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A.1 Dataset

For the local occupancy prediction task, we adopt the Occ-ScanNet dataset [47], which provides
per-frame voxelized annotations in a 60× 60× 36 grid, corresponding to a 4.8m× 4.8m× 2.88m
volume in front of the camera. Each voxel is labeled with one of 12 semantic categories, including 11
foreground classes (e.g., ceiling, floor, wall, etc.) and one for empty space. These dense 3D semantic
labels enable supervised training and evaluation of our local occupancy prediction module using
monocular RGB inputs.The dataset contains 45,755 training and 19,764 validation frames in total.

To evaluate embodied 3D scene understanding, we utilize the EmbodiedOcc-ScanNet dataset [43],
which reorganizes scenes from Occ-ScanNet to support continuous exploration. It comprises 537
training and 137 validation scenes, each containing 30 camera-pose-aligned RGB frames and their
associated voxel-level occupancy annotations in the world coordinate system. This setting allows for
temporally consistent updates to a global 3D occupancy map, making it well-suited for assessing
progressive prediction under agent-based exploration.

For efficient experimentation and ablation, we also adopt two curated subsets derived from the above
datasets: Occ-ScanNet-mini and EmbodiedOcc-ScanNet-mini [43]. Occ-ScanNet-mini includes
5,504 training and 2,376 validation frames sampled from the full Occ-ScanNet, preserving the same
voxel grid structure. EmbodiedOcc-ScanNet-mini consists of 64 training and 16 validation scenes,
each with 30 sequential frames and associated poses. This smaller-scale benchmark supports fast
evaluation of embodied occupancy models while retaining the core characteristics of global memory
construction and online update.

In addition to the above datasets, we further evaluate our method on the SSCBench-KITTI-360 [24]
benchmark to assess its generalization under diverse real-world outdoor scenes. SSCBench-KITTI-
360 extends the KITTI-360 dataset [26] by providing dense 3D semantic occupancy annotations
for autonomous driving scenarios, covering complex suburban environments with high-resolution
panoramic imagery and LiDAR data. The benchmark defines a voxelized 3D grid of 256× 256× 32
spanning a 51.2× 51.2× 6.4m3 volume in front of the ego vehicle. Each voxel is annotated with one
of 19 semantic classes, supporting detailed evaluation of semantic scene completion from monocular
inputs. This additional experiment demonstrates the broader applicability of our method beyond
indoor domains and across diverse driving scenes.

A.2 On the Connection to Autoregressive Modeling

Visual Autoregressive (VAR) Modeling in 2D. Autoregressive modeling is a classical principle
where each prediction is explicitly conditioned on previous predictions. In the visual domain,
recent Visual Autoregressive (VAR) models [38] have adopted this paradigm by modeling coarse-
to-fine dependencies in image synthesis, where finer-resolution content is conditioned on coarser-
scale predictions. This structured dependency contrasts with feed-forward prediction approaches
that attempt to produce the entire output in a single step without explicitly modeling sequential
relationships.

Autoregression in 3D. In 3D occupancy prediction, similar challenges arise when modeling fine-
scale geometry from sparse or noisy visual cues. Direct voxel-based refinement often suffers from
high computational cost and memory usage, while single-scale Gaussian-based models [43, 12] lack
a principled mechanism to propagate information across different spatial resolutions. We posit that an
autoregressive framework is particularly suited for 3D vision tasks, since fine-scale occupancy details
(e.g., thin structures, furniture edges) should be predicted conditional on coarser-level structural priors
(e.g., walls, floor layout). This mirrors the 2D VAR paradigm but reformulates it for continuous
Gaussian parameter spaces rather than discrete pixel grids.

Autoregression in Gaussian Parameter Space. Formally, let G(s) = {g(s)
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hierarchical autoregressive manner as
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where Ĝ(s) denotes the initial prediction from the scale-specific encoder. Each finer-scale Gaussian
set G(s) is thus conditioned on all coarser-scale representations G(1:s−1) and its own initialization
Ĝ(s), enabling structured, hierarchical propagation of geometric and semantic information across
scales.

This formulation directly aligns with the broader definition of autoregression[14]: each finer-scale
prediction is explicitly dependent on previously generated coarser-scale values. While classical VAR
models operate in discrete image token or patch space, our framework adopts the same principle
in the continuous 3D Gaussian parameter domain, thereby bridging autoregressive modeling with
efficient 3D scene representation.

A.3 More Details about the Gaussian Encoder

Our Gaussian encoder follows prior work [12, 43] for the basic initialization of 3D Gaussians, while
we introduce novel refinement modules as described in the main paper. For completeness, we
summarize the baseline design here.

Gaussian Initialization. Following [12, 43], each Gaussian is parameterized as

g = {µ, λ, q, o, l},

where µ ∈ R3 is the mean position, λ ∈ R3 are scale factors, q ∈ R4 is the quaternion rotation,
o ∈ R is the opacity, and l ∈ RC are semantic logits. The initialization uses a depth-aware MLP to
estimate per-pixel depth and combine it with image features to produce a structured set of Gaussians
inside the camera frustum.

Self-Encoding Module. As in [12, 43], Gaussians are projected into a sparse 3D grid, and a
3D sparse convolution module enables interactions among Gaussians. This operation converts the
continuous Gaussian set into a format compatible with voxel-style feature processing, producing a
sparse 3D grid of Gaussian-centered features.

Cross-Attention with Image Features. [12, 43] Each Gaussian samples a set of reference points
around its mean (offset by covariance), which are then projected back into the image plane using
known intrinsics and extrinsics. The corresponding image features at these positions are aggregated
using deformable attention, providing visual cues to update Gaussian descriptors.

A.4 Implementation details

We follow the dataset configurations established in prior work [47, 43, 12]. All experiments utilize
a pretrained EfficientNet [20] as the image encoder. A single monocular RGB image, resized to
480×640, is processed to extract a multi-scale feature pyramid with spatial resolutions downsampled
by 50% and 30%. Each scene is represented using Gaussians with an anchor size of 16,200 and a
maximum scale of 0.08 m. To ensure domain consistency, the encoder is initialized with weights
pretrained on the corresponding dataset. We use the AdamW optimizer with a linear warmup for the
first 500 iterations, followed by a cosine learning rate schedule, and a peak learning rate of 1× 10−3.
All models are trained for 20 epochs on 6 NVIDIA A100 GPUs. Following [43], we perform global
occupancy prediction by fine-tuning from models pretrained on local prediction tasks. Specifically,
local Gaussian representations are predicted at 0.16 m intervals and aggregated to produce a global
view of the scene. Since the encoder operates on a feature pyramid with reduced spatial resolution,
the Gaussian anchors and intermediate predictions are proportionally shrunk. The original occupancy
label has a resolution of 60 × 60 × 36, and we produce predictions at multiple resolutions (e.g.,
100%, 50%, 30%) corresponding to the Gaussian refinement hierarchy. The supervision labels are
downsampled from the original ground truth to match each prediction scale accordingly.



For the outdoor KITTI-360 experiments, we follow the training setup of [9] to ensure fair comparison
with existing baselines. Specifically, input images are resized to 376× 1408, and standard augmenta-
tions including random horizontal flipping and photometric distortion are applied during training.
We adopt a ResNet50 backbone pretrained on ImageNet as the image encoder, consistent with prior
work. Models are trained for 30 epochs, while keeping all other configurations identical to our indoor
setup—such as the use of AdamW optimizer, cosine learning rate schedule with 500-step linear
warmup, and a peak learning rate of 1× 10−3.

A.5 Baseline Methods

We compare our method against both traditional voxel-based approaches and recent Gaussian-
based representations for monocular 3D occupancy prediction. Among voxel-based methods,
MonoScene [3] introduces a FLoSP module to lift 2D features into 3D voxels, and the recent ISO [47]
method leverages a pretrained depth network and a dual-projection strategy to learn depth-aware
voxel features across scales. To capture finer-grained geometry, we further include Gaussian-based
baselines: EmbodiedOcc [43] models scenes using a persistent 3D Gaussian memory updated with
deformable attention, enabling consistent occupancy prediction under embodied exploration; and
SplicingOcc, which fuses local Gaussian predictions across frames to estimate global scene occu-
pancy. These baselines represent state-of-the-art paradigms in both voxel-centric and object-centric
3D reasoning.

To evaluate the generalization ability of our method in outdoor scenarios, we compare against a range
of representative baselines including traditional voxel-based methods such as LMSCNet [35] and
SSCNet [36], as well as recent camera-based 3D semantic occupancy approaches like VoxFormer [25],
TPVFormer [11], and OccFormer [50]. We further include Gaussian-based methods such as Gaussian-
Former [12] and GaussianFormerV2 [9], which leverage sparse deformable primitives for efficient
3D scene representation. Our method consistently achieves superior performance across key semantic
classes, demonstrating strong generalization and robust spatial reasoning in complex environments
with diverse layouts and occlusions.

A.6 Additional Experiment

Table 8: Monocular 3D semantic occupancy prediction results on SSCBench-KITTI-360. We
compare IoU, mIoU, and per-class IoU across 21 semantic categories. C denotes models that use
only camera (RGB) input, while L denotes models that use LiDAR-based depth input.
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LMSCNet [35] L 47.53 13.65 20.91 0 0 0.26 0 0 62.95 13.51 33.51 0.2 43.67 0.33 40.01 26.80 0 0 3.63 0
SSCNet [36] L 53.58 16.95 31.95 0 0.17 10.29 0.58 0.07 65.7 17.33 41.24 3.22 44.41 6.77 43.72 28.87 0.78 0.75 8.60 0.67

MonoScene [3] C 37.87 12.31 19.34 0.43 0.58 8.02 2.03 0.86 48.35 11.38 28.13 3.22 32.89 3.53 26.15 16.75 6.92 5.67 4.20 3.09
Voxformer [25] C 38.76 11.91 17.84 1.16 0.89 4.56 2.06 1.63 47.01 9.67 27.21 2.89 31.18 4.97 28.99 14.69 6.51 6.92 3.79 2.43
TPVFormer [11] C 40.22 13.64 21.56 1.09 1.37 8.06 2.57 2.38 52.99 11.99 31.07 3.78 34.83 4.80 30.08 17.51 7.46 5.86 5.48 2.70
OccFormer [50] C 40.27 13.81 22.58 0.66 0.26 9.89 3.82 2.77 54.30 13.44 31.53 3.55 36.42 4.80 31.00 19.51 7.77 8.51 6.95 4.60
GaussianFormer [12] C 35.38 12.92 18.93 1.02 4.62 18.07 7.59 3.35 45.47 10.89 25.03 5.32 28.44 5.68 29.54 8.62 2.99 2.32 9.51 5.14
GaussianFormerV2 [9] C 38.37 13.90 21.08 2.55 4.21 12.41 5.73 1.59 54.12 11.04 32.31 3.34 32.01 4.98 28.94 17.33 3.57 5.48 5.88 3.54

Ours C 39.89 14.58 22.21 1.85 4.88 14.78 5.97 2.03 54.23 15.78 31.89 4.52 32.28 6.12 29.02 18.63 4.02 4.25 6.03 4.03

To assess the generalization of our framework to outdoor environments, we evaluate DFGauss on the
SSCBench-KITTI-360 dataset, as shown in Table 8.The depth prediction module is pretrained on
SSCBench-KITTI-360 following the same setup as prior work [43]. We compare our method against
both traditional grid-based approaches and recent Gaussian-based baselines. DFGauss achieves
superior overall performance among Gaussian-based methods, demonstrating its ability to preserve
the computational efficiency of sparse Gaussian representations while improving predictive accuracy.
Notably, our model exhibits enhanced performance on several fine-grained classes (e.g., motorcycle,
fence, and parking), suggesting that multi-scale refinement strengthens the discriminative capacity of
Gaussian primitives for small or complex objects.

We further report model statistics of our multi-scale autoregressive Gaussian framework. As shown
in Table 9, the latency increases only slightly with additional refinement levels, demonstrating the
computational efficiency and scalability of our hierarchical design.



Table 9: Model statistics across hierarchical depths.

Depth Latency (ms) Downsampling Ratio (%)

1 133.604 100%
2 133.732 [50%, 100%]
3 133.889 [30%, 50%, 100%]
4 134.101 [10%, 30%, 50%, 100%]
5 134.235 [10%, 30%, 50%, 80%, 100%]

A.7 Additional Qualitative Evaluation
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Figure 5: Qualitative results on Occ-ScanNet: (a) Input, (b) GT, (c) EmbodiedOcc, (d) DFGauss.

Additional qualitative results in Figure 5 show that our method produces more fine-grained and
complete occupancy predictions compared to the baseline, demonstrating the effectiveness of the
proposed multi-scale autoregressive refinement module in DFGauss.
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