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Fig. 1: FreeOcc is a training-free paradigm for open-vocabulary occupancy prediction. It eliminates the need for occupancy, pose, and
semantic annotations, and incrementally constructs four-layer maps using only monocular or RGB-D image sequences. The right panel
illustrates the benefit of open-vocabulary reasoning on EmbodiedOcc-ScanNet: the green boxes corresponding to “window” and “chair”
are correctly identified and localized by FreeOcc, whereas the EmbodiedOcc-ScanNet ground-truth occupancy labels (red boxes) coarsely
classify them as “wall” and “floor” respectively, despite clear visual evidence.

Abstract—Existing learning-based occupancy prediction meth-
ods rely on large-scale 3D annotations and generalize poorly
across environments. We present FreeOcc, a training-free frame-
work for open-vocabulary occupancy prediction from monocular
or RGB-D sequences. Unlike prior approaches that require
voxel-level supervision and ground-truth camera poses, FreeOcc
operates without 3D annotations, pose ground truth, or any
learning stage. FreeOcc incrementally builds a globally consistent
occupancy map via a four-layer pipeline: a SLAM backbone
estimates poses and sparse geometry; a geometrically consistent
Gaussian update constructs dense 3D Gaussian maps; open-
vocabulary semantics from off-the-shelf vision–language models
are associated with Gaussian primitives; and a probabilistic
Gaussian-to-occupancy projection produces dense voxel occu-
pancy. Despite being entirely training-free and pose-agnostic,
FreeOcc achieves over 2× improvements in IoU and mIoU
on EmbodiedOcc-ScanNet compared to prior self-supervised
methods. We further introduce ReplicaOcc, a benchmark for
indoor open-vocabulary occupancy prediction, and show that
FreeOcc transfers zero-shot to novel environments, substantially
outperforming both supervised and self-supervised baselines.
Project page: https://the-masses.github.io/freeocc-web/.

I. INTRODUCTION

The ability to construct and understand the environment
from egocentric observations is fundamental to embodied
lifelong autonomy. Beyond geometric reconstruction, robots
require scene representations that capture dense structure,
semantic completeness, and global spatial consistency to sup-
port navigation and interaction in open environments [9].

*Equal contribution. B Corresponding author.

Point clouds arise naturally in depth sensing, structure-from-
motion [65], and SLAM [4, 41], and have long served as
a core representation for robotic perception [6]. However,
their unstructured nature and irregular sampling limit their
effectiveness for downstream reasoning. 3D Gaussian Splat-
ting (3DGS) [29] addresses these limitations by augmenting
each 3D sample with anisotropic extent and opacity, providing
a compact continuous representation suitable for differen-
tiable rendering. Despite its advantages, 3DGS is typically
optimized under photometric supervision, often resulting in
inaccurate geometry, depth distortions, and view-inconsistent
artifacts [52, 66, 48]. Moreover, geometric boundaries are
commonly extracted via heuristic density thresholds, yielding
ambiguous or inconsistent object extents [10].

In contrast, occupancy maps discretize space into free,
occupied, and unknown regions, providing explicit geometric
boundaries and supporting incremental updates [17, 58]. Since
these boundaries are directly used for collision checking
and motion planning, their accuracy is critical for safety
and task performance [11]. Motivated by the complementary
strengths of Gaussians and occupancy, recent works combine
3D Gaussian primitives with voxelized occupancy representa-
tions [25, 22, 23], leading to the embodied occupancy predic-
tion task [72], which estimates semantic occupancy volumes
from Gaussians built from egocentric observations.

Embodied occupancy prediction has advanced rapidly,
achieving strong geometric and semantic accuracy in indoor
environments and, in some cases, real-time inference [72, 69,
79, 37]. However, most existing methods rely on fully su-
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pervised voxel-level annotations and assume accurate camera
poses at inference [76, 8]. Such supervision is expensive,
requiring large-scale reconstruction and labeling, and methods
trained in this regime often generalize poorly beyond the
training distribution. While recent self-supervised approaches
reduce annotation requirements and introduce open-vocabulary
semantics via vision–language models [25, 12, 53, 50],
learning-based methods still depend on accurate poses during
training and inference and tend to overfit to specific scenes,
viewpoints, or sensor configurations, leading to significant
performance degradation in novel environments.

To address these limitations, we propose FreeOcc, the first
training-free framework for open-vocabulary occupancy pre-
diction, which incrementally constructs a globally consistent
occupancy map through a four-layer mapping pipeline. Layer
1: A SLAM backbone processes monocular or RGB-D image
sequences to estimate camera poses and build sparse point
cloud maps. Layer 2: We construct dense 3D Gaussian maps
using SLAM-guided point initialization and a geometrically
consistent Gaussian update strategy, ensuring structural fidelity
and long-term global consistency. Layer 3: Open-vocabulary
semantic features extracted from pre-trained vision–language
models (VLMs) are incrementally associated with Gaus-
sian primitives, enabling language-based querying without
voxel-level supervision. Layer 4: A probabilistic Gaussian-
to-occupancy projection aggregates geometric and semantic
evidence into a discrete voxel grid, yielding a dense occupancy
map with open-vocabulary semantics. On the EmbodiedOcc-
ScanNet benchmark, FreeOcc achieves over 2× improvements
in both IoU and mIoU compared to self-supervised methods.
We further introduce ReplicaOcc, a new benchmark for eval-
uating generalization in indoor open-vocabulary occupancy
prediction, on which FreeOcc demonstrates strong zero-shot
generalization, significantly outperforming both supervised
and self-supervised learning-based baselines across all metrics.

In summary, we make the following contributions:

• We propose FreeOcc, a training-free framework for open-
vocabulary occupancy prediction that addresses the poor
generalization of existing occupancy prediction methods
caused by dataset-specific training and closed-set super-
vision.

• We identify the geometric ambiguity arising from decou-
pled 3DGS-SLAM optimization and introduce a novel
globally consistent Gaussian update strategy, where geo-
metrically anchored updates produce more spatially con-
sistent 3D scene representations for occupancy mapping.

• We present ReplicaOcc, a new benchmark for evalu-
ating generalization in open-vocabulary occupancy pre-
diction. Extensive experiments demonstrate that FreeOcc
significantly outperforms prior self-supervised methods
and substantially improves generalization compared to
learning-based approaches.

II. RELATED WORK

A. Fully Supervised Occupancy Prediction

Vision-based occupancy prediction has been widely stud-
ied, initially in outdoor autonomous driving benchmarks [62,
22, 23, 70, 38] and more recently in indoor and embodied
environments [5, 75, 59, 76, 72, 69, 81, 82]. Fully super-
vised methods lift 2D image features into 3D representations
using depth distributions, ray-based projection, or volumetric
aggregation [5, 75, 76, 39, 51]. Transformer-based volumetric
models capture long-range dependencies [56], while sparsity-
aware designs prune empty regions and process sparse voxels
via sparse convolutions [62] or efficient Transformers [38, 40].
Despite strong performance, these approaches rely on dense
voxel-level annotations that are expensive to obtain and diffi-
cult to scale. Moreover, full supervision often leads to limited
generalization to novel scenes or sensor configurations.

B. Weakly Supervised Occupancy Prediction

Weakly supervised methods reduce annotation costs by
learning occupancy from indirect supervision such as 2D
segmentation, sparse LiDAR, or pseudo-labels [32]. Several
approaches optimize 3D occupancy using 2D-only super-
vision via differentiable rendering or image-space distilla-
tion [47, 2, 36]. Others construct approximate 3D supervision
by aggregating sparse LiDAR points [80, 13, 67, 36] or
enforce multi-view consistency through image-plane reprojec-
tion [21, 78, 26, 1, 12]. While weak supervision alleviates
labeling requirements, most methods assume accurate camera
poses, operate in fixed domains, and perform offline inference,
limiting their applicability to embodied agents that require
online, incremental mapping [72].

C. 3D Gaussian Splatting SLAM

3D Gaussian Splatting SLAM (3DGS-SLAM) jointly esti-
mates camera poses and optimizes continuous Gaussian maps,
and has recently attracted significant attention [73, 19, 27, 43,
77, 30, 31, 33]. Its continuous, differentiable, and compact rep-
resentation [29] makes it well-suited as a geometric carrier for
occupancy prediction [22]. Extensions to semantic and open-
set 3DGS-SLAM further enable semantic self-supervision and
open-vocabulary reasoning [35, 24, 34, 74]. However, existing
3DGS-SLAM methods primarily optimize photometric objec-
tives for view synthesis, often resulting in spatial inconsisten-
cies that limit voxel-level completion [27, 15, 19]. In contrast,
our work introduces a geometrically consistent 3DGS update
strategy and leverages it as a prior for training-free, open-
vocabulary occupancy prediction, bridging continuous surface
mapping and discrete volumetric reasoning.

III. PROBLEM STATEMENT

Task Overview. FreeOcc addresses the problem of embodied
semantic occupancy prediction [72, 69, 79]. In contrast to
monocular scene completion methods that infer a 3D oc-
cupancy map from a single RGB image [59, 68, 76], the
embodied setting requires a robot to incrementally construct a



TABLE I: Comparison of supervision, inference inputs, and outputs
across methods. O: human-labeled occupancy; S: human-labeled
semantics; P: human-labeled poses; D: depth; R: RGB images. Out-
puts include OV (open-vocabulary semantics) and OCC (occupancy
prediction).

Method Train Infer Output

Fully supervised
EmbodiedOcc [72] O,S,P,D,R P,R OCC
EmbodiedOcc++ [69] O,S,P,D,R P,R OCC
RoboOcc [79] O,S,P,D,R P,R OCC

Self-supervised
GaussTR [25] P,R P,R OV,OCC
GaussianOCC [12] P,R P,R OV,OCC

Training-free
FreeOcc (mono) – R OV,OCC
FreeOcc (rgbd) – D,R OV,OCC

globally consistent semantic occupancy map from egocentric
observations while actively exploring the environment.

Formally, given a stream of RGB observations I1:T =
{I1, I2, . . . , IT }, our goal is to estimate a global 3D semantic
occupancy field OT ∈ RX×Y×Z×C in an online manner.
Here, (X,Y, Z) denote the spatial resolution of the scene
volume, and C is the number of semantic categories. Each
voxel encodes both geometric occupancy (occupied or free)
and semantic evidence, representing the environment observed
up to time T .
Key Differences from Prior Work. As summarized in Tab. I,
existing occupancy prediction approaches can be broadly cat-
egorized according to the supervision and prior information
required during training and inference:

• Fully supervised methods [72, 69, 79] rely on dense
voxel-level annotations, which are costly to obtain and
typically require large-scale 3D reconstruction followed
by manual or semi-automatic labeling pipelines.

• Self-supervised methods [25, 12] reduce dependence on
voxel annotations but still assume known camera poses
during both training and inference. Moreover, as learning-
based approaches, both supervised and self-supervised
methods often suffer from limited cross-scene generaliza-
tion, leading to degraded zero-shot performance in previ-
ously unseen environments, as demonstrated in Sec. V-C.

In contrast, FreeOcc is a training-free approach that re-
quires neither semantic annotations nor prespecified cam-
era poses and directly predicts embodied occupancy from
an incoming video stream. Furthermore, since RGB and
depth sequences are commonly available in robotic systems,
FreeOcc supports two inference modes: monocular RGB and
RGB-D, enabling flexible deployment across diverse sensing
platforms.

IV. METHODOLOGY

In this section, we first present an overview of the
FreeOcc system architecture in Sec. IV-A. We then detail
the geometrically consistent 3D Gaussian mapping process in
Sec. IV-B. Next, we introduce the open-vocabulary semantic
association module in Sec. IV-C, which injects language-
aligned semantics into the Gaussian map to form language-

embedded (LE) Gaussians. Finally, we describe how the LE-
Gaussian representation is converted into a volumetric occu-
pancy map in Sec. IV-D, enabling open-vocabulary querying
with arbitrary text prompts.

A. Overall Architecture of FreeOcc

The overall architecture of FreeOcc is illustrated in Fig. 2.
At a high level, FreeOcc is an online, training-free system that
incrementally constructs an open-vocabulary 3D occupancy
map from monocular or RGB-D image streams. Specifically,
FreeOcc explicitly maintains multi-level scene representations
and continuously refines them as new observations arrive, in a
fully streaming fashion. It consists of four tightly coupled com-
ponents: Layer 1 a SLAM backbone for globally consistent
camera pose estimation and geometric reconstruction, Layer
2 a geometrically anchored 3D Gaussian mapping module that
lifts SLAM point clouds into a continuous scene representa-
tion, Layer 3 an open-vocabulary semantic association module
that assigns language-aligned embeddings to Gaussian primi-
tives, and Layer 4 a Gaussian-to-occupancy projection module
that converts the Gaussian representation into a volumetric
occupancy field. We describe each component in detail below.
Geometric Correspondence using SLAM Backbone.
FreeOcc first processes incoming observations using a SLAM
backbone to estimate camera poses and sparse 3D geometry. In
principle, the proposed framework is compatible with arbitrary
SLAM systems. In this work, we adopt DROID-SLAM [64]
due to its strong global geometric consistency and robustness
under monocular input. Unlike feed-forward, model-based
SLAM approaches such as MASt3R-SLAM [46] or VGGT-
SLAM [42], DROID-SLAM does not rely on explicit 3D
supervision from structure-from-motion (SfM) pipelines [54]
during training of its optical flow network [63]. By jointly
optimizing over long temporal windows, DROID-SLAM pro-
duces globally consistent camera poses T1:T = {T1, . . . ,TT }
and an accumulated set of 3D points P1:T = {pi ∈ R3}NT

i=1

which together provide a stable spatial reference for down-
stream mapping. This global consistency allows all subsequent
modules to operate in a unified coordinate frame and is critical
for mitigating geometric drift in long-horizon mapping.
Geometrically Consistent 3D Gaussian Construction. Given
globally consistent camera poses T1:T and 3D points P1:T

from SLAM, FreeOcc incrementally maintains a set of 3D
Gaussian primitives G = {Gi}NT

i=1.We update the Gaus-
sians while preserving multi-view geometric consistency rather
than optimizing for novel-view synthesis as in prior 3DGS-
SLAM [16]. The resulting Gaussian map bridges sparse SLAM
geometry and dense volumetric occupancy reasoning.
Open-Vocabulary Semantic Association. We extract open-
vocabulary semantics from 2D observations using pre-trained
vision–language models [53, 57] and fuse them into Gaus-
sian primitives via geometric correspondence. The aggregated
semantics are propagated to the occupancy grid for language-
driven querying without voxel-level supervision.
Gaussian-to-Occupancy Projection. Finally, the maintained
Gaussian set G is projected into a discrete occupancy field O ∈
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Fig. 2: Framework Overview of FreeOcc. FreeOcc incrementally constructs a multi-layer map for online open-vocabulary occupancy
prediction. Layer 1: A SLAM backbone processes monocular or RGB-D image sequences to estimate camera poses and sparse/semi-
dense point cloud maps. Layer 2: Dense 3D Gaussian Splatting (3DGS) maps are constructed via SLAM-guided point initialization and a
geometrically consistent Gaussian update strategy. Layer 3: Open-vocabulary semantic features are associated with Gaussian primitives using
a vision–language model, forming a language-embedded 3D Gaussian semantic map. Layer 4: The semantic Gaussian map is projected into
a dense voxel occupancy representation through probabilistic Gaussian-to-occupancy splatting, enabling online open-vocabulary querying
and semantic localization in 3D scenes.

RX×Y×Z×C by aggregating the probabilistic spatial support
of nearby Gaussian primitives.

B. Geometrically Consistent 3D Gaussian Construction

Geometric Ambiguity Problem. Recent 3DGS-SLAM ap-
proaches grounded in point-based SLAM systems—such as
Photo-SLAM [19] built upon ORB-SLAM [45], and DROID-
Splat [64] built upon DROID-SLAM [64]—naturally inherit
the localization accuracy and efficiency of classical SLAM
pipelines. However, these methods share a fundamental prop-
erty: the Gaussian scene representation is optimized inde-
pendently of the point-based SLAM map. In such decoupled
systems, Gaussian parameters are primarily updated to main-
tain rendering consistency, while the SLAM backend enforces
geometric consistency [18].

Following standard 3DGS formulations, we represent the
scene as a set of language-embedded Gaussian primitives, each
parameterized as Gi = (µi, si, ri, oi, ci, fi), where µi ∈ R3 is
the 3D mean, si ∈ R3

+ the anisotropic scale, ri the rotation,
oi the opacity, ci the color, and fi the language-aligned open-
vocabulary feature. Given camera intrinsics K1:T and globally
consistent poses T1:T , we follow [28] to render the Gaussian
set G into each view:

(Ît, D̂t) = F (G,Kt,Tt), t = 1, . . . , T, (1)

where F denotes the differentiable Gaussian rendering op-
erator and Ît, D̂t represent render image and depth map.
Let θ collect all Gaussian parameters. The rendered outputs
are compared against observations {(It,Dt)}Tt=1, and typical

3DGS-based mapping solves

min
θ

T∑
t=1

(∥∥Ît − It
∥∥2
2
+ β

∥∥D̂t −Dt

∥∥2
2

)
, (2)

where β balances the RGB and depth terms.
Let θ⋆ denote a solution to Eq. (2). Linearizing the render-

ing operator around θ⋆ yields F (θ⋆ + δθ) ≈ F (θ⋆) + J δθ,
where J = ∂F

∂θ

∣∣
θ⋆ . For unobservable or weakly observable

directions, there exist non-zero perturbations δθ ̸= 0 such that
J δθ = 0. Consequently, the solution to Eq. (2) is not isolated,
but instead lies on a (near-)manifold in parameter space.

This ambiguity can be further illustrated by considering a
single pixel ray u. Under volumetric alpha compositing [44],
the rendered color and depth along u can be written as

Î(u) =
∑
k

wk(θ;u) ck, D̂(u) =
∑
k

wk(θ;u) zk,

(3)
where wk(θ;u) ≥ 0 are ray-dependent compositing weights,
and zk denotes the depth of the k-th contributing Gaussian
along the ray. Eq. (3) constrains only the first-order moments
along each ray: multiple distinct depth–weight configurations
{(wk, zk)} can yield identical (Î(u), D̂(u)). Consequently,
even with depth supervision, multiple distinct Gaussian con-
figurations G (equivalently, parameter sets θ) may explain
the same observations {(It,Dt)}Tt=1. Therefore, minimizing
the rendering loss in Eq. (2) does not guarantee a unique or
globally consistent 3D geometry, and unconstrained Gaussian
updates can gradually erode the geometric consistency pro-
vided by the SLAM backend.



Geometrically Anchored Gaussian Updates. To address the
above ambiguity, we propose a geometrically consistent 3D
Gaussian update strategy with geometry-aware initialization.
We parameterize each Gaussian ellipsoid by an anisotropic
scale vector s, which controls its principal axis lengths.

For a pixel u in frame t, we compute the normalized ray
direction dt,u ∈ R3 from intrinsic Kt. We define a local
rotation Rt,u such that its local +Z axis aligns with dt,u.
We initialize a ray-aligned anisotropic scale as

st,u = (s⊥, s⊥, s∥), s∥ = γ s⊥, (4)

where s⊥ and s∥ denote the Gaussian extents perpendicular
and parallel to the viewing ray, respectively, and γ is a user-
controlled elongation ratio. This initialization models each
Gaussian as a thin ellipsoid aligned with the sensor ray, pro-
viding a geometry-aware prior that reduces ambiguity during
optimization. Given SLAM-estimated camera poses Tt and
3D point positions Pt, Gaussian centers µ are fixed to Pt,
and the optimization problem is formulated as

min
θ

T∑
t=1

(∥∥Ît − It
∥∥2
2
+ β

∥∥D̂t −Dt

∥∥2
2

)
, s.t. µt = Pt

(5)

C. Open-vocabulary Semantic Association

In contrast to conventional occupancy estimation pipelines
that predict closed-set semantic classes, a key goal of
FreeOcc is to support open-vocabulary 3D querying without
committing to a fixed label space. To this end, we leverage
a pre-trained open-vocabulary segmentation model [57]. Such
OV segmentation models produce a language-aligned embed-
ding for each pixel, and enable open-vocabulary recognition
by computing the similarity between the per-pixel embedding
and a text embedding extracted by a language encoder (e.g.,
CLIP [53]), thereby localizing the region corresponding to an
arbitrary textual prompt. Building on this capability, we asso-
ciate each 3D Gaussian Gi with a language-aligned embedding
and construct language-embedded (LE) Gaussians [83, 55].

Specifically, given an input image It, we extract dense per-
pixel embeddings zt(u) ∈ RD at pixel coordinate u using the
OV segmentation model [57]. We then lift these pixel-wise
embeddings into 3D using the depth estimated by our SLAM
module. For each lifted 3D point, we identify its associated
geometrically anchored Gaussian in the current Gaussian map
and attach the corresponding language-aligned feature to it.
The resulting per-Gaussian language features are stored in
the Gaussian map, and can be efficiently queried by arbitrary
text prompts during the subsequent Gaussian-to-occupancy
projection.

D. Gaussian-to-Occupancy Projection

To convert the continuous LE-Gaussian scene represen-
tation into a dense volumetric occupancy map, we follow
the Gaussian-to-occupancy projection paradigm of Gaussian-
Former2 [23]. Specifically, we first determine voxel occupancy
from the spatial geometry of 3D Gaussian primitives, i.e.,

their locations and extents in the scene, to estimate whether
each voxel is occupied. Different from GaussianFormer2 [23],
which targets closed-set semantics by aggregating per-class
probabilities from Gaussians, we instead construct a language-
embedded occupancy representation from our LE-Gaussians.
Building on the geometric occupancy, we propagate the per-
Gaussian language-aligned features into the voxel grid, yield-
ing a language-embedded occupancy (LE-occupancy) map that
supports open-vocabulary querying.

Concretely, the procedure is as follows. For a query 3D
location x, we retrieve its neighboring LE-Gaussian primitives
H(x) = {Gk}P (x)

k=1 , where P (x) = |H(x)|, and induces the
covariance Σk = R(rk) diag(s

2
k)R(rk)

⊤, then each neighbor
primitive contributes a spatial support

αk(x) = exp

(
−1

2
(x− µk)

⊤Σ−1
k (x− µk)

)
, Gk ∈ H(x),

(6)
and we compose them using probabilistic exclusion:

α(x) = 1−
∏

Gk∈H(x)

(
1− αk(x)

)
. (7)

To propagate semantics, we compute the posterior responsi-
bility under a local Gaussian mixture model,

p(Gk | x) = p(x | Gk)πk∑
Gj∈H(x) p(x | Gj)πj

, (8)

where p(x | Gk) = N (x;µk,Σk) and πk is the mixture
weight (we set πk = ok, i.e., opacity). We propagate the per-
primitive language features to the voxel location by posterior
expectation:

f(x) =
∑

Gk∈H(x)

p(Gk | x) fk, f̂(x) =
f(x)

∥f(x)∥2
. (9)

Given a queried category set C, we obtain the corresponding
text embeddings {tc}c∈C using a text encoder [53] and com-
pute the voxel–text similarity

t̂c =
tc

∥tc∥2
, s(x, c) = f̂(x)⊤t̂c. (10)

This yields an open-vocabulary semantic score at x. We out-
put α(x) and s(x, c) as the volumetric occupancy probability
and open-vocabulary semantic score, respectively. In practice,
semantics are reported only for occupied voxels.

V. EXPERIMENTS

In this section, we seek to answer the following research
questions:

• Q1: Compared with learning-based occupancy prediction
methods, can training-free approaches generalize effec-
tively to unseen datasets? (Sec. V-C)

• Q2: Does our Gaussian update strategy offer advantages
over well-known 3DGS-SLAM systems in occupancy
prediction? How does it impact the FreeOcc system?
(Sec. V-D)

• Q3: Can our system support online language-based
querying of 3D occupancy? (Sec. V-E)



TABLE II: Performance comparison on EmbodiedOcc-ScanNet. Label requirements are reported by task type: Geo. indicates required
geometric supervision, and Sem. indicates semantic supervision. We report IoU and per-class mIoU.

Method Annotation IoU ceiling floor wall window chair bed sofa table tvs furniture objects mIoU

Geo. Sem.

Fully supervised learning

TPVFormer [20] Occupancy ✓ 35.88 1.62 30.54 12.03 13.22 35.47 51.39 49.79 25.63 3.6 43.15 16.23 25.70
SurroundOcc [71] Occupancy ✓ 37.04 12.7 31.8 22.5 22 29.9 44.7 36.5 24.6 11.5 34.4 18.2 26.27
GaussianFormer [22] Occupancy ✓ 38.02 17 33.6 21.5 21.7 29.4 47.8 37.1 24.3 15.5 36.2 16.8 27.36
EmbodiedOcc [72] Occupancy ✓ 51.52 22.7 44.6 37.4 38 50.1 56.7 59.7 35.4 38.4 52 32.9 42.53
EmbodiedOcc++ [69] Occupancy ✓ 52.2 27.9 43.9 38.7 40.6 49 57.9 59.2 36.8 37.8 53.5 34.1 43.60
RoboOcc [79] Occupancy ✓ 53.3 21.94 44.57 39.54 38.48 51.28 57.04 63.09 36.7 43.05 54.42 34.38 44.05

Self-supervised learning

GaussianOcc [12] Poses ✗ 10.17 3.81 5.09 2.53 2.56 3.84 10.26 9.9 5.37 0.50 2.33 1.19 4.34
GaussTR [25] Poses ✗ 15.63 1.20 7.78 4.29 2.67 4.52 11.27 10.95 5.31 0.90 4.21 1.34 4.95

Training-free

Ours (mono) ✗ ✗ 31.29 3.16 23.49 16.14 13.11 19.66 21.64 23.43 13.76 4.01 8.04 5.98 13.86
Ours (rgbd) ✗ ✗ 34.40 6.56 26.46 21.69 15.15 21.02 22.09 23.61 15.87 7.48 8.28 6.00 15.84

A. ReplicaOcc Benchmark

Task Definition. We introduce ReplicaOcc, a compact, test-
only benchmark for evaluating open-vocabulary semantic oc-
cupancy prediction in indoor embodied environments. Similar
to EmbodiedOcc-ScanNet [72], incrementally fuse observa-
tions over time to maintain globally consistent occupancy pre-
diction. Unlike local frustum-based prediction methods [76],
this setting emphasizes long-horizon spatial consistency and
semantic completeness, which are essential for embodied
agents operating in real environments.
Motivation. Most existing occupancy prediction methods [72,
69, 79] are evaluated exclusively on EmbodiedOcc-ScanNet,
which also serves as their primary training source. In many
3D vision tasks (e.g., ACE [3] and LoFTR [61]), training
on a single dataset such as ScanNet [7] is often sufficient
to generalize to diverse indoor scenes. This motivates the
use of a small, test-only dataset to better assess cross-dataset
generalization for occupancy prediction.
Dataset Construction. We adopt the Replica [60] sequences
release from NICE-SLAM [84]. Following the protocols of
Occ-ScanNet [76] and EmbodiedOcc-ScanNet, each scene is
converted into a global occupancy grid with resolution lx×ly×
lz/(0.08m)3, where lx×ly×lz denotes the spatial extent of the
scene in the world coordinate system. Each voxel is annotated
with a binary occupancy label and a semantic category.

B. Experimental Setups

Datasets and Metrics. We evaluate occupancy prediction
performance on three datasets: EmbodiedOcc-ScanNet, Repli-
caOcc, and EmbodiedOcc-ScanNet-mini. Since each Occ-
ScanNet scene clips only 100 frames, it does not satisfy the
sequential requirements of SLAM. Therefore, for correspond-
ing scenes, we use monocular or RGB-D sequences from the
original ScanNet dataset as SLAM inputs. Evaluation metrics
include IoU and mIoU computed on the global scene occu-
pancy, following the EmbodiedOcc evaluation protocol [72].
As fully supervised methods are trained on only 11 semantic
categories, mIoU on ReplicaOcc is reported over the 8 cate-
gories shared with EmbodiedOcc-ScanNet.

Coordinate System Alignment. During evaluation, inspired
by EVO [14], SLAM-reconstructed maps are aligned with the
occupancy ground-truth coordinate system to resolve global
gauge freedom. For monocular or RGB-D SLAM, we estimate
a global Sim(3) = {s,R, t} or SE(3) = {R, t} by aligning
camera centers. Given matched SLAM and GT camera poses
{Tslam

i ,Tgt
i }, we extract camera centers cslam

i , cgt
i ∈ R3 and

solve mins,R,t

∑
i∥c

gt
i − (sRcslam

i + t)∥22 using the closed-
form Umeyama solution. The resulting transform is applied
consistently to the reconstructed 3D Gaussian map: Gaussian
means are updated as x′ = sRx + t, Gaussian scales
as σ′ = sσ (or logσ′ = logσ + log s), and Gaussian
orientations as R′

g = RRg . This alignment step ensures
IoU and mIoU computation without affecting the intrinsic
reconstruction quality.

C. Occupancy Prediction Evaluation

We evaluate FreeOcc on EmbodiedOcc-ScanNet to assess
geometric and semantic occupancy accuracy, and on the
proposed ReplicaOcc to examine zero-shot generalization to
unseen environments and label spaces.
Baselines. We group baselines by their supervision signals
and pose requirements. Results for fully supervised methods
are taken directly from the corresponding papers [72, 79]. To
enable a fair label-free comparison, we additionally implement
two self-supervised learning methods with access to ground-
truth camera poses: GaussianOcc [12] and GaussTR [25]. We
focus on Gaussian-based baselines since Gaussian primitives
provide a continuous 3D representation and can be naturally
fused across frames. Both methods are originally designed for
monocular inputs. We adapt them to embodied sequences by
fusing per-frame Gaussian predictions into a global coordi-
nate frame using ground-truth poses, followed by a standard
Gaussian-to-occupancy conversion [23] to obtain voxelized
occupancy maps.
Evaluation on EmbodiedOcc-ScanNet. Quantitative results
are reported in Tab. II. As FreeOcc is the first training-
free occupancy prediction framework, direct comparisons are
limited. Existing self-supervised methods require ground-



TABLE III: Zero-shot generalization results on the ReplicaOcc benchmark. The evaluation protocol and categorization follow those in Tab. II.

Method Annotation IoU ceiling floor wall window chair bed sofa table mIoU

Geo. Sem.

Fully supervised learning

EmbodiedOcc [72] Occupancy ✓ 22.91 0.00 0.00 0.00 0.01 0.00 0.00 0.01 0.01 0.00

Self-supervised learning

GaussianOcc [12] Poses ✗ 8.71 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GaussTR [25] Poses ✗ 15.01 0.00 0.00 0.10 0.00 0.00 0.00 0.00 0.00 0.01

Training-free

Ours (mono) ✗ ✗ 46.81 19.38 8.88 38.23 0.21 15.11 12.14 25.07 16.46 16.93
Ours (rgbd) ✗ ✗ 55.65 17.80 8.60 44.33 0.02 20.76 16.31 34.90 24.48 20.90

truth camera poses during both training and inference and
achieve IoU/mIoU scores of 10.17/4.34 and 15.63/4.95, re-
spectively. In contrast, FreeOcc achieves 31.29/13.86 and
34.40/15.84 IoU/mIoU using monocular and RGB-D inputs,
respectively, without any task-specific training. These results
exceed self-supervised baselines by more than 2× across all
metrics, demonstrating strong performance without annotation
or learned occupancy priors.

Fully supervised methods benefit from dense 3D semantic
occupancy annotations, which provide two inherent advantages
during evaluation. First, EmbodiedOcc-ScanNet consolidates
many object categories into coarse labels such as “objects”
and “furniture” [8], introducing ambiguity for open-vocabulary
models not explicitly trained on this taxonomy. Second, as
shown in Fig. 1, ground-truth labels may deviate from visual
evidence, leading to lower IoU/mIoU scores even when pre-
dictions better align with real-world observations.
Zero-shot Generalization on ReplicaOcc. To evaluate zero-
shot generalization, we directly transfer models trained on
EmbodiedOcc-ScanNet to ReplicaOcc without fine-tuning or
test-time adaptation. For all methods, per-frame Gaussian
primitives are fused into a unified 3D coordinate frame and
converted into occupancy volumes using the camera parame-
ters and scene specifications provided by ReplicaOcc.

Quantitative results are reported in Tab. III. FreeOcc ex-
hibits strong zero-shot performance, achieving 46.81/16.93
IoU/mIoU with monocular input and further improving to
55.65/20.90 when RGB-D input is available, substantially
outperforming all baselines. In contrast, learning-based oc-
cupancy predictors fail to generalize in this transfer setting:
their predictions collapse, leading to near-zero per-class scores
and mIoU. This degradation can be attributed to two major
domain gaps. (i) Appearance shift: the scene geometry and
visual characteristics of ScanNet differ significantly from those
of Replica. (ii) Camera and scale shift: although ground-truth
poses are used at evaluation time, models trained on ScanNet
tend to overfit dataset-specific camera intrinsics and metric
scale, which do not transfer reliably across datasets. These
results underscore the limited cross-domain generalization of
both fully supervised and self-supervised learning-based oc-
cupancy predictors, which are prone to overfitting the training
distribution and label space. By contrast, our training-free
pipeline maintains robust geometric and semantic reasoning
across environments without requiring retraining or adaptation.

TABLE IV: Geometric IoU comparison of 3DGS-based SLAM back-
bones for occupancy prediction on ReplicaOcc and EmbodiedOcc-
ScanNet-mini.

Method IoU

Replica ScanNet-mini Average

Monocular
Photo-SLAM [19] 25.03 15.29 20.16
MonoGS [43] 29.50 14.83 22.17
DROID-Splat [16] 26.27 18.41 22.34
Ours (mono) 46.81 31.87 39.34

RGB-D
SplaTAM [27] 31.11 17.91 24.51
GS-ICP [15] 28.95 21.22 25.09
Photo-SLAM [19] 36.97 16.29 26.63
RTG-SLAM [49] 35.84 18.46 27.15
MonoGS [43] 38.97 19.58 29.28
DROID-Splat [16] 34.48 24.26 29.37
Ours (rgbd) 55.65 34.82 45.24

TABLE V: We report average results of IoU/mIoU and FPS on Repli-
caOcc and EmbodiedOcc-ScanNet. GAGU: Geometrically Anchored
Gaussian Updates. G-ini: Geometry-aware initialization.

Method IoU mIoU FPS

Monocular
w/o GAGU, G-ini 19.88 10.53 10.7
w/o G-ini 31.20 12.06 26.8
Ours 39.05 15.40 25.3

RGB-D
w/o GAGU, G-ini 27.98 11.20 8.8
w/o G-ini 40.18 16.03 25.0
Ours 45.03 18.37 24.6

Qualitative comparisons are provided in Fig. 3. The above
results fully validate that our approach endows occupancy
prediction with generalization capabilities, which learning-
based methods cannot achieve.

D. Ablation Study

We evaluate the effectiveness of our geometry-consistent
Gaussian update strategy and the contributions of its key
components (GAGU: geometrically anchored Gaussian up-
dates, G-ini: geometry-aware initialization) on ReplicaOcc and
EmbodiedOcc-ScanNet using monocular and RGB-D inputs.
1) Comparison with 3DGS-SLAM backbones. To assess
geometry consistency, we compare FreeOcc against state-of-
the-art 3DGS-SLAM systems [19, 43, 16, 27, 15, 49]. For
all methods, generated 3D Gaussian maps are aligned using
identical procedures (Sec. V-B) and converted into occupancy
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Fig. 3: Qualitative occupancy prediction results. (A) Compar-
isons with learning-based occupancy predictors on “scene0470” and
“room2”. (B) Results of the two 3DGS-SLAM methods with the
highest geometric accuracy on “scene0006” and “office0”.

volumes (Sec. IV-D) to ensure fair evaluation. As reported
in Tab. IV, FreeOcc achieves the highest geometric IoU in
both RGB and RGB-D settings, with average improvements
of 76.1% and 54.0% over the next-best method (DROID-
Splat). The results demonstrate that our geometry-consistent
Gaussian update strategy significantly enhances the fidelity of
3D Gaussian construction
2) Component-wise ablation. We further isolate the im-
pact of GAGU and G-ini (Tab. V). Removing GAGU (w/o
GAGU, G-ini) significantly reduces IoU/mIoU to 19.88/10.53
(monocular) and 27.98/11.20 (RGB-D) while decreasing FPS.
Introducing GAGU alone boosts IoU/mIoU to 31.20/12.06
(monocular) and 40.18/16.03 (RGB-D), improving efficiency
by 1.5× and 2.8×. Adding G-ini further increases IoU/mIoU
to 39.05/15.40 (monocular) and 45.03/18.37 (RGB-D) with
negligible runtime loss. These results confirm that GAGU
enforces long-term geometric consistency and accelerates up-
dates, while G-ini enhances initialization for more accurate
occupancy reconstruction. Together, they enable robust, real-
time, and geometry-consistent 3D Gaussian mapping.

E. Qualitative Results

We present qualitative visualizations corresponding to the
quantitative evaluations in Sec. V-C and Sec. V-D. Repre-
sentative results are shown in Fig. 3. Fig. 3(A) compares
FreeOcc with learning-based occupancy prediction methods on
EmbodiedOcc-ScanNet and ReplicaOcc scenes. While super-
vised and self-supervised methods produce incomplete or near-
empty occupancy maps on ReplicaOcc, FreeOcc consistently
reconstructs coherent geometric structures with meaningful
semantic occupancy across datasets. These results visually
corroborate the strong zero-shot generalization performance

“Basket” “Clock” “Indoor-planet” “Picture”

Fig. 4: Open-vocabulary query results on ReplicaOcc, demonstrating
semantic occupancy retrieval for different input vocabulary words.

observed in our quantitative analysis. Fig. 3(B) compares
FreeOcc against the two 3DGS-SLAM methods with the
highest geometric accuracy. Despite using similar SLAM
backbones, our geometry-consistent Gaussian update strategy
yields more complete and spatially consistent occupancy maps,
particularly around object boundaries and thin structures, high-
lighting the benefits of tightly coupling Gaussian refinement
with SLAM geometry.

We further visualize open-vocabulary querying results on
ReplicaOcc in Fig. 4. We evaluate challenging queries in-
volving small objects (e.g., “basket” and “clock”), low-light
environments (e.g., “indoor planet”), and semantically ambigu-
ous categories (e.g., “picture”). FreeOcc successfully localizes
and retrieves these targets directly from the occupancy map,
demonstrating robust open-vocabulary semantic grounding in
online occupancy prediction.

VI. CONCLUSION

This work addresses the challenge of open-vocabulary oc-
cupancy prediction, where existing methods rely heavily on
dense geometric and semantic annotations and often generalize
poorly to novel environments. We introduced FreeOcc, the
first training-free framework for open-vocabulary occupancy
prediction in embodied indoor settings. By designing a multi-
layer mapping pipeline that tightly integrates SLAM geometry,
3D Gaussian representations, and vision–language semantics,
FreeOcc constructs globally consistent occupancy maps with-
out task-specific training or voxel-level supervision. Extensive
experiments demonstrate that FreeOcc achieves competitive
geometric and semantic accuracy while significantly improv-
ing generalization compared to learning-based approaches.
Despite its strong performance, FreeOcc still depends on
the robustness of the SLAM backbone, and its semantic
association may be affected by temporally inconsistent VLM
predictions. Future work will explore occupancy-derived ge-
ometric and semantic cues for SLAM optimization, as well
as confidence-aware temporal filtering, to further improve
long-term consistency and robust open-vocabulary 3D scene
understanding. We believe this work represents an important
step toward scalable, annotation-free occupancy prediction,
enabling robots to reason about arbitrary 3D environments and
semantics in real-world deployments.
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don Gidaris, Andrei Bursuc, Patrick Pérez, and Josef
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