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OccTENS: 3D Occupancy World Model via Temporal Next-Scale
Prediction

Bu Jin*, Songen Gu*, Xiaotao Hu*, Yupeng Zheng, Xiaoyang Guo, Qian Zhang, Xiaoxiao Long, Wei Yin

Abstract—In this paper, we propose OccTENS, a generative
occupancy world model that enables controllable, high-fidelity
long-term occupancy generation while maintaining computa-
tional efficiency. Different from visual generation, the occupancy
world model must capture the fine-grained 3D geometry and
dynamic evolution of the 3D scenes, posing great challenges
for the generative models. Recent approaches based on au-
toregression (AR) have demonstrated the potential to predict
vehicle movement and future occupancy scenes simultaneously
from historical observations, but they typically suffer from
inefficiency, temporal degradation in long-term generation and
lack of controllability. To holistically address these issues, we
reformulate the occupancy world model as a temporal next-
scale prediction (TENS) task, which decomposes the temporal
sequence modeling problem into the modeling of spatial scale-
by-scale generation and temporal scene-by-scene prediction. With
a TensFormer, OccTENS can effectively manage the temporal
causality and spatial relationships of occupancy sequences in a
flexible and scalable way. To enhance the pose controllability,
we further propose a holistic pose aggregation strategy, which
features a unified sequence modeling for occupancy and ego-
motion. Experiments show that OccTENS outperforms the state-
of-the-art method with both higher occupancy quality and faster
inference time.

Index Terms—OQOccupancy Generation, World Model, Au-
tonomous Driving

I. INTRODUCTION

ECENT years have seen significant advancements in
the development of autonomous driving (AD) systems.
While existing AD methods [1]-[5] have demonstrated ex-
cellent results across a range of driving scenarios, there are
still challenges when dealing with long-tail distributions or
out-of-distribution situations. A promising direction to address
these challenges is the world model [6]-[12], which simulates
and comprehends the surrounding environment by learning a
comprehensive representation of the external world.
Occupancy world model, as a specialized type of world
model, has gained significant attention for its expressiveness
of the 3D geometry. Several occupancy world models [13]-
[20] have been developed in recent years. For example,
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Fig. 1: We propose OccTENS, a coarse-to-fine occupancy
world model that enables controllable, high-fidelity long-
time occupancy generation while maintaining computational
efficiency.

some works [13], [14], [16] have attempted to tailor GPT-
like architecture to generate occupancy in an autoregressive
manner. However, when generating long-time sequences, they
exhibit temporal degradation and inefficiency issues due to
the increasing accumulation of tokens over time. Moreover,
they lack the ability to control generation results based on a
specified camera pose or trajectory, which limits the model’s
predictive capacity for varying viewpoints and its reasoning
ability regarding the agent’s location and orientation.

To address these issues, we introduce OccTENS, a novel
autoregressive occupancy world model designed to generate
controllable, high-fidelity long-term occupancy scenes while
maintaining computational efficiency. Our key innovation lies
in reformulating the occupancy world model as a temporal
next-scale prediction (TENS) task, which decomposes the
temporal sequence modeling problem to the modeling of
spatial scale-by-scale generation and temporal scene-by-scene
prediction. This decomposition enables OccTENS with both
computational efficiency and high-fidelity long-term occu-
pancy scene generation through a principled balance of paral-
lelizable spatial refinement and sequential temporal reasoning.
Further, we propose a multi-modal camera pose aggregation
module tailored for auto-regressive models, which facilitates
pose controllability and motion planning simultaneously.

While the temporal next-scale prediction in OccTENS is
inspired by next-scale prediction in VAR [21], it is non-
trivial at all from VAR to OccTENS: (1) Lack of temporal
modeling. While the original VAR was primarily designed for
a class-to-image task, we explore its extension to temporal
sequences, allowing it to capture dynamic, time-varying pat-
terns beyond purely spatial next-scale prediction. (2) Temporal
degradation. The multi-scale design naturally requires longer
token sequences, which can overload attention mechanisms
and result in temporal degradation during long-term genera-
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tion. Instead, OccTENS decouples the frame regression from
scale regression, enabling a more effective modeling of both
temporal causality across different timestamps and spatial
relationships across various scales. (3) Lack of multi-modal
interaction. A world model should understand the trajectory
or motion of the ego vehicle to plan a trajectory or control
future occupancy generation. (4) Representation discrepancy.
3D occupancy involves a more complex topological structure
than 2D images, such as the geometric continuity or sparse
nature, highlighting the superiority of OccTENS as a critical
advancement for the occupancy world model.
Our contributions are summarized as follows:

o« We introduce OccTENS, a coarse-to-fine occupancy
world model that enables controllable, high-fidelity long-
term occupancy generation while maintaining computa-
tional efficiency.

o We reformulate the occupancy world model as a temporal
next-scale prediction (TENS) task, which decomposes the
temporal sequence modeling problem to the modeling
of spatial scale-by-scale generation and temporal scene-
by-scene prediction. With a TensFormer, OccTENS can
effectively manage the temporal causality and spatial
relationships of occupancy sequences.

o We propose a holistic camera pose aggregation strategy
tailored for auto-regressive models. With a unified se-
quence modeling for occupancy and camera pose, Oc-
c¢TENS facilitates pose controllability (controlling oc-
cupancy with a given trajectory) and motion planning
(planning a trajectory for the AD vehicle) simultaneously.

o Extensive experiments demonstrate the superior perfor-
mance and efficiency of OccTENS on the occupancy
prediction task and motion planning task.

II. RELATED WORK
A. Occupancy Prediction and Generation

Recently, the 3D occupancy prediction task [22]-[31] has
gained increasing attention, as it enhances scene understanding
with both geometric and semantic information. MonoScene
[24] is the pioneer in vision-based occupancy prediction. Sub-
sequent research has advanced occupancy prediction accuracy
and reduced computational overhead by improving scene rep-
resentation [25], [26], enhancing view transformation modules
[27], integrating object detection [28], introducing multi-view
2D information [30], [31], and employing privileged learning
[29]. Recent studies [13]-[18] have adopted occupancy as the
representation of world models in autonomous driving, aiming
at generating future occupancy based on historical observation.
Occworld [13] is the earliest approach for the occupancy world
model. OccLlama [14] and Occllm [16] enhance the generation
performance by incorporating large language models. OccSora
[15] and Dome [17] taming diffusion models to generate
future occupancy based on trajectory input. UnO [19] and
DIO [20]leverage implicit formulations to model 3D scenes
as continuous occupancy fields, enabling perception and fore-
casting at an infinite resolution. DIO builds upon this concept
by introducing a decomposable 4D world model that jointly
represents occupancy and scene flow over time. Uniscene [18]

further introduces a unified scene prediction module including
occupancy, video, and lidar prediction, requiring the BEV
layouts as input. However, the demand for the ground truth of
future trajectories or BEV layouts makes it impossible for the
downstream motion planning task. Moreover, although these
works are well-designed architectures, they suffer from either
low-fidelity or low-efficiency problems. It remains challenging
to simultaneously achieve high-fidelity occupancy estimation
and fast inference time.

B. World Model

World model [32] can predict the consequences of various
actions, which is crucial for autonomous driving. Traditional
models emphasize visual prediction [7], [9], [10], [33]-[40],
potentially overlooking the essential 3D information needed
for AD vehicles. Some approaches attempt to forecast point
clouds using unannotated LiDAR scans [41], [42], but these
methods neglect semantic information and are not suitable for
vision-based or fusion-based autonomous driving. Occupancy
world models [13]-[15], [19], [20] create a world model
in 3D occupancy space, providing a more comprehensive
understanding of the evolvement of 3D scenes, which is the
main focus of our work.

III. METHOD

In this work, we propose OccTENS, a novel occupancy
world model designed to comprehend historical observations
and forecast the future 3D scenarios. As illustrated in Fig. 2,
our proposed OccTENS consists of two components: a robust
tokenizer that encodes 3D occupancy and ego motion into
discrete tokens (see Sec. III-A), and a generative world model
using next-scale prediction for future scene forecasting and
motion planning (see Sec. III-B).

A. Tokenizer

The goal of the tokenizer is to model the 3D occupancy
scene and the ego motion as discrete tokens.

1) Scene Tokenizer: The goal of the scene tokenizer is to
model the 3D occupancy scene as discrete tokens. To achieve
this, a common practice for scene tokenizer is to employ a
quantized autoencoder like VQVAE [13], [14], which quan-
tizes the occupancy feature map with discrete feature vectors.
However, unlike natural language sentences with an inherent
left-to-right ordering, the occupancy feature maps are inter-
dependent, resulting in the bidirectional correlations of the
quantized token sequence. This contradicts the unidirectional
dependency assumption of autoregressive models, where each
token can only depend on its prefix, as illustrated in [21]. Thus,
we propose a multi-scale tokenizer specifically designed for
next-scale prediction.

Firstly, we employ an occupancy encoder to encode the oc-
cupancy scene into a feature map. Given a scene S, we convert
it to a BEV representation with a series of 2D convolution
layers, resulting in a latent feature F € R7*WxC We then
utilize a quantizer to tokenize the latent feature F into multi-
scale discrete tokens. Previous approaches [13], [14] attempt
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Fig. 2: Overview of OccTENS. OccTENS consists of two components: two tokenizers (a and c¢) that encode 3D occupancy
and ego motion into discrete tokens, and a generative world model (b) using temporal next-scale prediction for future 3D scene

forecasting.

to transform the feature into a collection of codebook entries
through vector quantization, where each entry is responsible
for a small area. However, operating tokenization solely on
local information may result in the loss of global context.
We utilize the multi-scale quantizer [21] to discretize the
occupancy feature F € RF*WXC (o M multi-scale discrete
token maps: F = (f1,f2 ... M),

The occupancy decoder takes the multi-scale quantized
tokens as input and outputs the reconstructed 3D occupancy
scenes. To reconstruct the 3D occupancy scene from the quan-
tized tokens F', we utilize another series of convolution layers
to upsample the BEV feature map to the initial resolution, and
then split the height dimension from the channel dimension,
resulting in the reconstructed scene S.

2) Motion Tokenizer: The motion tokenizer is utilized to
discretize the pose of the ego vehicle to better integrate it into
our sequence prediction model. We utilize the position z,y
and orientation 6 relative to the previous frame to represent
the motion of the vehicle. We discard the information in the
z-axis because the vehicle’s speed in the z-axis is nearly zero
most of the time. We apply a vanilla uniform quantization of
the motion information, resulting in V;;, V,, and Vj tokens in
the vocabulary. Then we map the relative motion with three
discrete tokens to a motion token P by Cartesian product:

P=C(x+yxV,+0xV,xV,), (D

where £ is an embedding layer. The discretized poses are then
embedded into the sequence prediction model.

B. Generative World Model

In this section, we introduce our generative world model
via temporal next-token prediction, as shown in Fig. 2.

1) Rethinking Autoregressive Models for Occupancy Gen-
eration: Some previous occupancy world models [14], [16]
utilize a vanilla next-token autoregressive modeling on occu-
pancy prediction. Considering the feature map with resolution
(nxn), the likelihood of the sequence x = {x1,x2, ..., Tpxn}
can be decomposed to the product of n x n conditional
probabilities:

nxn

= Hp(xt|x1;z2a"'a
i=1

However, such a vanilla modeling paradigm introduces sev-
eral issues like inefficiency over longer autoregressive steps.
A naive solution to address the inefficiency issue is to utilize
next-scale prediction [21], which has demonstrated successful
practice in class-to-image generation. However, the multi-scale
nature makes it require longer token sequences. For example,
assuming the scales are even distributed, given a feature map
with (n x n) resolution and M scales, the total sequence

number is:
S otar)

When we adapt next-scale prediction for temporal mod-
eling, the increasing token number can overload attention
mechanisms, distributing their focus across expanding frame
numbers. This results in progressive fragmentation of long-
range dependencies, undermining global temporal coherence
for long-term generation.

2

Ii—l)
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Fig. 3: Temporal Next-scale Prediction. The proposed
TENSFormer decomposes the sequential occupancy genera-
tion into two distinct components: a scene-by-scene prediction
and a scale-by-scale generation. The F, F, F denote interme-
diate representations after the scale-wise temporal causal layer,
after the frame-wise spatial layer and predicted logits for the
next frame, respectively.

Moreover, the dependencies associated with scale also ne-
cessitate a comprehensive understanding of scale interaction
over time. When generating a low-scale token, the model pri-
marily needs to consider the previous low-scale information, as
it encapsulates the global structural context like scene layouts
that persists coherently over time. In contrast, higher-scale
tokens, which capture finer-grained details such as textures,
demand a global interaction between their own scale and the
lower scales across frames. Thus, a trivial adaptation approach
for next-scale prediction to temporal next-scale prediction is
never sufficient.

To address the issues, OccTENS introduces a novel archi-
tecture, named TENSFormer, by decoupling the next-scale
prediction within a single occupancy scene generation from
the per-frame prediction across the occupancy sequences. This
decoupling enables OccTENS to more effectively manage
both temporal causality across different timestamps and spatial
relationships across various scales, resulting in a more flexible
and scalable framework for temporal occupancy modeling.

C. Architecture of TENSFormer

The proposed TENSFormer decomposes the sequential oc-
cupancy generation into two distinct components: a scene-by-
scene prediction and a scale-by-scale generation, as detailed
in Fig. 3. The scene-by-scene prediction is designed to model
the dependencies between scales across consecutive frames,
ensuring that temporal dynamics are accurately represented
and integrated. Meanwhile, the scale-by-scale generation fo-
cuses on capturing the spatial composition of the occupancy
scene within a single frame. To simultaneously facilitate
pose control (controlling occupancy with given trajectory) and
motion planning (planning a trajectory for the AD vehicle),
we further introduce a multi-modal camera pose aggregation
module tailored for auto-regressive generative models.

1) Temporal Scene-by-scene Prediction: The scene-by-
scene prediction module aims to capture the temporal de-
pendencies in occupancy sequences. Occupancy frames are
naturally causal sequences, with each frame depending on
its preceding frames. Therefore, we utilize a causal attention
mechanism to ensure that each frame can only attend to its
preceding frames. Given occupancy tokens {Fi,....Fr_;}
with T' frame, the process can be formulated as:

T
p(F1,...,Fr) = [[p(F: | Fo,...,Fi 1) €)
t=1

Note that we add three 1-D sine-cosine embeddings to in-
dicate the position information, scale information, and time
information respectively, contributing to the spatial and tem-
poral modeling. However, we find that this frame-wise causal
attention may result in structure collapse when generating
occupancy tokens with large scales, which we attribute to
an inherent ambiguity in separating temporal dynamics from
spatial dependencies, as the frame-wise causal attention con-
flates inter-frame causality with intra-frame bidirectional de-
pendency. Thus we further decompose the frame-wise causal
attention into two parts: scale-wise temporal causal atten-
tion and frame-wise spatial attention. For scale-wise causal
attention, the tokens f;” of m-th scale in ¢-th frame can
only attend to its prefix and the tokens in the same scale:
{F1,Fy, ..., Fy_ f1 €7, ... £ '}. For frame-wise spatial
attention, we utilize a full attention to model the scale inter-
action within each frame. In this way, the causal attention
and spatial attention are fully decoupled in scene-by-scene
prediction, making it possible to synchronously model the
temporal dependency for each occupancy scale. This enhances
the training efficiency and allows the progressive training
strategy [21] for effective scale modeling, where hierarchical
scale-specific dependencies are incrementally optimized.

2) Spatial Scale-by-scale Generation: The scale-by-scale
generation module focuses on generating the occupancy given
the historical features. In this period, we inherit the outputs of
the previous scene-by-scene prediction module as the guid-
ance features to navigate spatial feature generation. When
generating the m-th scale at ¢-th frame, the autoregressive
likelihood is formulated as:

M
M = T e | PG )

m=1

p(F 1, ...

where the F/;_; is the guidance features and f"tm denotes the
k-th scale tokens at t-th frame. Note that we utilize a block-
wise causal attention mask to ensure that each token ftm can
only attend to its prefix {F, i, f},...,f77 1}

3) Multi-modal Camera Pose Aggregation: A key challenge
for diffusion-based methods [15], [17] is that they can not
conduct the motion planning task because they require the
ground-truth future trajectory as a fixed conditioning input
throughout diffusion sampling. At the same time, the ex-
isting auto-regressive solutions [13], [14], [16] suffer from
controlling the occupancy generation with given camera pose
(or trajectory). In OccTENS, we introduce a multi-modal
camera pose aggregation module tailored for auto-regressive
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Fig. 4: Qualitative results for long-term generation. We compare OccTENS with OccWorld [13] in generating long sequences.
OccWorld exhibits repetition artifacts. In contrast, OccTENS produces more diverse and realistic occupancy scenes. We mark

the ego vehicle with an orange circle in the first column.

generative models, which enables motion planning and pose
control simultaneously.

For auto-regressive models, we would add a BOS token
before occupancy tokens, indicating the beginning of an oc-
cupancy frame sequence. To better integrate the ego-vehicle
motion into our prediction paradigm, we treat the motion token
as 0-th scale token fj, and splice it before the multi-scale oc-
cupancy tokens, resulting in M +1 tokens {f?, f!, ..., fM} for
each frame. Thus, the autoregressive likelihood is reformulated
as

M

RAE | FZCAN R A% 7% AR /)
" ©)

p(Flt_l, f.,?, ftl’ .

D. Loss Function

When training the scene tokenizer, we utilize cross-entropy
loss and lovasz-softmax loss [43]. To enhance the global occu-
pancy reconstruction performance, we also utilize geoscal loss
and semscal loss illustrated in [24], which optimize the class-
wise derivable precision, recall and specificity for semantics
and geometry. In general, our loss function is defined as:

L= /\lﬁce + >\2[’lovasz + >\3£geoscal + )\4£semscal7 where
the factors A1 2 34 are used to balance the losses.

When training the world model, we utilize cross-entropy
loss for the generation of occupancy tokens and pose tokens,
defined as: £ = 51 Loce + B2Lpose-

IV. EXPERIMENTS
A. Experimental Setup

Datasets and Metrics. We evaluate our method on the
nuScenes [44] dataset and Waymo dataset [45]. We employ the
occupancy annotation in Occ3D [46] based on nuScenes and
Waymo. Following common practices, we utilize a 2-second
historical context (4 frames) and forecast the subsequent 3-
second scenes (6 frames) unless specified.

Implementation Details. Our training period consists of
2 stages: tokenization and generation. For tokenization, we
downsample the occupancy with a factor of 8. The codebook
comprises 4096 nodes, and the channel dimension of the code-
book entry is 128. We utilize 6 scales with [1,5,10,15,20,25]
for multi-scale settings. In the tokenizer loss function, the Aq,
A2, Az, Aq are 10.0, 1.0, 0.3, 0.5 respectively. For generation,
we utilize 4 layers each for three blocks of our methods.



IEEE ROBOTICS AND AUTOMATION LETTERS, VOL.11, NO.3, MARCH 2026

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

o MIOU (%)t 10U(%)t
Method Dataset Input Is 2% 3 s Is 2 3 i
OccWorld-F [13] nuScenes Cam 8.03 6.91 3.54 6.16 23.62 18.13 15.22 18.99
OccLLaMA-F [14] nuScenes Cam 10.34 8.66 6.98 8.66 25.81 23.19 19.97 22.99
OccTENS-F (Ours) nuScenes Cam 17.17 10.38 7.82 11.79 27.60 25.14 20.33 24.35
OccWorld-O [13] nuScenes Occ 25.78 15.14 10.51 17.14 34.63 25.07 20.18 26.63
OccLLaMA-O [14] nuScenes Occ 25.05 19.49 15.26 19.93 34.56 28.53 24.41 29.17
OccTENS-O (Ours) nuScenes Occ 27.96 21.75 16.47 22.06 38.73 29.50 24.86 31.03
OccWorld-F [13] Waymo Cam 17.46 14.39 11.72 14.52 20.94 17.33 12.27 17.18
OccTENS-F Waymo Cam 25.64 22.16 17.73 21.84 29.63 25.40 23.52 26.18
OccWorld-O [13] Waymo Occ 32.04 25.77 23.76 27.19 36.04 30.48 27.96 31.49
OccTENS-O Waymo Occ 34.17 27.04 25.47 28.89 38.72 31.85 30.28 33.62

TABLE I: Quantitative results of 4D occupancy forecasting on nuScenes and Waymo. The “-O” represents the results
utilizing ground truth occupancy as input. The “-F” represents that the input is multi-view camera images and we use FBOCC

[27] to predict the occupancy from images.

The hidden dimension and head number are 128 and 4,
respectively. The 5 and B are 1.0 and 1.0 respectively.

B. Main Results

The evaluation of OccTENS includes two tasks: 4D oc-
cupancy forecasting task and the motion planning task. The
4D occupancy forecasting task aims to forecast the future
observation of 3D occupancy scenes. The motion planning
task plans a trajectory for the ego vehicle.

4D Occupancy Forecasting In this experiment, we com-
pare our method with state-of-the-art approaches on the 4D
occupancy forecasting task. In fairness, we only report the
occupancy generation with only historical observation as in-
put, with no additional auxiliary inputs. Following common
practice, we conduct our evaluation in two highlights: (1) using
ground-truth 3D occupancy data (-O); and (2) using predicted
results from FBOCC [27] based on camera data (-F). The
results are shown in Tab. I. We observe that our OccTENS
achieves significant performance gain over existing methods
in short-time forecasting within 3 seconds. These results high-
light the strong predictive performance of OccTENS, which
sets the state-of-the-art on the nuScenes dataset and Waymo
dataset. Moreover, as shown in Fig. 4, OccTENS demonstrates
significantly improved performance in long-term sequence
generation, producing coherent, high-fidelity occupancy scenes
that closely mirror 3D dynamics.

Motion Planning We compare the motion planning per-
formance of OccTENS with several strong baselines that
utilize the same inputs and supervision methods. The results
are shown in Tab. II. We observe that overall OccTENS
surpasses existing occupancy world models in the motion
planning task. Interestingly, OccTENS achieves improvements
in planning results, especially at 2s and 3s. We attribute this
to the fact that OccTENS explicitly models the dynamics
during occupancy generation, enabling robust long-horizon
trajectory optimization through accurate anticipation of future
occupancy changes, which is critical for navigating complex,
unstructured scenarios. We also include the results of several
SOTA planning methods for reference. While our results are
lower than methods like UniAD, this is expected since UniAD
benefits from extensive multi-task supervision (e.g., detection,

L2(m){ Coll.(%)d
Method Is 25 3s Avg. | 1s 2s 3s Avg.
OccWorld [13] (043 1.08 1.99 1.17 |0.07 0.38 1.35 0.60
OccLlama [14](0.37 1.02 2.03 1.14 |0.04 0.24 1.20 0.49
Ours 0.39 1.02 196 1.12 |0.08 0.25 1.12 0.48
UniAD [1] 048 096 1.65 1.03 |0.05 0.17 0.71 0.31
VAD [2] 041 0.70 1.05 0.72 {0.07 0.17 0.41 0.22
PPAD [47] 0.31 0.56 0.87 0.58|0.08 0.12 0.38 0.19
GenAD [37] |0.28 0.49 0.78 0.52 |0.08 0.14 0.34 0.19
LAW [48] 0.24 0.46 0.76 0.49 |0.08 0.10 0.39 0.19

TABLE II: Motion planning results. We can see that Oc-
cTENS gets a better planning performance. We include SOTA
end-to-end planning methods for reference.

Avg. Gen.
Scale Num. | 1 ,0(%)  1oU(%)  Latency(s)
OccWorld 17.14 26.63 0.35
OccLlama 19.93 29.17 -
OccSora - - 20
Ours-2-scales 18.35 27.31 0.21
Ours-4-scales 21.24 29.72 0.34
Ours-6-scales 22.06 31.03 0.56
Ours-8-scales 22.23 31.24 0.93

TABLE III: Efficiency analysis. OccTENS can get a higher
performance with a faster inference time. The “-” represents
the unreported results. The gray square represents the setting
we used in the previous experiment.

tracking, and map annotation). In contrast, OccTENS focuses
on a more self-contained and generative world modeling setup,
relying solely on occupancy-based representations without
such auxiliary labels. This comparison highlights the com-
plementary nature of these approaches and underscores the
potential of occupancy-centric modeling even under reduced
supervision.

C. Ablation Results

To delve into the effect of each module, we conduct a
comprehensive ablation study on OccTENS on efficiency and
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Fig. 5: Qualitative results of pose controllability. OccTENS successfully generates results aligned with the pose input like
turning (top) or changing lane (bottom), indicating the superior controllability of OccTENS.

Decomp TNSP  Pose Agg | Latency(s) mloU(%) IoU(%)
v v 2.47 17.14 26.63

v v 5.13 19.20 27.32
v v 0.59 19.93 29.17
v v v 0.56 22.06 31.03

TABLE IV: Component-wise ablation. Each component con-
tributes to the improvement of the performance.

pose controllability.

Efficiency. The latency is of great significance for the deploy-
ment of the autonomous driving system. In this experiment,
we compare OccTENS with existing works. It should be
emphasized that OccTENS can indeed achieve competitive
speed if we reduce the number of scales. Our choice to
use 6 scales aims to strike an optimal trade-off between
performance and efficiency. However, we can observe that
the OccTENS with 2 scales outperforms OccWorld in both
generation performance and inference time, demonstrating the
effectiveness and efficiency of the proposed architecture.

Our findings show that increasing the number of scales
consistently improves both reconstruction and generation per-
formance. However, this improvement comes at the cost of
increased latency, indicating that a trade-off between perfor-
mance and efficiency must be maintained.

Pose Controllability Controllability refers to the model’s
capacity to precisely adhere to these inputs, ensuring that the
generated scenes reflect the specified conditions with high

fidelity. Pose control is particularly critical, as it ensures
that the model generates scenes from the correct viewpoint
and perspective. We manipulate the camera pose inputs and
measure the generation results in terms of alignment. As
shown in Fig. 5, OccTENS can generate the corresponding
results that are collaboratively aligned with the conditional
motion input, indicating the powerful generalization ability of
our method.

Component-wise ablation We conduct a component-wise
ablation study to illustrate the effectiveness of our design,
including: (1) decomposing Architecture (with/without), (2)
next-token prediction (NTP) vs. temporal next-scale prediction
(TNSP), (3) Multi-modal pose aggregation (with/without). The
results are shown in Table IV. We can observe that each
component of our architecture contributes to the improvement
of the performance. We can also observe that our design of
decomposing architecture (first row) and temporal next-scale
prediction (second row) can reduce the inference latencies of
the occupancy world model.

V. CONCLUSIONS

In this paper, we present OccTENS, an autoregressive
occupancy world model designed to generate controllable,
high-fidelity long-term occupancy generation while maintain-
ing computational efficiency. By reformulating the occupancy
world model as a temporal next-scale prediction (TENS) task,
OccTENS is capable of effectively managing the temporal



causality and spatial relationships of occupancy sequences.
Extensive evaluations demonstrate the superiority of OccTENS
on fidelity, efficiency, and controllability, surpassing existing
methods. These results highlight the potential of OccTENS to
facilitate real-time applications in autonomous driving, paving

the
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way for future advancements in world models.
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