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Abstract

Relying on in-domain annotations and precise sensor-rig pri-
ors, existing 3D occupancy prediction methods are limited
in both scalability and out-of-domain generalization. While
recent visual geometry foundation models exhibit strong gen-
eralization capabilities, they were mainly designed for gen-
eral purposes and lack one or more key ingredients required
for urban occupancy prediction, namely metric prediction,
geometry completion in cluttered scenes and adaptation to
urban scenarios. We address this gap and present OccAny,
the first unconstrained urban 3D occupancy model capa-
ble of operating on out-of-domain uncalibrated scenes to
predict and complete metric occupancy coupled with seg-
mentation features. OccAny is versatile and can predict
occupancy from sequential, monocular, or surround-view
images. Our contributions are three-fold: (i) we propose
the first generalized 3D occupancy framework with (ii) Seg-
mentation Forcing that improves occupancy quality while
enabling mask-level prediction, and (iii) a Novel View Ren-
dering pipeline that infers novel-view geometry to enable
test-time view augmentation for geometry completion. Exten-
sive experiments demonstrate that OccAny outperforms all
visual geometry baselines on 3D occupancy prediction task,
while remaining competitive with in-domain self-supervised
methods across three input settings on two established urban
occupancy prediction datasets. Our code is available at
https://github.com/valeoai/OccAny .

1. Introduction

The innate ability to see and make sense of the world in three
dimensions underpins how humans understand and navigate
the space. Advancing 3D scene understanding is crucial
for spatial intelligent systems such as autonomous driving,
robotics, and augmented reality. A key task in this area is
3D occupancy prediction whose goal is to infer a voxelized
map of the environment and, when required, provide the
corresponding semantics. Despite advances in architecture
design [11, 42, 53, 64], training algorithm [5, 24, 27, 40, 68]
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Figure 1. OccAny is a generalized 3D occupancy model that is
trained once and can operate on out-of-domain sequential, monoc-
ular, or surround-view urban images. It produces SAM2-like fea-
tures, enabling promptable segmentation.

and dataset [4, 10, 12, 16], current state-of-the-art 3D models
still lack the generalization of human perception, typically
requiring constrained setup with precise sensor calibration.
While humans can effortlessly infer complex 3D structures
in any novel scenes, replicating this capability remains a
demanding problem.

State-of-the-art supervised approaches for 3D occupancy
prediction [20, 29, 31, 60, 61, 68, 72] achieve remarkable
results when the training and test data are drawn from the
same distribution, i.e. both are collected using the same or a
similar sensor rig under comparable conditions. A core com-
ponent of these methods is the lifting of 2D features into 3D
space, performed either via learnable mechanisms [20, 31]
or via explicit camera modeling [5, 70]. However, this lifting
operation inherently embeds sensor- and domain-specific bi-
ases into the models, which limits their ability to generalize
to new sensor suites or environments. Recent self-supervised
works [6, 14, 21, 25, 62] remove the need for 3D supervi-
sion by formulating occupancy prediction as a differentiable
volume-rendering problem, thereby leveraging advances in
neural rendering [27, 40]. Despite this, self-supervised mod-
els still struggle to generalize, as they remain specialized to
a particular training domain with strong biases in camera
poses and intrinsic parameters. As we look toward a near
future with millions of autonomous fleets equipped with
different sensor configurations, advancing 3D occupancy
prediction requires generalizable and efficient solutions ca-
pable of leveraging heterogeneous training data to overcome
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current generalization barriers.
The advent of visual geometry foundation models [3, 56,

58, 59], built around the concept of direct pointmap predic-
tion, has demonstrated the strong generalization potential of
large-scale transformer networks for 3D scene understanding.
However, their general-purpose design remains insufficient
for urban occupancy prediction, which simultaneously re-
quires metric-scale accuracy, cluttered geometry completion,
and adaptation to the complex nature of urban environments.

We introduce a novel pipeline for urban 3D occupancy
prediction that emphasizes scalability and generalization.
Our approach follows the recipe of geometry foundation
models that train visual transformers with straightforward
point-level objectives on diverse, large-scale datasets. Unlike
those prior works, we specialize in the task of occupancy
prediction and focus exclusively on outdoor urban datasets,
which we argue is essential for optimal adaptation to the
unique characteristics of urban scene perception. A major
challenge in outdoor urban scenarios is the sparsity of super-
vised LiDAR point clouds, which leads to irregular predic-
tions in non-supervised regions and exacerbates the difficulty
of geometry completion, particularly in highly cluttered ar-
eas. To address this, we introduce Segmentation Forcing,
a distillation strategy that enriches geometry-focused fea-
tures with segmentation awareness and thus helps regularize
predictions with consistent segmentation cues of object in-
stances and homogeneous regions. For geometry completion,
we develop a Novel View Rendering pipeline that infers arbi-
trary novel-view geometry from a global scene memory. Our
rendering pipeline enables Test-time View Augmentation,
allowing us to densify and complete scenes at both the point-
and voxel-levels. Fig. 1 illustrates our model. In summary,
our contributions are three-fold:
• We propose a generalized 3D occupancy framework, Oc-

cAny, the first designed to infer dense 3D occupancy and
segmentation features for out-of-domain unconstrained ur-
ban scenes. A unified OccAny model can operate on either
sequential, monocular or surround-view images.

• We introduce Segmentation Forcing, a novel regularization
strategy to mitigate the sparsity of LiDAR supervision.

• We develop a Novel View Rendering pipeline targeting
geometry completion.

OccAny is trained on five urban datasets and evaluated on
two out-of-distribution occupancy datasets: SemanticKITTI
and Occ3D-NuScenes. OccAny significantly outperforms
baseline visual geometry networks and performs on par with
domain-specific SOTA self-supervised occupancy networks
trained directly on SemanticKITTI and Occ3D-NuScenes.

2. Related works

Visual geometry foundation model. Dust3r [59] intro-
duced the visual geometry foundation model, which uses
large-scale pointmap prediction to solve diverse 3D tasks.

Research has rapidly expanded this paradigm beyond static,
binocular inputs in several directions. One branch addresses
dynamics by handling moving scenes [50, 74], dynamic
video pose estimation [63], and camera rigs [30]. A major
thrust has been multi-frame processing through feed-forward,
sequential, and memory-based architectures [3, 55, 56, 58,
69]. Other works have explored downstream tasks such as
indoor instance prediction [78] and image matching [28], or
have leveraged known camera parameters [23]. While some
methods explore novel view synthesis [26, 58], they often
prioritize image synthesis over geometric fidelity [26] or ex-
hibit limited applicability [58]. Unlike these approaches, we
repurpose these models for occupancy prediction by intro-
ducing segmentation forcing to enhance geometric fidelity
while enabling segmentation output. We further propose a
novel pointmap rendering pipeline to enable complete geom-
etry beyond visible scenery.
3D occupancy prediction . This task, which originates
from 3D scene completion [49], aims to assign an occupancy
state to each voxel in a 3D volume. Initially proposed for
indoor depth scenes [49], it expanded to outdoor LiDAR [1,
7, 45, 65] and was later adapted for multi-view images [5].
Subsequent supervised research has focused on projection
mechanisms [5, 31, 70], efficient representations [20, 22, 34,
47, 77], network architectures [31, 37, 75], and benchmark
creation [32, 36, 54]. However, these methods’ reliance on
dense, voxel-wise annotations limits their scalability.

Self-supervised methods mitigate this label dependency
by training on posed images, often via volume render-
ing [6, 62]. Subsequent NeRF-based approaches have im-
proved performance through better losses [18, 21, 73], op-
timized ray sampling [6, 67, 73], and enhanced represen-
tations by distilling foundation models [24, 48, 57]. More
recently, 3D Gaussian Splatting has emerged as a more effi-
cient alternative to NeRF [9, 14]. However, these approaches
generally require precise camera information and in-domain
training data. [14] is a partial exception, avoiding 6D poses
via camera overlap, but still requires camera intrinsics and
domain-specific information (i.e., adjacent camera overlap).
Other works [25, 39, 71, 76] focus on pseudo-label gener-
ation, using open-vocabulary foundation models [25, 76]
and sequence-level bundle adjustment [39]. While models
trained on these pseudo-labels show promising cross-dataset
generalization, they remain limited to specific settings.

3. Method
We build OccAny, a 3D occupancy framework that can gen-
eralize to arbitrary out-of-domain urban scenes. To this end,
we adopt the transformer architecture from the Dust3r fam-
ily and train the model on multiple urban datasets using
standard point-level objectives commonly employed in prior
works [3, 56, 59]. OccAny is supervised with metric-scale
point-clouds enabling metric predictions at test time, a key
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Figure 2. OccAny Training is done in two stages: (i) 3D Reconstruction infers 3D scene using Nrec reconstruction frames and (ii)
Novel-View Rendering renders geometry of Nrnd new views having camera poses {Tj}Nrnd

j=1 . Segmentation Forcing with SAM2 features
helps regularize and improve geometry prediction. The scene memory M is dynamically updated during reconstruction, while during
rendering, the final scene memory output from the reconstruction stage is used without updating

element in occupancy prediction. We propose two novel
strategies Segmentation Forcing and Novel View Rendering
to accommodate the unique characteristics of 3D occupancy
prediction in urban environments.

Fig. 2 illustrates OccAny training process, which consists
of two stages: 3D Reconstruction and Novel View Rendering.
For each frame sequence, we randomly select N frames for
training. In the reconstruction stage, we set the number of
reconstruction frames to Nrec = N . In the rendering stage,
we use non-overlapping sets of Nrec reconstruction frames
and Nrnd rendering frames, with N = Nrec +Nrnd.

3.1. 3D Reconstruction with Segmentation Forcing
The 3D Reconstruction stage aims to recover the scene ge-
ometry from a set of reconstruction frames, providing the ge-
ometry basis for the subsequent novel-view rendering stage.
In this stage, OccAny extends MUSt3R [3], a multi-view ge-
ometry network, by adding a SAM2 feature prediction head.
SAM2 [43] is a foundation model designed for promptable
visual segmentation in images and videos; its features are
thus rich in high-fidelity segmentation cues and are benefi-
cial for resolving geometric ambiguity. The Segmentation
Forcing loss compels OccAny to predict SAM2-like features.
Our strategy regularizes geometry prediction by leveraging
segmentation cues to enforce spatial and temporal feature
consistency, thereby improving performance, especially in
regions where LiDAR supervision is sparse.

OccAny processes Nrec reconstruction frames
{Ii}Nrec

i=1 ∈ RH×W×3 as multi-view inputs to recon-
struct the 3D scene. We feed Nrec frames in chronological
order through a shared reconstruction encoder E followed by
a shared decoder D. The first frame is always designated as
the reference frame; all non-reference frames are identified
by a specialized token added at the beginning of the shared
decoder. The two transformers produce, for each frame Ii:

• SAM2-like feature maps Fi ∈ RH′×W ′×C ,
• global pointmaps Pglobal

i,1 ∈ RH×W×3 in the global camera
coordinate of the reference frame 1,

• local pointmaps Plocal
i,i ∈ RH×W×3 in the local camera

coordinate of the current frame i,
• confidence maps Ci ∈ RH×W ,
• and camera poses vi ∈ R7 inferred by registering the

global and local pointmaps.
For each frame i ∈ [3, Nrec], a scene memory Mi−1 of all
historical reconstruction frames 1..i− 1 is used in the decod-
ing process to infer the geometry of the current frame i via
cross-attention between tokens of frame i and memory to-
kens in Mi−1. The scene memory Mi is then constructed by
concatenating Mi−1 with the decoder tokens of the current
frame i. To initialize, M2 is formed by concatenating the
decoder tokens of the first two frames. With a slight abuse
of notation, we use M without a subscript to denote the final
global scene memory, which aggregates information from the
entire sequence; that is, M ≡ MNrec

∈ RH′×W ′×(C·Nrec).
The decoder is followed by linear heads for pointmap

and confidence prediction, and an MLP head for SAM2-like
feature prediction. Because the geometry and segmentation
tasks differ in nature, we introduce two learnable task tokens:
tg for the pointmap heads and ts for the SAM2 head. These
tokens are added to all decoder tokens before the correspond-
ing head is applied. For clarity, we omit task tokens in the
equations and only visualize them in Fig. 2.

The SAM2 head consists of an MLP with two linear lay-
ers followed by two upsampling layers. Each upsampling
layer uses bilinear interpolation to resize the features, fol-
lowed by a convolution, layer norm, and GELU.

In summary, the output of this stage is:

D(E({Ii}Nrec
i=1 )) =

(
M, {Fi,P

global
i,1 ,Plocal

i,i ,Ci,vi}Nrec
i=1

)
.

(1)
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3.2. Novel-View Rendering

We train a rendering encoder Ẽ and decoder D̃ to pre-
dict pointmaps and SAM2-like features for arbitrary novel
views along the reconstruction camera trajectories {vi}Nrec

i=1

(cf . Eq. (1)). The reconstruction modules E , D are frozen,
and their outputs serve as inputs to the rendering stage.

During training, we sample Nrec reconstruction frames
and Nrnd rendering frames from the same sequence; the
first frame always belongs to the reconstruction set. Let
{Tj}Nrnd

j=1 be the camera poses of rendering frames Ĩj . Our
goal is to render pointmaps and SAM2-like features for
each Tj , conditioned on reconstruction outputs. Rendering
frames are used only for loss computation.
Tokenization. We merge the global pointmaps
{Pglobal

i,1 }Nrec
i=1 into a single point cloud Pglobal in the

reference-frame coordinate system. Projecting Pglobal into
{Tj}Nrnd

j=1 yields Nrnd xyz-images and point-to-pixel corre-
spondences, enabling 2D projection of SAM2-like features
and confidence maps into each novel view. Each modality
image is processed by an MLP; the results are concatenated
and linearly projected to form novel-view tokens {Xj}Nrnd

j=1 .
RoPE is used for positional encoding universally.
Rendering. Because reconstruction frames cover the
scene only partially, projected novel views contain missing
areas and projection artifacts. The rendering transformers
learn to complete missing geometry and correct projection
errors, producing denser pointmaps.

The rendering encoder Ẽ contains 6 transformer blocks,
processing novel-view token representations X to predict
encoder tokens. During training, we distill knowledge from
the large reconstruction encoder E (24 transformer blocks) to
the small rendering encoder Ẽ through the Lenc loss (defined
in Sec. 3.4). This helps facilitate the optimization process
by providing an auxiliary supervision signal, encouraging
the rendering encoder to mimic the tokens produced by the
larger teacher reconstruction encoder.

The rendering decoder D̃ has the same architecture as the
reconstruction decoder D and is initialized from its weights.
We also introduce two learnable task tokens t̃g and t̃s, initial-
ized from tg and ts. The scene memory M obtained from
the reconstruction stage remained fixed (cf . Eq. (1)) and
is used by D̃ to render the final set of outputs. During de-
coding, D̃ applies cross-attention between decoder tokens
and the memory tokens in M, making possible reference
to the whole reconstructed scene. Intuitively, the explicit
reconstruction outputs from the previous stage guides the
rendering, while the implicit memory provides supporting
information to correct and complete the scene. Segmentation
Forcing is also applied to regularize novel-view predictions.

In summary, output of the rendering stage is written:

D̃(M, Ẽ({X}Nrnd
j=1 )) = {F̃j , P̃

global
j,1 , P̃local

j,j , C̃j}Nrnd
j=1 . (2)
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Figure 3. OccAny inference undergoes two stages: (i) 3D recon-
struction to retrieve Nrec pointmaps with predicted camera poses
{vi}Nrec

i=1 , and (ii) novel-view rendering with TTVA sampled along
the trajectory of {vi}Nrec

i=1 . 3D occupancy is obtained by aggregat-
ing all pointmaps and voxelizing them with trilinear interpolation.

3.3. OccAny Inference
We first retrieve the reconstructed pointmaps, SAM2-like
features and the registered camera poses of all Nrec input
frames from the 3D Reconstruction stage. We then randomly
sample novel views around the predicted camera trajectory
{vi}Nrec

i=1 (cf . Eq. (1)) and pass them through the Novel View
Rendering (NVR) stage to infer the novel-view pointmaps
and segmentation features (cf . Eq. (2)). The final 3D occu-
pancy is obtained by aggregating all pointmaps from both
stages and voxelizing them into a dense grid via trilinear
interpolation. The inference protocol is visualized in Fig. 3.
OccAny is versatile and can predict 3D occupancy for either
sequential, monocular, or surround-view inputs. Predicted
SAM2-like features can be directly used for segmentation.
NVR Inference. Thanks to NVR, we can use arbitrary
views at test-time to help infer occlusion; this strategy is
coined Test-time View Augmentation (TTVA). We first posi-
tion novel camera views uniformly every ρfwd meters along a
straight path along the trajectory of predicted poses {vi}Nrec

i=1 .
At each of those Nfwd sampled positions, we vary horizontal
viewing angles Φ={0,±ϕ} and shift the camera by a lateral
amount of ±ρlat. Fig. 6 illustrates the NVR setups.
Segmentation w/ SAM2-like features. We apply
Grounded SAM2 [44] pipeline by feeding the first frame to
GroundingDINO [35] and obtain candidate bounding boxes
of all semantic classes of interest. We then use the pretrained
prompt decoder of SAM2 to prompt OccAny’s predicted
SAM2-like features with the obtained bounding boxes, re-
sulting in dense semantic masks for the first frame. Semantic
masks are then propagated through the entire scene with
SAM2 video tracking. Finally we assign the predicted occu-
pancy voxels with predicted semantic classes.
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3.4. Training Losses
Both stages are trained using the same set of losses, i.e.
global- and local- pointmap loss Lglo, Lloc, and Segmenta-
tion Forcing loss Lforcing, with the exception of the rendering
encoder distillation loss Lenc, which is applied only in the
rendering stage. We only describe common losses in the
reconstruction stage for brevity.
Pointmap Losses Lglo, Lloc. The loss weights the dif-
ference between the predicted pointmap Pglobal

i,1 and ground
truth P∗

i,1 using the predicted confidence map Ci [3]:

Lglo =
1

|s|

Nrec∑
i=1

∥∥∥Ci ⊙
(
Pglobal

i,1 −P∗
i,1

)∥∥∥
1
− α log

(
Ci

)
,

where ⊙ denotes element-wise multiplication with channel-
wise broadcasting, and α controls the regularization strength,
and s is the normalization scale [3, 58]. The local pointmap
loss Lloc is formulated identically.
Geometry-aware Segmentation Forcing Loss Lforcing.
We employ a Mean Squared Error (MSE) loss. We use
the same confidence map C in pointmap losses above to
weight the MSE error:

Lforcing =
1

H ′W ′

Nrec∑
i=1

∥∥∥Ci ⊙ (Fi − F∗
i )
∥∥∥2
2
, (3)

where Nrec is the number of reconstruction frames. Since C
represents the geometry confidence learned by the pointmap
head, our weighting forces the network to focus on high-
confidence areas and ignore low-confidence ones like sky.
We note that Lforcing does not update the confidence head.
Encoder Distillation Loss Lenc. This loss distills knowl-
edge from the larger teacher reconstruction encoder E (24
layers) to the smaller student rendering encoder Ẽ (6 layers).
It minimizes the squared L2 distance between the output
tokens from both encoders. Given the output tokens from
the rendering encoder Ẽ({Xj}Nrnd

j=1 ) and the reconstruction
encoder E({Ĩj}Nrnd

j=1 ), the loss is written as:

Lenc =

Nrec∑
j=1

∥∥∥E (̃Ij)− Ẽ(Xj)
∥∥∥2
2
,

where {Ĩj}Nrec
j=1 are the novel-view images.

4. Experiments

Training. OccAny is trained on a mixture of five urban
datasets, using images from all cameras and projected Li-
DAR pointmap as ground truth: Waymo [51], DDAD [17],
PandaSet [66], VKITTI2 [2], and ONCE [38].

In the reconstruction stage, we initialize with
MUSt3R [3], freeze the encoder E and only train the

decoder D for 3D reconstruction. Input frames are resized
to 512-width with varying aspect ratios. We sample training
sequences with minimum length N=6 and maximum length
N=10. Frames are sampled at 2Hz in all datasets.

In the rendering stage, we initialize D̃ with the pretrained
weights of D. We keep the same sequence length N ∈
[6, 10], and randomly select among those Nrnd frames as
rendering views; the remaining Nrec = N −Nrnd are used
for reconstruction. The first frame serves as reference and it
is always part of the reconstruction set.
Evaluation. We evaluate the generalization of OccAny
on two out-of-domain benchmarks: SemanticKITTI [1] and
Occ3D-NuScenes [54], detailed in Sec. A.1.

We use three evaluation settings:
• Sequence: a sequence of 5 frames coming from a single

camera on SemanticKITTI and Occ3D-NuScenes,
• Monocular: a single input frame on SemanticKITTI,
• Surround-view: all surrounding frames at a single timestep

on Occ3D-NuScenes.
NVR inference. In the Sequence and Surround-view
settings, we use the augmentation strategy TTVA with
Nfwd = 10, forward shift ρfwd of 3 m, and lateral shift
ρlat of 2 m. In the Monocular setting, we sample denser and
use Nfwd = 50, forward shift ρfwd of 1 m, lateral shift ρlat
of 2 m. All settings use horizontal angle ϕ of {0◦,±60◦}.
Baselines. We compare OccAny against four strong
baselines: MUSt3R [3], CUT3R [58], VGGT [56], AnyS-
plat [26], and Depth Anything 3 (DA3) [33]. Among them,
CUT3R is trained only in the online setting. AnySplat is an
VGGT extension with Gaussian Splatting [27] for novel view
synthesis and for improving geometric consistency. MUSt3R
and CUT3R output metric-scale pointmaps, whereas VGGT
and AnySplat produce scale-invariant pointmaps. To resolve
the scale ambiguity of VGGT and AnySplat, we calibrate
their depth predictions with Metric3Dv2 [19] using their
predicted camera intrinsics; those two variants are presented
as VGGT† and AnySplat†. For DA3, we use DA3-LARGE
to estimate global point map and DA3METRIC-LARGE for
metric scaling. Since AnySplat and CUT3R support novel-
view synthesis, we also apply our proposed TTVA strategy
to improve those, referred to as CUT3R* and AnySplat*†.
All models are tested on the same input resolution, with a
very slight difference depending on the patch-size.

For reference, we also report published results from
vision-based self-supervised occupancy models trained in-
domain, which are heavily biased to dataset-specific charac-
teristics especially camera intrinsics and extrinsics. We com-
pare against self-supervised methods as both do not require
in-domain 3D ground-truth for training. However, OccAny
is completely zero-shot while self-supervised methods are
trained on in-domain calibrated data.
Metrics. Similar to [5, 21], we use the standard 3D occu-
pancy metrics Precision, Recall, and Intersection over Union
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Figure 4. Occupancy predictions of OccAny and baselines on a sequence and a surround view. We visualize here predicted voxels. For
qualitative analysis, we overlay the semantic ground-truth colors on predicted voxels to better highlight class-wise gains. False positive
voxels are painted in gray without any overlayed color. Compared to baselines, our occupancy predictions are denser and more accurate.

Method Venue Semantic KITTI Occ3D-NuScenes

Res. Prec. Rec. IoU Res. Prec. Rec. IoU

MUSt3R [3] CVPR’25 512x160 18.38 25.58 11.97 512x288 19.27 28.60 13.01
CUT3R [58] CVPR’25 512x160 25.72 21.11 13.11 512x288 24.69 16.57 11.01
CUT3R* [58] CVPR’25 512x160 27.05 27.92 15.93 512x288 29.44 30.50 17.62
VGGT† [56] CVPR’25 518x168 36.35 22.62 15.20 518x294 38.34 26.23 18.45
AnySplat† [26] TOG’25 518x168 18.22 35.62 11.67 518x294 26.67 36.93 18.33
AnySplat*† [26] TOG’25 518x168 14.53 47.48 12.39 518x294 24.42 42.48 18.35
DA3 [33] ICLR’26 518x168 26.37 28.13 15.76 518x294 51.25 23.64 19.30
OccAnybase – 512x160 43.38 20.37 16.09 512x288 48.09 20.97 17.10
OccAny – 512x160 36.79 46.70 25.91 512x288 36.09 40.39 23.55
*: use TTVA † : scaled with Metric3Dv2 [19].

OccAnybase: w/o Segmentation Forcing & Novel-view Rendering.

Table 1. Sequence setting. Occupancy prediction on Se-
manticKITTI and Occ3D-NuScenes.

(IoU) to assess geometry quality; mean IoU (mIoU) is used
for semantic segmentation. Following open-vocabulary Li-
DAR semantic segmentation works [15, 41, 46], we also
report performance on super classes, denoted as mIoUsc.
This helps evaluate results at a coarser semantic level, allevi-
ating the impact of “prompting and text-to-image alignment”
limitations [41] especially on semantically confusing classes,
e.g., “car” vs. “other-vehicle”.

4.1. Main results

Sequence. In the Sequence setting ( Tab. 1), OccAny sur-
passes all other zero-shot baselines. On SemanticKITTI,
it reaches 25.91% IoU, surpassing the nearest baseline

Test Method Venue Res. Prec. Rec. IoU

in
-d

om
ai

n

MonoScene [5] CVPR’22 1220x370 13.15 40.22 11.18
SceneRF [6] ICCV’23 1220x370 17.28 40.96 13.84
SelfOcc [21] CVPR’24 1220x370 34.83 37.31 21.97
Splatter Image [52] CVPR’24 1220x370 11.30 53.93 10.30
Hi-Gaussian [67] ICCV’25 1220x370 17.39 59.72 15.56
OccNeRF [73] TIP’25 1220x370 35.25 39.27 22.81

ou
t-

of
-d

om
ai

n

MUSt3R [3] CVPR’25 512x160 15.29 12.24 7.29
CUT3R [58] CVPR’25 512x160 33.32 8.64 7.37
CUT3R* [58] CVPR’25 512x160 33.47 17.59 13.03
VGGT† [56] CVPR’25 518x168 25.59 14.49 10.19
AnySplat† [26] TOG’25 518x168 17.97 20.39 10.56
AnySplat*† [26] TOG’25 518x168 14.61 35.21 11.52
DA3 [33] ICLR’26 518x168 23.98 14.54 9.95
OccAnybase – 512x160 41.24 14.49 12.01
OccAny – 512x160 45.64 33.66 24.03

*: use TTVA † : scaled with Metric3Dv2 [19].

OccAnybase: w/o Segmentation Forcing & Novel-view Rendering.

Table 2. Monocular setting. Occupancy results with Monocular
input on SemanticKITTI following [6, 21]. Results for MonoScene
and Splatter Image are taken from [6, 67].

(CUT3R*) by roughly 10 points. A similar trend is observed
on Occ3D-NuScenes, where OccAny achieves 23.55% IoU,
significantly outperforming baselines; of note, some base-
lines are already enhanced with post-hoc metric scaling and,
if applicable, TTVA. This demonstrates OccAny’s ability to
effectively complete geometry from limited-view sequence
without in-domain training, thanks to Segmentation Forcing
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(b) Novel-View Rendering

Figure 5. Qualitative ablation shows the gains from Segmentation Forcing and Novel-View Rendering. Voxel colorization follows Fig. 4.
The two proposed strategies significantly improve the density and the accuracy of occupancy predictions.

Test Method Venue Res. Prec. Rec. IoU

in
-d

om
ai

n SelfOcc [21] CVPR’24 800x450 – – 45.01
OccNeRF [73] TIP’25 672x336 57.20 55.47 39.20
DistillNeRF [57] NeuRIPS’24 400×228 – – 29.11
SimpleOcc [13] TIV’24 672x336 41.91 64.02 33.92
GaussTR [25] CVPR’25 896x504 – – 45.19

ou
t-

of
-d

om
ai

n

MUSt3R [3] CVPR’25 512x288 20.79 28.29 13.61
CUT3R [58] CVPR’25 512x288 32.19 7.93 6.79
CUT3R* [58] CVPR’25 512x288 40.60 26.73 19.21
VGGT† [56] CVPR’25 518x294 41.56 28.64 20.42
AnySplat† [26] TOG’25 518x294 29.35 40.80 20.59
AnySplat*† [26] TOG’25 518x294 24.52 57.65 20.78
DA3 [33] ICLR’26 518x294 53.26 23.75 19.65
OccAnybase – 512x288 59.58 21.19 18.53
OccAny – 512x288 45.04 58.54 34.15

*: use TTVA † : scaled with Metric3Dv2 [19].

OccAnybase: w/o Segmentation Forcing & Novel-view Rendering.

Table 3. Surround-view setting. More results are in Tab.7
(Sec. B.2)

and Novel-View Rendering. The OccAnybase variant, which
is equivalent to fine-tuning MUSt3R on our datasets, was
trained without the two proposed strategies and obtained
only marginal improvements over baselines.

Wrong metric reasoning leads to voxels predicted outside
of the scene, significantly degrading the performance. The
scale-invariant design of VGGT and AnySplat is not well-
suited for the occupancy task, unlike OccAny with metric
prediction by design. The Gaussian Splatting of AnySplat,
while favorable for synthesizing compelling images, pro-
duces lots of geometric artifacts, thereby hallucinating lots
of noises and harming geometry prediction. Fig. 4 visualizes
the occupancy results.
Monocular. In the more challenging Monocular set-

Method Venue Semantic KITTI sequence Occ3D-NuScenes surround-view

Res. mIoU mIoUsc Res. mIoU mIoUsc

MUSt3R [3] + SAM2 [43] CVPR’25 512x160 3.22 5.96 512x288 2.43 3.84
CUT3R [58] + SAM2 [43] CVPR’25 512x160 4.15 6.72 512x288 2.40 2.75
CUT3R* [58] + SAM2 [43] CVPR’25 512x160 4.53 8.18 512x288 3.06 3.99
VGGT† [56] + SAM2 [43] CVPR’25 518x294 3.47 6.76 518x294 4.39 6.49
AnySplat† [26]+ SAM2 [43] TOG’25 518x168 3.37 6.83 518x294 3.96 5.97
AnySplat*† [26]+ SAM2 [43] TOG’25 518x168 3.86 7.51 518x294 4.44 6.51
DA3 [33]+ SAM2 [43] ICLR’26 518x168 4.92 9.56 518x294 4.55 6.29
OccAny w/o forcing + SAM2 [43] – 512x160 6.83 12.01 512x288 6.17 8.96
OccAny – 512x160 7.28 13.53 512x288 6.66 10.32
*: use TTVA †: scaled with Metric3Dv2 [19].

Table 4. Semantic Occupancy Prediction with GSAM2 [44].

ting on SemanticKITTI (Tab. 2), OccAny demonstrates re-
markable generalization. It achieves 24.03% IoU, outper-
forming all other zero-shot baselines by significant mar-
gins (e.g., +11.00% IoU over CUT3R* w/ TTVA). Notably,
it significantly surpasses several in-domain self-supervised
methods like SceneRF (+10.19%); OccAny even surpasses
self-supervised SOTAs SelfOcc (+2.06%) and OccNeRF
(+1.22%), despite never been trained on SemanticKITTI.

Surround-view. In the Surround-view setting on Occ3D-
NuScenes Tab. 3, OccAny maintains its lead among zero-
shot methods with 34.15% IoU, and achieves better per-
formance than some in-domain approaches like Distill-
NeRF/SimpleOcc, yet remains behind more recent methods.

Semantic Occupancy. We further evaluate 3D semantic
occupancy (Tab. 4) by applying Grounded SAM2 pipeline di-
rectly on OccAny’s segmentation features. OccAny achieves
the highest mIoU and mIoUsc across both datasets, com-
pared to baselines using a separated SAM2 model to produce
segmentation features. The comparison with the variant “Oc-
cAny w/o forcing + SAM2” confirms that our Segmentation
Forcing strategy leads to a unified and simpler solution to
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Method Semantic KITTI sequence Occ3D-NuScenes surround-view

Res. Pre. Rec. IoU mIoU mIoUsc Res. Pre. Rec. IoU mIoU mIoUsc

OccAny 512x160 36.79 46.70 25.91 7.28 13.53 512x288 45.04 58.54 34.15 6.66 10.32
OccAny+ 512x160 38.12 49.14 27.33 6.48 13.30 512x288 46.38 54.66 33.49 7.20 11.50

Table 5. Changing the base foundation models used in OccAny
to DA3 [33] and SAM3 [8] results in the OccAny+ variant.

N
V

R
L

fo
rc

in
g

ge
o-

aw
ar

e

t g
+

t s
L

en
c SemKITTI seq. SemKITTI single

IoU ∆ IoU IoU ∆ IoU

✗ 19.64 -6.27 11.55 -12.48
✗ 24.23 -1.68 21.73 -2.30

✗ 24.88 -1.03 23.02 -1.01
✗ 25.04 -0.87 22.67 -1.36

✗ 24.99 -0.92 23.46 -0.57
OccAny 25.91 — 24.03 —

Table 6. Ablation results on SemanticKitti. The “geo-aware”
stands for applying geometry confidence maps C in the segmenta-
tion forcing loss (cf . Eq. (3)).
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Figure 6. Ablating NVR inference on SemanticKITTI

better predict geometry and segmentation.
Impact of base foundation models. We change the foun-
dation models used in OccAny to DA3 [33] and SAM3 [8],
resulting in the OccAny+ variant, detailed in Sec. A.3.
Tab. 5 and Sec. B show that OccAny benefits from advances
in generic foundation models, while being independently
and orthogonally effective for occupancy prediction.

4.2. Analysis

Method ablation. Tab. 6 analyzes the contribution of
each proposed component. Removing Test-Time View Aug-
mentation (TTVA) causes the most significant drop (−6.27%
in sequence- and −12.47% in monocular setting), highlight-
ing its critical role in geometry completion. The rendering-
specific losses LEnc, geometry-aware Lforcing, and the task
tokens also consistently contribute to the final performance,
proving their effectiveness. Fig. 5 shows gains brought by
Segmentation Forcing and Novel-view Rendering (TTVA).
NVR inference. We ablate NVR inference in Fig. 6. Start-
ing from the baseline without TTVA, adding simple forward
movement helps complete distant geometry (+1.83%). In-
troducing rotations and lateral shifts further helps complete
the geometry by resolving occlusions from diverse views,
improving IoU by +4.15% and resulting in the final 25.91%.
Promptable segmentation feature. We visualize the seg-

RGB low med high

Figure 7. PCA visualization of our segmentation features of
multi-view sequences. Low-resolution features capture high-level
semantics (e.g., separating cars, buildings, and roads), while high-
resolution features capture low-level details such as boundaries and
textures. Features remain consistent across different views.

Input Instance Seg. Input Instance Seg.

Figure 8. Instance segmentation of cars with OccAny’s features.

mentation features of OccAny using PCA, as shown in Fig. 7.
Low-resolution features appear to cluster semantically simi-
lar regions, while high-resolution features seem to capture
fine details like boundaries and textures, both helping regular-
ize and improve occupancy prediction (cf . Fig. 5 & Tab. 6).

Similar to SAM2, our segmentation features remain spa-
tially and temporally consistent. This consistency enables
instance segmentation via prompting with object instances
detected by Grounding DINO. In Fig. 8, we show some
qualitative results when performing instance segmentation
directly on our segmentation features.

5. Conclusion
We propose for the first time a generalized 3D occupancy net-
work, called OccAny, that is trained once and perform zero-
shot inference on arbitrary out-of-domain sequential, monoc-
ular and surround-view unposed data. With the proposed
Segmentation Forcing and Novel-View Rendering strate-
gies, OccAny outperforms generic visual-geometry founda-
tion models on occupancy prediction. OccAny surpasses
several in-domain self-supervised models, while remaining
behind more recent ones. Our work introduces a novel frame-
work for occupancy prediction prioritizing scalability and
generalization, paving the way toward the next generation of
versatile and generalized occupancy networks. The gap to
fully-supervised in-domain performance remains substantial,
leaving room for future improvements in this direction.
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