used, ﬁ‘om is the output feature that incor-
porates temporal information.

Due to the ego vehicle motion, pose information 73 is
used to align the historical feature through the transforma-
tion matrix 7} _,, which is calculated as

T |, =T/"™ T;. )

Typical temporal fusion paradigms store historical frame
features in a queue, align with the current frame, and pro-
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cess in a recurrent [15] or stacked manner [8, 13], shown in
Fig. 2 (a) and (b), which can be expressed as

Frcumen: = $(F", T p(F' 1 TS (F 2,

recurrent —

)y 3

Flw=vFLTL - FELTE - F72000)., 4)

stack —

The above approaches are widely adopted and effective
in methods involving BEV representation. However, the ex-
tended height dimension considerably increases the storage
and processing costs regarding occupancy representation.

Unified Temporal Modeling Unified temporal modeling
replaces the memory-heavy queue with a unified memory
M under scene-centered coordinates in Fig. 2 (c). The ego
pose T} determines the region of interest (Rol) of timestamp
t in the unified memory. The process of incorporating tem-
poral information is defined as:

Flisea = O(F" | x[My, T3)), &)

where || is the feature sampling operation and M, denotes
the unified memory at ¢ timestamp.
The Rol in the unified memory is updated reversely using

X[Mes1, Ti] = Flifea- (6)

4. Method

ST-Occ employs a new unified temporal modeling paradigm
to exploit the spatiotemporal information in occupancy rep-
resentation learning with uncertainty and dynamic aware-
ness. We first introduce the pipeline of our proposed frame-
work ST-Occ in (§4.1). We then talk about the two core
modules (§4.2) and (§4.3) that realize the unified tempo-
ral modeling. Lastly, we describe the temporal consistency
evaluation (§4.4) and the loss functions (§4.5).

4.1. ST-Occ

Our method aims to exploit the spatiotemporal information
to learn the occupancy representation with strong tempo-
ral consistency and performance on occupancy prediction.
As depicted in Fig. 3, ST-Occ contains two components for
unified temporal modeling: a spatiotemporal memory that
preserves the temporal clues of historical input frames and
a memory attention that conditions current frame occupancy
representation on the spatiotemporal memory to incorporate
historical information.

Fig. 3 illustrates our pipeline. Specifically, given multi-
view images input [; captured at timestamp ¢, the occu-
pancy encoder extracts their ego vehicle-centered occu-
pancy representations V. Then, the memory attention con-
ditions V; on the historical information H; to obtain the
fused occupancy representation V., where H, is extracted

from the corresponding region of interest (Rol) in the spa-
tiotemporal memory. Lastly, we update this part of memory
using the fused occupancy representation. Next, we will
introduce the details of each component.

4.2. Spatiotemporal Memory

We design the spatiotemporal memory to efficiently store
comprehensive historical information for temporal model-
ing of the occupancy representation learning. The spa-
tiotemporal memory is constructed as a representation M €
RHexWexZsxCa gt the beginning of each scene sequence.
While the spatiotemporal memory representation is slightly
larger than the ego vehicle-centered representation V due
to ego motion, it is much more memory efficient when mul-
tiple temporal frames are used for temporal fusion.

When a total of k temporal frames are used in the tempo-
ral modeling, the typical paradigms retain k total represen-
tations while our unified temporal modeling only requires
one representation, thus more memory efficient.

We introduce not only the historical representation V but
also other useful temporal attributes y to preserve compre-
hensive information that would facilitate the temporal fu-
sion process to the spatiotemporal memory.

We define the temporal attributes of a voxel at position p
as fip = {cp, dp, fp }. For simplicity, we omit the subscript
p from now on. Among these attributes, ¢ € RY is the
historical class activation vector after the softmax operation,
where NN is the number of classes and Zﬁvzgl c=16€R
is the average log variance s over classes; and f € R? is the
occupancy flow vector in a top-down view.

The historical class activation of temporal attributes is
updated using the class activation c; from occupancy head,
with an exponential decay of « follows

X[Mi11(c), T] = softmax (ac; + (1 — a)x[M(c), T]) ,

)
where the (-) is the extraction operation from spatiotempo-
ral memory. We also add two additional networks in the oc-
cupancy head to predict log variance s and occupancy flow
f. They are updated to the spatiotemporal memory by

XIMi11(6), Ti] = 0, xIMya (), T} = £, (8)

Finally, we update the historical representation using the
memory attention conditioning

XM (V), Ty] = V4, ©9)
which is introduced as follows.

4.3. Memory Attention

We design the memory attention to condition the initial oc-
cupancy representation V' on the historical information H,

26572



H,

A\ 4

Occ

Encoder > Vi—>

time

Multi-View Images [,

Memory Attention —»

Occ Representation V7, Occ

Pt

Alignment —p =8

Head

Occ Prediction

Figure 3. Overview of our ST-Occ. ST-Occ implements the unified temporal modeling using a spatiotemporal memory and a memory
attention. The spatiotemporal memory captures comprehensive historical information in a scene-centered coordinate system, and the
memory attention conditions the current occupancy representation on the spatiotemporal memory with uncertainty and dynamic awareness.
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Figure 4. Illustration of memory attention with uncertainty and
dynamic awareness.

at timestamp ¢. The temporal information are incorporated
into V, follows

Vi =9(Vy | Hy) = (Ve | x[My, T3)), (10)

The historical information H; consists of historical repre-
sentation and temporal attributes. They are retrieved from
the spatiotemporal memory using grid sampling.

To incorporate uncertainty and dynamic awareness in
the memory attention, we use the uncertainty v to balance
the fused feature between historical and current representa-
tions, and we use the occupancy flow f to compensate the
motion for voxels corresponding to dynamic instances.

To predict the uncertainty u, we use an MLP to encode
temporal attributes as

u = MLP(c, 0, ¢), (1D

where ¢ is the cosine similarity between current and histor-
ical representation at the same physical position.

The temporal conditioning process in our framework is
built on the temporal self-attention (TSA) layer [15], with
the encoded attributes incorporated to enable
and dynamic awareness. We use the initial occupancy rep-
resentation as the query, historical representation in Rol of
spatiotemporal memory as key, and value. The process de-
picted in Fig. 4 uses deformable attention (DA) [36] which

Temporal Conditioned Representation

can be formulated as

(1_ )DA(th7p+f7‘/t)+ DA(‘/tp7p+faX[MtaTt])a
(12)
where V; denotes the initial occupancy representation V;
located at p = (z,y, z). This design avoids feature mis-
alignment and noise aggregation that causes temporal in-
consistency while remaining entirely learnable.

4.4. Measuring Temporal Consistency

To assess the temporal consistency of occupancy predic-
tions across frames in a sequence, we propose a new evalua-
tion metric: mean Spatiotemporal Classification Variability
(mSTCV). This metric quantifies the classification variabil-
ity of voxels representing the same real-world location over
time, thereby measuring how stable occupancy predictions
are across frames.

To construct the correspondence of voxel between
frames, we utilize our spatiotemporal memory to addition-
ally store the historical occupancy prediction results P and
occupancy ground truth G under scene-centered coordi-
nates and update as follows

XM 1(P), Ti) = Py, x[Mi11(G), Tt] = Gy (13)

The STCV for timestamp ¢ is defined as

> L[(X[M(P), T3] # Py) A (x[My(P), Ty] # Free)]
S 1[Py # Free] ’
(14)
which calculates the percentage of classification changes in
non-free voxels over the total number of non-free voxels.
The mSTCV is computed by averaging STCV across all
frames:

T
1
mSTCV = T zt: STCV, (15)

4.5. Loss

Our final loss function comprises three parts. The occu-
pancy prediction loss L. follows the formulation in FB-
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TPVFormer 27.83 | 7.22 38.90 13.67 40.78 4590 17.23 19.99 18.85 14.30 26.69 34.17 55.65 35.47 37.55 30.70 19.40 16.78
OccFormer Res101 21.93 | 594 30.29 1232 3440 39.17 1444 1645 17.22 9.27 1390 26.36 50.99 30.96 34.66 22.73 6.76 6.97
BEVFormer ’ 26.88 | 5.85 37.83 17.87 40.44 4243 736 23.88 21.81 20.98 22.38 30.70 55.35 28.36 36.00 28.06 20.04 17.69
CTF-Occ 28.53 | 8.09 39.33 20.56 38.29 42.24 16.93 24.52 2272 21.05 2298 31.11 53.33 33.84 37.98 33.23 20.79 18.00
FB-OCC 37.39 | 12.17 44.83 25.73 42.61 47.97 23.16 25.17 25.77 26.72 31.31 34.89 78.83 41.42 49.06 52.22 39.07 34.61
FB-OCC Res50 [ 39.11 | 13.57 44.74 27.01 4541 49.10 25.15 26.33 27.86 27.79 32.28 36.75 80.07 42.76 51.18 55.13 42.19 37.53
ST-Occ (ours) 42.13 | 14.36 49.62 27.77 46.28 52.55 26.87 29.79 29.83 31.39 3540 39.03 84.26 47.72 56.09 59.85 45.27 40.11
ViewFormer ™ 37.80 | 9.90 44.89 22.67 42.84 4890 21.39 24.52 2522 2493 29.18 3456 8193 44.07 53.72 55.50 42.18 36.29
ViewFormer™* Res50 41.44 | 11.63 50.16 26.49 44.39 53.36 22.85 27.80 27.74 29.95 33.04 39.39 84.67 48.08 57.43 59.64 47.57 40.38
ViewFormer' + ST-Occ (ours) 42.30 | 12.00 50.61 27.93 45.81 53.24 24.79 29.18 28.63 30.93 33.53 39.58 85.28 49.42 58.39 60.39 48.02 41.42

Table 1. 3D occupancy prediction results on Occ3D benchmark. T without temporal information. * reproduced using its official code. The
direct baselines of our method are colored by steelblue (Best viewed in color).

OCC as

Eocc = ACfl + ‘Cls + ﬁ‘gwl + L

ca scal

+La, (16
which contains the Focal loss [18], affinity loss following
MonoScene [4], Lovasz softmax loss [2], and depth loss
following FB-OCC [16]. The log variance prediction uses
the Gaussian negative log-likelihood loss £,,;; following

1
Lo =5 (exp(=si)llys — il * +5:) . (D)

%

Besides, an L1 loss L, ¢ is used for the occupancy flow pre-
diction. The training loss thus becomes

Ezﬁocc+£nll+£of~ (18)

5. Experiments

5.1. Dataset and Metrics

We evaluate our method on the 3D occupancy benchmark,
Occ3D [27], constructed using the nuScenes dataset [3].
The benchmark consists of 1,000 driving sequences, each
lasting 20 seconds, with RGB images captured from six
cameras providing a 360-degree view. These sequences are
divided into 700 training scenes, 150 validation scenes, and
150 test scenes. For each frame, the dataset includes 3D
occupancy annotations within a range of [-40m, -40m, -1m,
40m, 40m, 5.4m] in ego-vehicle coordinates, with a voxel
size of 0.4 meters. There are 18 voxel classes in total, one of
which represents an unoccupied, free region. Additionally,
the Occ3D benchmark provides per-frame visibility masks,
indicating whether each voxel is visible in the current cam-
era view, to support both training and evaluation processes.
To assess the performance of our 3D occupancy pre-
diction model, we use the mean Intersection-over-Union
(mIoU) metric. Furthermore, we use our defined metric,
mSTCV, designed to evaluate the temporal consistency of
occupancy predictions across consecutive frames.

5.2. Implementation Details

Network. Our framework builds on the recent FB-OCC
method [16] and follows its experimental setup. We em-
ploy a ResNet50 [7] backbone to extract perspective-view
features from images of size 256 x 704. For more archi-
tectural details about the baseline, we refer readers to [16].
The output occupancy representation V is with dimensions
H = 100,W = 100, Z = 8, and C = 80. For fair com-
parison, we build on FB-OCC without its temporal fusion
module to demonstrate the effectiveness of our ST-Occ.

Our memory attention includes three temporal self-
attention layers for temporal conditioning, along with a
four-layer MLP to encode temporal attributes. The occu-
pancy head includes three parallel three-layer convolutional
networks to predict class activation c, log variance s, and
occupancy flow f. The decay factor of historical class acti-
vation (i.e., o in Eq. (7)) is set to 0.5.

Training. We train our ST-Occ with a learning rate of
2 x 10~* for 26 epochs. Temporal modeling is excluded for
the first three epochs to stabilize training. The ground truth
for occupancy flow used in our flow prediction training is
derived from nuScenes annotations in real-time by comput-
ing the instance bounding box offsets across time. Lastly,
we utilize grid sampling function with bilinear interpolation
to update our spatiotemporal memory.

5.3. Results

We conduct experiments to compare our proposed ST-
Occ with previous state-of-the-art 3D occupancy predic-
tion models, including TPVFormer [10], OccFormer [34],
BEVFormer [15], CTF-Occ [27], FB-OCC [16], and View-
Former [12]. We replace the temporal fusion modules of
FB-OCC and ViewFormer with our framework while keep-
ing other settings identical. Tab. 1 presents the 3D oc-
cupancy prediction results of all methods on the Occ3D
benchmark [27]. Compared with the previous state-of-
the-art FB-OCC, our method achieves a substantial im-
provement of 3 mloU, with consistent performance gains

26574



Method mSTCV (%)} mSTCV ' (%) |
FB-OCC 12.18 8.57
Mem. Attn. 9.25 6.64
Mem. Attn. + Uncertainty 8.85 6.53
Mem. Attn. + Uncertainty + Dynamics 8.68 6.48

Table 2. Temporal consistency evaluation results on Occ3D
datasets of FB-OCC and ST-Occ under various settings. Mem.
Atmn. denotes the memory attention. T without applying voxel vis-
ibility mask. Our default setting is colored in grey.

dagy !“-;“eﬁﬁr;m '

Figure 5. An example visualization of our aggregated spatiotem-
poral memory.

(b) Prediction from ST-Occ
Figure 6. A qualitative comparison on the occupancy prediction
results between FB-OCC and ST-Occ.

(a) Prediction from FB-OCC

across all classes. In examining the impact of temporal
modeling, FB-OCC’s improvement with temporal fusion
is 1.72 mloU, while our approach achieves an increase of
4.74 mloU—approximately 2.8 x more effective than FB-
OCC. Our framework also achieves 4.5 mloU improvement
on ViewFormer without temporal modeling, which is 25%
more effective in temporal modeling and surpasses the base-
line by 0.9 mloU. These results demonstrate the superior
performance of our method and its effectiveness in tempo-
ral modeling.

We also compute our proposed temporal consistency
metric, mSTCV, for both our method and the baselines, as
shown in Tab. 2. Compared with FB-OCC, our method
reduces the temporal inconsistency by more than 25%,
whether applying the voxel visibility mask or not. These
demonstrate the robustness and enhanced temporal consis-
tency achieved by our method in occupancy prediction.

Qualitative Results Fig. | presents an example of occu-
pancy prediction results from our method. Our method pro-
duces high-quality occupancy predictions centered around
the ego vehicle at various timestamps, displayed in the first
row. The spatiotemporal memory retains the entire histori-

%888 —o— Recurrent 40 —&— Recurrent
—a—  Stacked —A—  Stacked
1000 —4— Unified (ours) / 30 —4— Unified (ours)

500

250 20

190 10
0+ 5

Temporal Training Mem. Fusion Time | Inference Mem. FPST
Modeling (GB) | (ms) | (GB) |
Recurrent 12.89 705 10.08 5.95
Stacked 19.02 84 11.29 5.42
Unified (ours) 10.90 24 5.57 8.65

Table 3. Training and inference efficiency comparison between
three temporal modeling paradigms. Our approach achieves the
best efficiency across training and inference.

Training Fusion Time (ms) Training Memory (GB)

Number of Frames

Number of Frames
Figure 7. Effect of the number of temporal frames incorpo-
rated on the training efficiency of three temporal fusion paradigms.
Our temporal modeling yields significantly less computational and
memory footprint across number of frames.

cal spatiotemporal representation, preserving a holistic view
of the scene. The second row shows occupancy predictions
derived from our spatiotemporal memory. Fig. 5 demon-
strate our ST-Occ on another large-scale scene.

Fig. 6 shows a qualitative comparison. Compared to FB-
OCC, our approach more accurately predicts occupancy in
some occluded regions, provides better instance classifica-
tion and reduces noise in the predictions. These results
demonstrate our method’s capability to model long-term
temporal dependencies with both dynamic and uncertainty
awareness, resulting in a more refined spatiotemporal rep-
resentation and more robust occupancy prediction.

5.4. Ablation Study

Temporal Modeling Efficiency We compare the effi-
ciency of our temporal modeling against a recurrent-based
approach (VoxFormer) [14] and a stacking-based approach
(FB-OCC) [16] in Tab. 3. We use the same fusion opera-
tion, number of historical frames, and occupancy size for
all methods to ensure fair comparison. These results indi-
cate that our approach is the most efficient across metrics.
Fig. 7 further demonstrates that our approach remains cost-
efficient when incorporating more frames.

Uncertainty & Dynamic Awareness To understand our
ST-Occ, we ablate different design choices in Tab. 4. The
No Temporal setting is identical to FB-OCC but without
temporal fusion. The Mem. Attn. corresponds to the mem-
ory attention in Sec. 4.3, with Dynamics and Uncertainty
awareness optionally incorporated. Our method ST-Occ in-
corporates both uncertainty and dynamic awareness.
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No Temporal 37.39 | 12.17 44.83 25.73 42.61 47.97 23.16 25.17 25.77 26.72 31.31 34.89 78.83 41.42 49.06 52.22 39.07 34.61
Mem. Attn. 41.17 | 13.96 48.62 27.81 44.83 51.01 27.07 28.86 29.22 29.28 33.96 38.41 83.62 46.36 54.94 58.76 43.93 39.15
Mem. Attn. + Dynamics | 41.73 | 14.03 48.46 28.02 47.23 52.10 27.72 28.81 29.43 29.97 36.28 38.81 84.00 45.66 55.45 59.24 4443 39.75
Mem. Attn. + Uncertainty | 41.85 | 14.35 50.31 27.48 46.26 51.93 27.62 28.68 29.28 29.82 34.60 38.92 84.09 47.32 56.23 59.54 45.00 39.98
ST-Occ 42.13 | 14.36 49.62 27.77 46.28 52.55 26.87 29.79 29.83 31.39 3540 39.03 84.26 47.72 56.09 59.85 45.27 40.11
Table 4. 3D occupancy prediction results of ST-Occ with different design settings on Occ3D benchmark.
Compared with the model without temporal information, 49 1o
our vanilla memory attention achieves a performance in- =— mSTCV (%) |

crease of 3.78 mloU, validating the effectiveness of our
temporal fusion paradigm in exploiting historical informa-
tion for occupancy prediction. Additionally, when aug-
mented with our proposed dynamic awareness, our mem-
ory attention achieves around 1 IoU increase across classes
covering dynamic instances. These improvements demon-
strate our method’s ability to capture instance dynamics.
Further, incorporating uncertainty awareness yields a com-
plementary performance boost, particularly in static classes,
with approximately a 1 IoU increase. This result indicates
that our approach can leverage uncertainty-aware attention
to further mitigate inter-frame noise for better prediction in
static regions. Lastly, equipping our memory attention with
both uncertainty and dynamic awareness combines their
strength and leads to the best performance across static and
dynamic regions, increasing performance for 1 mloU and
consistently enhancing performance for all classes.

c e & f ‘ mlIoU Table 5. Ablation study on
4117 different sub-components of ST-
v 41.45 Occ on Occ3D benchmark. c, ¢,
S o/ 41.73 0, and f correspond to the histor-
v /7 7 41.85 ical class activation, feature simi-
v | 4173 larity, averaged log variance, and

v v v /| 4213

occupancy flow.

Sub-components of ST-Occ Tab. 5 presents an ablation
study on the sub-components of our ST-Occ, including 1)
the use of historical class activation c, feature similarity ¢,
and averaged log variance ¢ in uncertainty estimation. 2)
occupancy flow f, used to compensate for the movement of
dynamic voxels across time. In line with our motivation,
integrating more historical information into uncertainty es-
timation leads to more gains in performance, as the model
can recurrently refine its predictions of uncertain regions
using cross-time information.

Number of Frames for Temporal Fusion In Fig. 8, we
evaluate the impact of varying temporal fusion lengths on
our method’s performance. Results show that our method

37.5

40 11

10

35

12345 810162040 2 345 810162040
Number of Frames Number of Frames
Figure 8. Effect of number of frames incorporated during infer-
ence on the precision and robustness of occupancy prediction. We
observe a strong correlation between the number of incorporated

frames and the studied metrics.

I I I I I I Ly
+ + + + + d

benefits from long-term temporal fusion, achieving higher
mloU and reduced temporal inconsistency as the number
of frames increases. Notably, compared to FB-OCC which
uses 16 temporal frames, our method attains similar perfor-
mance while only using 8 temporal frames, reducing tempo-
ral inconsistency by 20% with an equal number of temporal
frames during inference.

6. Conclusion

We propose ST-Occ, a scene-level occupancy representa-
tion learning framework. Our approach introduces a new
temporal fusion paradigm, unified temporal modeling, de-
signed to capture long-term temporal dependencies in oc-
cupancy prediction. Our framework leverages spatiotempo-
ral memory and memory attention, incorporating both un-
certainty and dynamic awareness. Our ST-Occ achieves
significant improvement over prior occupancy prediction
methods. Consistent improvements on prediction precision
(mIoU) and robustness (mSTCV) from extensive experi-
ments demonstrate the effectiveness of our ST-Occ.

There are limitations in our current approach that sug-
gest potential directions for future work. Our method mod-
els dynamic voxels using an explicit estimator trained on
existing nuScenes annotations. Future research could in-
tegrate this dynamic modeling directly into the temporal
fusion process by deriving occupancy flow from temporal
information, thereby reducing reliance on annotations. An-
other promising direction is to extend the unified temporal
modeling to sparse query-based perception methods.
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