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Abstract. Recent indoor occupancy prediction methods adopt Gaus-
sian primitives as a sparse 3D representation for computational effi-
ciency. However, their training relies on voxel classification, which im-
poses only local constraints and lacks global supervision on the distribu-
tion of the primitives. Therefore, they inevitably predict spurious prim-
itives in empty regions, undermining both representational and compu-
tational efficiency. To address this, we propose Feed-forward Likelihood
Maximization (FLM), a novel framework that reformulates occupancy
prediction as voxel distribution estimation. In FLM, a network is trained
to predict a mixture model that maximizes the likelihood over ground-
truth occupied voxels in a feed-forward manner. To enable end-to-end
training of networks and voxelization of a standard mixture model, we
define mixture weights as normalized primitive volumes to implicitly en-
force simplex constraints and derive novel voxelization formulas. Based
on FLM, our FLM-Occ, a novel method that is capable of relocating
randomly initialized primitives over long distances to model a scene.
On Occ-ScanNet, FLM-Occ achieves superior accuracy using only 32 su-
perquadrics, 2.7% of the prior SoTA, while running 3.7× faster.

1 Introduction

Monocular occupancy prediction aims to reconstruct a geometric and semantic
3D layout from a single RGB image in the form of a voxel grid [1,43]. It has been
widely-studied in autonomous driving [34,39,50] and embodied AI [18,30,41,43].
Yet dense occupancy prediction suffers from cubic computational complexity,
making it prohibitively expensive for real-time applications.

Recent methods have explored various 3D representations for efficiency. Among
them, mixture model-based methods [9, 12, 18, 28, 41, 49] have drawn increasing
attention. They require far fewer geometric primitives than sparse voxel-based
methods [13, 16, 19, 22, 34, 39, 46] because each primitive can represent multi-
ple voxels. They also provide continuous spatial representation as plane-based
methods [7,11,17,45], allowing self-supervision via image rendering [10]. During
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Fig. 1: Comparison (top-left) on Occ-ScanNet [44]. The numbers following each
method name indicate primitive count. Our FLM-Occ achieves significantly better
accuracy–efficiency trade-offs than EmbodiedOcc [41] and SplatSSC [28]. The second
and third rows show the prediction process of SplatSSC and FLM-Occ.

inference, they initialize a fixed number of primitives and refine them to model
the semantic distribution of the scene in the input image. However, as illus-
trated in Fig. 2, they suffer from a critical limitation: spurious primitives persist
in empty regions, wasting representation capacity and increasing computation.

In this paper, we identify the root cause of this problem as the training
objective—voxel classification. When these methods voxelize the predicted prim-
itives, a voxel-wise cross-entropy loss is used for training. However, this loss
cannot optimize the global distribution of the primitives and fails to induce dis-
tant primitive relocations. Our gradient analysis shows that this is because the
training gradients of this loss with respect to primitive positions vanish when
the primitives are far from ground-truth occupied voxels. Consequently, their
networks are only able to make local adjustments of the primitives.

To resolve the above problem, we propose Feed-forward Likelihood Maxi-
mization (FLM), a novel framework that reformulates occupancy prediction as
voxel distribution estimation, parameterized by a mixture model. This frame-
work is based on maximum likelihood estimation (MLE) [25], which is a widely
used method for estimating the parameters that best explain the observed data.
Specifically, our FLM objective maximizes the joint likelihood of all ground truth
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Fig. 2: Four Gaussian-based methods for occupancy prediction. Gaussian-
Former [12], GaussianFormer-2 [9], and SplatSSC [28] leave redundant primitives in
empty regions because they are incapable of substantially relocating the Gaussians,
undermining their representational efficiency. With MLE, FLM-Occ learns to relocate
Gaussians toward occupied regions.

occupied voxels, and the trained network learns to predict a mixture model that
maximizes the likelihood in a feed-forward manner.

As it turns out, enabling end-to-end training in FLM is non-trivial since
simplex constraints are required for mixture weights and a new voxelization
method is necessary for a standard mixture model. To tackle this issue, we define
the weights of the primitives as normalized primitive volumes. This implicitly
enforces the simplex constraints, enabling end-to-end training. In addition, it
aligns each mixture weight with the spatial extent of the primitive, preventing
degenerate cases where excessively large primitives receive vanishing weights and
thereby preserving representational efficiency.

Finally, we present FLM-Occ, a lightweight network for monocular occu-
pancy prediction. Unlike prior work that relies on depth maps to place the prim-
itives, FLM-Occ directly refines them with the guidance of image features to
match scene structures. FLM-Occ is able to substantially relocate randomly ini-
tialized primitives to align with objects. As shown in Fig. 1, FLM-Occ achieves
compact representation, efficient inference, and superior performance on the Occ-
ScanNet dataset [44].

2 Related Work

Mixture Model-based Occupancy Prediction. Mixture model-based meth-
ods train neural networks to refine a set of primitives, such as Gaussians [12] or
superquadrics [49], to model a scene. The pioneering work GaussianFormer [12]
uniformly distributes Gaussians in 3D space and then deforms and classifies them
to model the semantic distribution. The occupancy grid for calculating training
loss is then extracted from the Gaussians. GaussianFormer [12] does not take
advantage of the sparsity of 3D scenes for optimizing its efficiency, as it waste-
fully models empty regions with Gaussians. Later work exploits scene sparsity by
using object-centric representations with fewer primitives. GaussianFormer-2 [9]
predicts the distributions of objects along camera rays to initialize Gaussians
accordingly. SplatSSC [28] uses a depth estimation model to predict depth maps
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and places initial Gaussians at the estimated depths. Nevertheless, their primi-
tives are adjusted locally, and thus some of them persist in empty regions. We
address this problem by leveraging MLE for training, enabling distant primitive
relocations and thus eliminating the need for initializing primitives near objects.

Training Objectives of Occupancy Prediction. Occupancy prediction
has long been formulated as a voxel classification problem, regardless of the un-
derlying 3D representation. OPUS [38] alternatively adopts a point regression
paradigm, yet it still relies on voxel-wise regression and operations that remain
computationally expensive. Other methods [6, 10, 14, 40, 48] adopt image recon-
struction losses [15, 23, 24] for self-supervision, but their performance remains
limited. In contrast, we reformulate occupancy prediction as voxel distribution
estimation and train a network via MLE, enabling global supervision on the
mixture models and encouraging large relocations of the primitives. This formu-
lation allows us to fully exploit the representation capacity of a mixture model
and thereby minimizes the number of primitives and accelerates inference.

Feed-forward 3D Gaussian Splatting (F3DGS). Since the pioneering
work 3D Gaussian Splatting (3DGS) [15], mixture models have emerged as a
transformative alternative representation in 3D reconstruction. Rather than es-
timating the parameters of a mixture model through iterative optimization,
F3DGS methods [2, 3, 8, 32, 47] train networks to estimate the parameters in
a feed-forward manner. However, these methods are unable to substantially re-
locate the Gaussians. In 3DGS [15], Gaussians are indirectly relocated through
the non-differentiable densification and pruning [2, 15] process. As for F3DGS
methods, they avoid this problem by representing scenes with pixel-aligned Gaus-
sian maps [32] that align well with their pixel-wise training losses and regularize
Gaussian means with depth estimation [5, 29, 36, 42]. In our work, we instead
leverage MLE to learn global relocation of unordered primitives.

3 Methodology

We present our FLM and its application in monocular occupancy prediction for
indoor scenes. We begin by reviewing the formulations of prior mixture model-
based methods and their training objective in Section 3.1. We then introduce
FLM in Sections 3.2, followed by the architecture of FLM-Occ in Section 3.3.

3.1 Preliminaries

Mixture model-based methods [9,12,28,41,49] refine a fixed number of primitives,
denoted by {gj}Mj=1, to model 3D scenes according to the input images. The
primitive positions can be initialized either by uniform sampling in 3D space [12]
or by back-projecting samples from a depth map [9,28]. The number of primitives
is fixed during training and inference.

These methods can be categorized into two types, depending on whether they
use object-centric representations. The pioneering work GaussianFormer [12]
uses Gaussians to model scenes. Each Gaussian gj consists of a position µj ∈ R3,
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Table 1: Summary of mixture model-based methods. For notational simplicity,
the density of voxel x from the j-th primitive K(x|gj) is denoted by Kj . Type 1 treats
“empty” as one of the semantic classes, while Type 2 and ours model geometry and
semantics separately.

Method Type
Voxelization Formula Training

Geometry Semantics Objective

GaussianFormer [12] 1
∑

j∈N Kjfj

V
ox

el
C

la
ss

ifc
at

io
n

GaussianFormer-2 [9] 1−
∏

j∈N (1−Kj)
∑

j∈N
aj

vj
Kjf

′
j/

∑
j∈N

aj

vj
Kj

QuadricFormer [49] 2 1−
∏

j∈N (1−Kj)
∑

j∈N ajKjf
′
j/

∑
j∈N ajKj

SplatSSC [28] 1−
∏

j∈N (1− ajKj)
∑

j∈N
1
vj
Kjf

′
j/

∑
j∈N

1
vj
Kj

FLM-Occ (ours) New
∑M

j=1 Kj

∑M
j=1 Kjfj/

∑M
j=1 Kj MLE

scale sj ∈ R3, a rotation Rj ∈ R3×3, an opacity aj and semantic logits fj ∈ Rn.
The semantic logits c of voxel x are aggregated from neighboring Gaussians:

c =
∑
j∈N

K(x|gj)fj , (1)

N =
{
j ∈ {1, 2, . . . ,M} | ∥x− µj∥∞ < 3∥sj∥∞

}
, (2)

where K is the primitive function and N is the index set of neighboring Gaus-
sians. N is used for reducing computation. This representation is more efficient
than voxels because each Gaussian can present several voxels, but it still models
empty regions with Gaussians.

GaussianFormer-2 [9] improves its predecessor by using an object-centric rep-
resentation that separately models geometry and semantics, aiming to restrict
Gaussians in occupied regions for efficiency. The probability of a voxel being
occupied p and the semantics c are calculate as

p = 1−
∏
j∈N

(
1−K(x|gj)

)
, c =

∑
j∈N

aj

vj
K(x|gj)f

′
j∑

j∈N
aj

vj
K(x|gj)

, (3)

where aj ∈ [0, 1], is opacity, f ′j is the softmax-normalized fj , and vj is the volume
of primitive gj calculated as:

vj =

∫
R3

K(x|gj)dx. (4)

Later work improves Eq. (3) by utilizing superquadrics [49] or devising more
effective primitive weighting [28]. Tab. 1 summarizes the different methods.
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Fig. 3: Information graphs of the training losses for a single primitive via
voxel classification (a) and MLE (b). Unlike voxel classification objectives, which
supervise both empty and occupied voxels, our MLE-based FLM loss only models the
distribution of occupied voxels.

Regardless of the voxelization formulas, both types of methods calculate the
same voxel classification loss Lce for “empty” and semantic classes with the cross-
entropy function fce on the output H ×W ×D voxel grid :

Lce =
1

HWD

HWD∑
i

fce(c
′
i, c

(gt)
i ). (5)

The only difference lies in the definition of c′i: type 1 uses c′i = ci while type 2
uses c′i = [1− pi; pi · ci].

A critical limitation of Lce is its inability to relocate primitives to distant
locations. This limitation can be shown by analyzing its gradient. We consider
the case of binary classification without loss of generality and derive the gradient
of Lce for a ground-truth occupied voxel xi w.r.t. the position of gj :

∂L(i)
ce

∂µj
= −

∏
r ̸=j,r∈N

(
1−K(xi|gr)

)
1−

∏
r∈N

(
1−K(xi|gr)

) · ∂K(xi|gj)

∂µj
, (6)

with Kr = K(xi|gr) and Kj = K(xi|gj). This suggest that the gradient ∂L(i)
ce /∂µj

vanishes when any Kr is close to 1. In other words, if an occupied voxel is al-
ready explained by neighboring primitives, as shown in Fig. 3, this voxel cannot
impact other primitives, leaving distant primitives stranded in empty regions
with negligible gradients.

3.2 Feed-forward Likelihood Maximization

To overcome the limitation of voxel-wise classification loss, we revisit MLE, a
widely used method for estimating probabilistic models. The goal of MLE is to
find the parameters that maximize the joint probability for the observed data.
This aligns well with the goal of occupancy prediction, i.e., to predict a mixture
model that accurately fits the distribution of the ground-truth occupied voxels:
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{ĝj}Mj=1 = arg max
{gj}M

j=1

P∏
i=1

M∑
j=1

wj

vj
K(xi|gj) (7)

subject to
M∑
j=1

wj = 1 . (8)

where wj ∈ [0, 1] is the mixture weight and {xi}Pi=1 is the positions of the
occupied voxels. K could be any unnormalized probabilistic kernel function.

Eq. (7) forms the basis of our Feed-forward Likelihood Maximization (FLM).
Within FLM, a neural network Fθ is trained to refine an initial mixture model
{g(0)

j }Mj=1, with the guidance of image features Fenc(I), such that the resulting
model maximizes the scene likelihood:

{ĝj}Mj=1 = Fθ

(
{g(0)

j }Mj=1, Fenc(I)
)
. (9)

However, the end-to-end training of Fθ is non-trivial since directly utilizing
Eq. (7) for training raises two issues: how to (1) handle the simplex constraint
Eq. (8) and (2) voxelize a standard mixture model. These issues do not arise
in previous methods because they replace mixture weights with unconstrained
opacities and use different voxelization formulas designed for classification loss.
To address them, we reparameterize mixture weights as normalized volumes:

wj =
vj∑M
j=1 vj

. (10)

This reparameterization implicitly enforces simplex constraints on the weights.
It also ensures that each primitive’s weight is proportional to its spatial extent so
that the total volume

∑M
j=1 vj directly reflects the number of occupied voxels.

Consequently, large primitives account for big structures, while smaller ones
specialize in local details. With this reparameterization, the joint likelihood in
Eq. (7) can be rewritten as:(

P∏
i=1

1∑M
j=1 vj

)
·

(
P∏
i=1

M∑
j=1

K(xi|gj)

)
. (11)

FLM Loss. To construct a loss for numerically stable training, we take the
negative logarithm of the likelihood in Eq. (11) and average it over occupied
voxels, resulting in the following FLM loss:

Lflm = log

M∑
j=1

vj︸ ︷︷ ︸
Volume sum

− 1

P

P∑
i=1

log

M∑
j=1

K(xi|gj)︸ ︷︷ ︸
Density sum

. (12)

Interestingly, minimizing the volume term of FLM loss will compress the total
volume, thereby reducing densities in empty regions, and increasing the density
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Fig. 4: 2D illustrations of the roles of the two terms in the FLM loss. The
volume term compresses the primitives to match the voxel shape, and the density term
pulls them toward voxel locations.

term will pull the primitives toward occupied voxels. In this sense, it explicitly
drives all primitives toward objects and fully exploits their representational ca-
pacity. Therefore, using FLM loss allows us to use significantly fewer primitives
than using Lce

(
Eq. (5)

)
. Fig. 4 illustrates the physical interpretation of the two

terms of FLM loss. To understand why Lflm is able to overcome the limitation
of Lce, we derive the gradients of FLM loss of xi w.r.t. the position of gj :

∂L(i)
flm

∂µj
= − 1∑M

j=1 K(xi|gj)
· ∂K(xi|gj)

∂µj
. (13)

Compared to ∂L(i)
ce /∂µj

(
Eq. (6)

)
, ∂L(i)

flm/∂µj does not vanish when K(xi|gj) →
1, and therefore every xi can provide relocation signals to all primitives. So, Lflm

can supervise the global distribution of the primitives and enable a network to
generate primitive relocation when necessary. Moreover, the computational cost
of Lflm is also much less than that of Lce because it only considers occupied
regions, especially in Occ-ScanNet [44] where only 3% of voxels are occupied.

Given the formulation of superquadrics

Kq(x, ϵ, s) = exp
(
− 1

2
f(x, ϵ, s)

)
, (14)

f(x, ϵ, s) =
(( x

sx

) 2
ϵ2 +

( y
sy

) 2
ϵ2

) ϵ2
ϵ1

+
( z
sz

) 2
ϵ1 , (15)

we can further unify the closed forms of vj for Gaussian and superquadric:

vj = 2
3ϵ1
2 ϵ21 ϵ2

Γ
(
ϵ2
2

)2
Γ (ϵ2)

Γ (ϵ1) Γ
(
ϵ1
2

)
sxsysz, (16)

where ϵ(ϵ1, ϵ2)
⊤ and s = (sx, sy, sz)

⊤ are shape parameters and scales, respec-
tively, and Γ (z) =

∫∞
0

e−ttz−1dt is the gamma function [26]. When ϵ1 = ϵ2 = 1,
vj = (2π)

3
2 sxsysz is the volume of the Gaussian. The derivation is provided in

the supplementary material.
Voxelization. The density term in Eq. (12) naturally leads to effective and

object-centric voxelization formulas for geometry and semantics:

p =

M∑
j=1

K(x|gj), c =

∑M
j=1 K(x|gj)fj∑M
j=1 K(x|gj)

. (17)
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Fig. 5: Overview of our FLM-Occ (left) and the structure of the refinement
block (right). FLM-Occ refines primitives to model semantic occupancy grids.

Notably, c is the sum of the contributions that reflect how much each primitive
contributes to the semantics of x. Although Eq. (17) seems similar to Eq. (1),
the calculation of c in Eq. (17) only considers occupied regions while the one in
Eq. (1) considers both empty and occupied regions. To achieve this, we need to
use Lflm instead of Lce.

Regularization. During voxelization, a point is classified as occupied if its
density exceeds a predefined threshold. Empirically, we find that most density
values lie in [0, 1] and a global threshold of 0.5 yields better results (see Fig. 7).
Therefore, we further add a density regularization Lreg to encourage the densities
to approach 1 so that we can directly set the global threshold to 0.5:

Lreg =
1

P

P∑
i=1

( M∑
j=1

K(xi|gj)− 1
)2

. (18)

This loss accelerates training and reduces overlap between primitives by sup-
pressing densities that exceed one, as it facilitates the volume term in Lflm.

3.3 FLM-Occ

Overview. Given an RGB image, camera intrinsics, and a fixed number of
uniformly distributed primitives, FLM-Occ gradually relocates and deforms the
primitives to match scene structures with the guidance of image features and
outputs the corresponding occupancy grid. As shown in Fig. 5, it consists of an
image encoder, a linear layer, a set of learnable primitives, four refinement blocks
and a voxelization module. FLM-Occ features a significantly more streamlined
and scalable architecture compared to existing methods [28,37,41,44].

Image encoder. Unlike existing methods, which use Depth Anything v2
(DAv2) [42] and EfficientNet [33] to obtain geometric and semantic priors, re-
spectively, FLM-Occ relies solely on DAv2 to extract both. Our experimental
results show that this single-encoder design is sufficient.

Initial primitives. Each primitive is parameterized by a position µ ∈ R3,
scales s ∈ R3, a rotation R ∈ R3×3, shape parameters ϵ ∈ R2 and semantic logits
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f ∈ Rn. These parameters are learnable but randomly initialized before training.
Notably, this formulation subsumes standard Gaussians as a special case when
ϵ = (1, 1)⊤. [µ]xy is represented in [0, 1]2, [µ]z and s are represented in log
space. They are transformed into Euclidean space with camera intrinsics during
voxelization. Primitive features are initialized by applying a linear projection to
the primitive parameters.

Refinement block. Existing methods typically constrain primitive updates
to a predefined small range, necessitating careful tuning to balance training sta-
bility with the computational overhead of dense voxel grid supervision. In con-
trast, leveraging our proposed FLM loss, FLM-Occ eliminates these constraints,
enabling unconstrained updates of raw primitive parameters g̃ and f̃ :

g̃(l+1) = d(l+1)
g + g(l)

g ,

f̃ (l+1) = d
(l+1)
f ,

(19)

where [d
(l+1)
g ;d

(l+1)
f ] is predicted by a multi-layer perceptron (MLP) in the re-

finement block. The final primitive parameters are obtained by applying simple
activation functions to g̃(l+1) and f̃ (l+1), including sigmoid for bounded param-
eters and normalization for quaternions. Full formulations are provided in the
supplementary material. We use deformable aggregation [20], which is commonly
used for Gaussian-based occupancy prediction, to sample features for refinement.
We use rotary positional encoding [31] in the multi-head self-attention [35] layers.

Voxelization. Voxels with densities larger than 0.5 will be semantically clas-
sified with softmax. We also use neighboring voxelization (Eq. (2)) for acceler-
ation. Notably, calculating training loss in FLM does not require voxelization,
and only occupied voxels are used in loss calculation.

Training objective. FLM-Occ is trained by minimizing the sum of Lflm(
Eq. (12)

)
, Lreg

(
Eq. (18)

)
and a cross entropy loss Lce for semantics:

min Lflm + λ1Lreg + λ2Lce. (20)

4 Experiments

4.1 Dataset and Metrics

Following prior work, we evaluate our method on indoor datasets Occ-ScanNet [44]
and Occ-ScanNet-mini2 [41]. Their train and test splits are 45610/19705 and
5504/2376, respectively. Each sample includes an RGB image, camera intrinsics,
and a 60× 60× 36 ground-truth voxel grid with 11 semantic classes and a voxel
size of 0.08m. We report the intersection-over-union (IoU) for geometry (occu-
pied vs. empty) and for each semantic class, as well as the mean IoU (mIoU)
across all classes, all in percentages (%).

4.2 Training Details

The loss weights λ1 and λ2 are set to 0.1 and 1.0, respectively. The model is
optimized using AdamW [21] with β1 = 0.85 and β2 = 0.95. The weight decay is
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Table 2: Results on Occ-ScanNet [44]. Best, second, and third results are high-
lighted in light red, orange, and yellow, respectively. The “Type” follows the defini-
tions in Tab. 1. “Vox”, “Que”, “Gau”, and “SQ” denote voxel, query, Gaussian, and
superquadric, respectively.
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SplatSSC [28] 1200 Gau 2 61.5 36.6 55.7 46.5 40.1 45.6 64.5 62.4 48.6 30.6 61.2 45.4 48.9

FLM-Occ

64 Gau

New

62.1 42.4 62.1 49.3 45.5 46.8 67.4 65.9 55.3 38.4 66.3 50.9 53.6
32 SQ 65.3 45.8 64.8 51.7 47.8 49.0 67.8 67.8 57.6 38.9 66.7 52.0 55.4

1024 Gau 72.6 56.9 72.7 56.9 57.5 62.3 76.5 77.7 70.4 49.3 75.0 62.6 65.3
1024 SQ 72.9 57.9 72.8 57.4 58.0 63.1 76.7 77.8 70.4 51.0 75.3 62.8 65.7

set to 0.01. The learning rate is initialized to 5×10−4 with a 1,000-iteration linear
warmup and cosine annealing schedule, whereas the ViT of DAv2 [42] is fully
fine-tuned with a learning rate of 5 × 10−5. We train FLM-Occ with BFloat16
for 30,000 iterations on Occ-ScanNet [44] and 15,000 iterations on Occ-ScanNet-
mini2 [41], respectively, on four RTX A6000 GPUs with a batch size of 128.
Random horizontal flipping and color jittering are used for data augmentation.

4.3 Quantitative Comparison

We evaluate FLM-Occ and compare it with recent methods [1, 28, 37, 41, 44].
As reported in Tab. 2, FLM-Occ achieves state-of-the-art performance, signifi-
cantly outperforming existing voxel-based and Gaussian-based methods. Specif-
ically, with only 1024 superquadrics, FLM-Occ reaches an mIoU of 64.0% on
Occ-ScanNet, representing a substantial improvement of +12.2% over the previ-
ous best-performing method, SplatSSC (51.8%), despite using fewer primitives.
Morever, when the primitive count is reduced to a mere 32 and 64, FLM-Occ
still achieves 55.9% and 56.3% mIoU, already surpassing SplatSSC (1200 Gaus-
sians) [28] and EmbodiedOcc (16200 Gaussians) [41]. These results suggest that
MLE is naturally well aligned with mixture-model-based occupancy prediction.

In terms of implementation, FLM-Occ offers greater simplicity and flexibil-
ity compared to existing methods. While SplatSSC and EmbodiedOcc rely on
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Fig. 6: Performance vs. Representation Size. Filled and hollow markers in (a)
indicate IoU and mIoU, respectively. FPS is measured on a single RTX 3090 GPU.

a two-stage pipeline to fine-tune a depth estimation branch for Gaussian ini-
tialization, FLM-Occ learns the initial primitives in a single end-to-end process.
Furthermore, unlike prior works that utilize EfficientNet [33] and DAv2 [42] to
obtain semantic and geometric priors, respectively for guiding the refinement,
we employ features from a single DAv2 [42] and obtain more accurate results.
This observation is consistent with the findings in DAv2, suggesting that rep-
resentations learned for depth estimation can generalize effectively to semantic
occupancy tasks with fine-tuning.

4.4 Ablation on Primitives

We train FLM-Occ with different primitives (Gaussian vs. superquadric) and dif-
ferent numbers of primitives (32,64,128,256,512,1024) to evaluate how primitives
affect the results on Occ-ScanNet [44]. We also calculate the average distance
between the initialized and final primitives. The results are shown in Fig. 6.

Despite using far fewer primitives, FLM-Occ achieves higher accuracy and
efficiency than prior SoTA. SplatSSC [28] uses 1,200 Gaussians and achieves
62.8% IoU and 51.8% mIoU at 8.7 FPS, whereas our model with only 512 su-
perquadrics reaches 71.4% IoU and 63.6% mIoU at 26.2 FPS. EmbodiedOcc [41]
relies on 16,200 Gaussians but achieves only 53.6% IoU and 45.2% mIoU at 7.8
FPS. These results demonstrate the efficiency of our FLM formulation.

Increasing the number of primitives improves accuracy while reducing infer-
ence speed. However, the improvement gradually saturates after 256 primitives,
suggesting that a few hundred primitives are sufficient to represent the scene.
Superquadrics consistently outperform Gaussians across all primitive counts, es-
pecially when less primitives are used. As the primitive count increases, the
performance gap between the Gaussian and superquadric gradually narrows.

The distances between initial and final positions of the primitives generally
decrease as the primitive count increases, indicating smaller adjustments during
optimization. The distances (around 1.2 m) of FLM-Occ are significantly larger
than those of SplatSSC [28] (0.15 m) and EmbodiedOcc [41] (0.08 m), since
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Table 3: Performance with different network configurations.

SQ Count Refine DAv2 [42] ViT [27] Fintune ViT Lreg IoU mIoU

1)

128

4 Rel Base 52.4 43.9
2) 4 Metric Base 57.3 48.9
3) 4 Rel Base ✓ 67.2 59.2
4) 4 Metric Base ✓ 67.5 59.6
5) 2 Metric Base ✓ ✓ 69.2 60.7
6) 3 Metric Base ✓ ✓ 69.8 61.5
7) 4 Metric Base ✓ ✓ 70.2 62.0
8) 5 Metric Base ✓ ✓ 70.0 61.8
9) 4 Rel Large ✓ ✓ 72.7 65.0

10) 1024 4 Metric Base ✓ ✓ 71.7 64.0

those methods initialize Gaussians using depth maps or use a large number
of primitives, while our primitives are uniformly sampled in the space. This
demonstrates that FLM-Occ learns to substantially relocate the primitives.

4.5 Ablation Study on Network Configuration

We utilize FLM-Occ with 128 superquadrics trained on Occ-ScanNet [44], as this
configuration represents the elbow point of the performance-primitive curve in
Fig. 6, suggesting it is more sensitive to parameter variations.

In Tab. 3, the results show that metric depth features improve the perfor-
mance. Both IoU and mIoU increases 5 points by replacing the relative DAv2 [42]
with the metric one (row 1 vs. 2). This explains why previous methods [28,37,41]
choose to further finetune the metric DAv2 [27] on the ScanNet dataset [4]. With
the ViT [27] finetuned, the performance significantly improves, especially when
using relative DAv2 features (row 1 vs. 3), where the mIoU increases from 43.9%
to 59.2% (+15.3%). This compares to a gain of 10.7% for metric features (row 2
vs. 4). These results suggest that while metric-scale features provide a stronger
zero-shot prior for 3D occupancy, task-specific finetuning effectively mitigates the
scale ambiguity inherent in relative features, allowing them to achieve compara-
ble performance (row 3 vs. 4). The performance improves with more refinement
blocks but saturates at four blocks (rows 5–8). Furthermore, scaling the encoder
to DAv2-ViT-L yields additional gains, achieving higher results of 72.7% IoU
and 65.0% mIoU (row 8 vs. 9). The density regularization loss Lreg

(
Eq. (18)

)
improves the performance (row 4 vs. 7) as we assume that densities lie within
[0, 1] and set a threshold of 0.5 for occupancy.

4.6 Influence of Density Threshold for Occupancy

Although the density regularization loss encourages densities of occupied voxels
to approach 1, some still exceed 1. Therefore, we analyze the empirical distri-
bution of predicted densities by FLM-Occ with 128 superquadrics trained on
Occ-ScanNet [4] and evaluate how different occupancy thresholds influence IoU
and mIoU. As shown in Fig. 7, setting the threshold to 0.5 yields better results.
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Fig. 7: Distribution of density and IoUs with different density thresholds.
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SplatSSC (G-1200)

Fig. 8: Comparisons on Occ-ScanNet dataset [44]

4.7 Qualitative Results

Fig. 8 illustrates the qualitative results of SplatSSC (1200 Gaussians) [28] along-
side FLM-Occ under four primitive configurations (64/1024 Gaussians and 32/1024
superquadrics). Due to the relatively coarse annotation granularity (0.08m), all
methods effectively capture the scene structure. However, regarding primitive
distribution, SplatSSC exhibits significant inter-primitive overlaps, as its geo-
metric aggregation formula incentivizes such redundancy. In contrast, FLM-Occ
produces sparser representations, a direct result of our MLE-based formulation
and density regularization, which encourages a more efficient spatial distribution.
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5 Conclusion

We propose FLM-Occ—Feed-forward Likelihood Maximization for efficient in-
door occupancy prediction—a novel method that reformulates occupancy predic-
tion not as voxel classification but as voxel distribution estimation, parameter-
ized by a mixture model. To leverage MLE for end-to-end training, we propose
FLM loss, a novel loss that explicitly drives the predicted primitives to match
objects. We also propose probabilistic voxelization formulas to convert a mixture
model to an occupancy grid. Built upon FLM, FLM-Occ is able to substantially
relocate and deform geometric primitives to represent a scene. Compared to
the prior state-of-the-art method, FLM-Occ leverages 20× fewer primitives to
achieve higher accuracy and over 3× speed up on Occ-ScanNet datasets.

6 Limitations

The computational cost of the FLM loss scales with both the number of occupied
voxels and primitives, which may limit its applicability to large-scale scenes. In
addition, similar to EmbodiedOcc [41] and SplatSSC [28], FLM-Occ relies on a
fixed number of primitives, so changing the primitive count requires retraining
the network. Incorporating learnable pruning and splitting mechanisms, as in
sparse voxel-based methods [13, 22], is a promising direction. Finally, since the
FLM formulation may lead to less distinct occupied-region boundaries, we use
a global density threshold to infer occupancy. Learned or adaptive thresholding
could further improve the modeling of occupancy decision boundaries.
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