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Abstract. Vision-based 3D occupancy prediction fundamentally relies
on the 2D-to-3D view transformation. Current paradigms predominantly
utilize explicit physical projection, which artificially restricts the routing
matrix to strict, sparse camera rays. While computationally efficient, this
imposes a severe Locality Bottleneck, preventing the network from con-
structing holistic contextual understanding and degrading sharply when
camera extrinsics are unreliable or absent. To break this bottleneck, we
abstract view transformation as unconstrained bipartite routing and pro-
pose Factorized Dense Routing (FDR). By approximating dense
2D-t0-3D mixing through hierarchical tensor contractions, FDR guar-
antees a fully-global receptive field with tractable, sub-quadratic com-
plexity. Crucially, the mandatory spatial contraction in dense routing
exposes a fundamental Resolution-Contert Trade-off. To address this,
we introduce a Resolution-Context Decoupled Architecture. We
factorize the 3D space into a global macroscopic topological anchor (via
FDR) and precise local geometric planes (via explicit projection). This
decoupling enables global semantic inference and exact surface localiza-
tion to complement each other without mutual compromise. Extensive
experiments demonstrate that our framework achieves state-of-the-art
performance on the Occ3D-nuScenes and Occ3D-Waymo benchmarks.
More notably, in an uncalibrated setting where physical extrinsics are
withheld, our global routing internalizes the implicit multi-camera rig
topology and exhibits substantially stronger structural robustness than
physical-projection baselines under the same protocol.
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Vision-based 3D occupancy prediction has emerged as a fundamental task for
autonomous driving and robotic navigation [8}|10}/11}26L27,/29,133.|34]. The core
challenge lies in the 2D-to-3D view transformation (VT), which governs how
perspective image features are lifted into a 3D volumetric space. Historically,
the field has been dominated by methods relying on explicit physical ray pri-
ors. These can be broadly categorized into active forward-projection paradigms,
represented by Lift-Splat-Shoot (LSS) family |44/6}(13}/22] and reactive backward-
querying mechanisms, leveraging 3D-to-2D cross-attention [15}/17].

Despite their widespread adoption, physical-prior-based methods are bottle-
necked by a fundamental architectural flaw: the strict ray-wise localization
of receptive fields. In these frameworks, the 2D-to-3D routing matrix is arti-
ficially constrained to an extreme sparsity pattern tightly aligned with physical
lines-of-sight [17]. This rigid constraint causes Restricted Reachability during
VT: a 2D pixel can only broadcast its features strictly along its physical ray
(as shown in Figure , leaving massive 3D volumetric regions completely un-
reachable to direct image evidence. Consequently, the network fails to construct
global topological understanding, splatting continuous structures (e.g., holistic
road layouts or heavily occluded cross-camera vehicles) as isolated fragments.
Furthermore, it relies on an overly rigid assumption: the availability of perfectly
precise camera parameters. When physical calibrations are noisy, perturbed, or
entirely absent, this localized projection mathematically collapses.

To break this locality bottleneck, we argue that the VT operator must struc-
turally evolve from a locally constrained physical ray toward fully global reach-
ability. Mathematically, as we formally prove in Section [3.2] the function family
defined by local physical routing is merely a strictly constrained subset of the
unconstrained global routing family. Thus, a global routing operator possesses a
strictly higher representational upper bound. However, solving the global rout-
ing involves explicitly computing a dense bipartite mixing matrix across massive
spatial dimensions, which incurs an intractable quadratic complexity. By anal-
ogy with the architectural evolution from fully-connected networks to factorized
convolutional fields, we propose Factorized Dense Routing (FDR). FDR
introduces a scalable structural inductive bias, approximating the dense lifting
operator with a hierarchy of localized tensor operations. By progressively con-
tracting the 2D spatial dimensions and expanding into the 3D volume, FDR
guarantees a fully-global receptive field while reducing the computational bur-
den by nearly two orders of magnitude.

While FDR theoretically breaks the bottleneck of localized routing, realizing
this linear efficiency practically necessitates progressive spatial aggregation. This
mathematical property exposes a fundamental Resolution-Context Trade-
off in view transformation: expanding the global receptive field inherently en-
tails aggregating fine-grained spatial details. Consequently, FDR excels at ab-
stracting macroscopic global topology but prioritizes holistic scene layouts over
microscopic geometric precision. To exploit unconstrained global context with-
out sacrificing pixel-exact spatial precision, we propose a Resolution-Context
Decoupled Architecture. We intentionally factorize the 3D representation



FDR-Occ 3

space into two orthogonal pathways. We configure FDR as the Global Context
Pathway. Concurrently, we position the classical LSS as the Local Resolution
Pathway; by circumventing spatial contraction entirely, it acts as an optimal
extractor to carve precise local geometries. These two orthogonal capacities are
unified on the shared Bird’s-Eye-View (BEV) plane, resolving the trade-off be-
tween unconstrained global semantic inference and precise geometric boundary
preservation.

We extensively evaluate our method on the Waymo Open [25] and the nuScenes
datasets [1], establishing new state-of-the-art results for 3D occupancy predic-
tion under the ResNet-50 backbone with minimal temporal frames. Crucially, we
design a rigorous uncalibrated setting where explicit camera parameters are
entirely withheld. In such scenarios where classical methods degrade sharply, our
method learns to internalize the implicit rig topology, demonstrating robustness
to unconstrained real-world conditions.

Our main contributions are summarized as follows:

— We formally identify the Restricted Reachability bottleneck inherent in ex-
plicit physical projection and characterize its structural limitation in con-
structing unconstrained global context.

— We propose Factorized Dense Routing, a novel global routing operator. By
approximating dense 2D-to-3D mixing through hierarchical spatial tensor
contractions, FDR achieves a fully-global receptive field with tractable com-
plexity.

— To resolve the fundamental Resolution-Context Trade-off, we design a de-
coupled volumetric architecture. By combining a globally-connected Holistic
Context Anchor (via FDR) with high-resolution geometric planes (via LSS),
our framework captures both unconstrained macroscopic scene layouts and
precise local geometric boundaries.

— Our method achieves state-of-the-art performance on the Waymo Open and
the nuScenes datasets. Experimental results under a strictly uncalibrated
configuration demonstrate that it can robustly infer implicit multi-camera
topology even in the complete absence of explicit camera parameters.

2 Related work

2.1 Semantic Occupancy Prediction

The task of semantic occupancy prediction is fundamentally linked to Seman-
tic Scene Completion (SSC), which focuses on generating dense 3D volumet-
ric semantics from monocular or incomplete observations. Within the SSC do-
main [18,23//24}[32], MonoScene [2] pioneered monocular 3D semantic completion
from single RGB images. Subsequent architectures like VoxFormer [12] and Oc-
cFormer [38| then introduced mechanisms to densify sparse voxel queries and
address class imbalance through dual-path transformer structures.

In modern autonomous driving research, vision-based 3D occupancy predic-
tion has shifted toward multi-camera joint perception to predict spatial and
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Fig. 1: Evolution of View Transformation (VT) routing. Left: Explicit physical
projection enforces a rigid ray-wise sparsity, causing structural fragmentation.
Middle: Ideal dense routing enables 100% reachability but suffers from an intractable
quadratic complexity. Right: Our Factorized Dense Routing (FDR) structurally
factorizes the dense mapping into hierarchical tensor contractions (the blue module).
It achieves fully-global reachability with tractable complexity, while effectively inter-
nalizing holistic 3D topology that is unreachable via localized physical rays.
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semantic features of 3D voxel grids surrounding a vehicle. Methodologies can be
broadly divided into two paradigms. Backward-querying methods, exemplified
by TPVFormer , aggregate features into a tri-perspective space via attention.
Geometry-explicit methods such as BEVDet , FBOcc , COTR , and
ALOcc [4] instead rely on the Lift-Splat-Shoot (LSS) framework for geometric
transformation. To benchmark these models, datasets like Occ3D provide
dense, voxel-based annotations derived from temporal and instance-level data.
Additionally, recent work has explored 2D rendering-based supervision to
bypass 3D labeling needs and occupancy flow prediction to account for per-voxel
dynamics in moving foreground objects.

Despite these technical strides, traditional geometric-prior-based pipelines
often encounter "semantic ambiguity" due to their reliance on modular compo-
nents and fixed physical constraints. These frameworks typically employ fixed,
pre-calibrated camera parameters and static mapping. Theoretical analysis in-
dicates that inherent mapping errors in these fixed structures lead to gradient
deviations that prevent the model from reaching an optimal solution. This rigid
constraint results in a disruption of information flow where 2D features are er-
roneously projected to incorrect 3D locations. Consequently, existing methods
struggle with error propagation and exhibit a significant lack of robustness when
camera parameters are affected by real-world perturbations like motion jitter.

2.2 2D-to-3D View Transformation

The transformation of 2D image features into a unified 3D volumetric space is a
cornerstone of vision-based 3D occupancy prediction. Current research primarily
follows two distinct paradigms: bottom-up and top-down transformations.
Bottom-up methods rely on explicit depth estimation to project multi-view
features into the 3D or BEV space. This paradigm, pioneered by LSS and
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adopted by the BEVDet [7,/13,|14] series, utilizes camera parameters to "lift"
features based on estimated depth distributions. However, as noted in recent
studies, the reliance on depth estimation causes inherent geometric uncertainty.
Furthermore, the resulting BEV features are typically sparse, posing significant
challenges for tasks that require dense spatial representations.

Top-down transformer-based methods employ learnable queries to aggregate
2D spatio-temporal features into a unified 3D space. Notable frameworks such
as BEVFormer [15], VoxFormer [12], and PanoOcc [28| generate dense represen-
tations but often lack explicit geometric constraints, making them vulnerable to
occlusions and depth inconsistencies. To bridge these paradigms, methods like
FB-OCC |16] and COTR [19] use LSS-generated features to initialize transformer
queries, among other strategies. Additionally, FlashOcc [36] explores memory-
efficient occupancy prediction via a channel-to-height mechanism.

Despite these advancements, existing geometric-prior-based methods encounter
specific bottlenecks in complex environments. ProtoOcc [9] identifies a Resolution-
Context Trade-off: standard cross-attention degrades spatial distinctiveness when
operating on low-resolution queries. It proposes a prototype-aware view trans-
formation to provide high-level 2D contextual guidance. Concurrently, LIAR [31]
highlights that most methods overlook environmental factors. Challenging night-
time conditions such as underexposure and overexposure severely degrade visual
features, motivating illumination-affined representations for robust perception.

These existing frameworks, however, remain largely constrained by a ray-wise
localization of receptive fields. While they attempt to enrich context within fixed
projection patterns, they do not fundamentally address the Restricted Reach-
ability inherent in explicit physical routing, where massive volumetric regions
remain unreachable to direct image evidence.

3 Methodology

3.1 Problem Formulation

The core objective of vision-based 3D occupancy prediction is to transform multi-
view perspective images into a dense, semantically annotated 3D volumetric grid.
Given a set of surround-view images, a 2D backbone first extracts dense image-
plane features Fop € RNXEXHXW “where N is the number of camera views,
C is the feature dimension, and H, W are the spatial resolutions. The crux of
the pipeline is the View Transformation module, an operator 7 that lifts the
perspective features into a 3D ego-car coordinate space to form a volumetric
tensor Vsp = T (Fap;O) € REXXXYXZ Tere, O denotes the provided camera
calibration parameters (intrinsics and extrinsics), and X, Y, Z represent the spa-
tial dimensions of the 3D grid. Following the VT module, the 3D encoder and
the decoder processes Vsp to output the final voxel-wise semantic probabilities
O € RBXXXYXZ "where B is the number of semantic categories. The represen-
tational capacity of the view transformation operator 7T is therefore the primary
bottleneck for the entire system.
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Fig.2: Overview of our Resolution-Context Decoupled Architecture. (a)
Overall Framework. (b) Decoupled 2D-to-3D Projection: To solve the spatial-
contextual trade-off, the view transformation is factorized into two orthogonal path-
ways. Explicit LSS preserves high-frequency local geometry via orthogonal planes (TPV
Map), while FDR captures unconstrained global topology via a Z-compressed BEV an-
chor. (c) Factorized Dense Routing: FDR approximates intractable dense global
routing via hierarchical tensor contractions.

3.2 View Transformation as Spatial Routing: The Locality
Bottleneck

To systematically analyze the representational capacity of existing VT opera-
tors, we abstract the 2D-to-3D lifting process into a generalized spatial routing
framework . This perspective allows us to mathematically expose the inherent
locality bottlenecks of physical projection.

Let Sg = HW and Vpr = XY Z denote the total spatial elements in the 2D
multi-view images and the 3D ego-space, respectively. The view transformation
can be universally formulated as a bipartite routing:

VGC(VgD) = WVQC(J:QD) (1)

where W € RY7 %5 represents the routing matrix governing the information flow
from perspective pixels to 3D voxels, and vec(-) defines the flattened feature.

Explicit Physical Projection. Practically computing a dense unconstrained
W incurs a prohibitive quadratic complexity of O(SyVr). To make the 2D-to-
3D lifting computationally tractable, classical physical-prior-based methods
artificially enforce extreme sparsity on the routing matrix. Specifically, LSS pre-
dicts a categorical depth distribution over D discrete bins along the camera ray
of each pixel, and splats the probability-weighted features strictly into those
localized bins.

We can formally characterize this computational compromise as a ray-local
support constraint. Let W{:,s] € RYZ denote the s-th column of the routing
matrix, representing the projection weights from a single 2D pixel s. Mathemat-
ically, the support set of this vector, denoted as supp(W/:, s]), is defined as the
set of 3D voxel indices where the routing weight is strictly non-zero (i.e., the
specific voxels that successfully receive direct evidence from pixel s).
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Given the calibration O, let Ro(s) C {1,...,Vr} denote the small subset
of 3D voxels that physically intersect with the geometric ray of token s. The
classical LSS explicitly limits the non-zero elements of W to this ray, defining a
highly constrained feasible set:

Sray(0) = {W - supp(W1:, s]) C Re(s), vs} 2)

The Defect: Restricted Reachability. By restricting the 2D-to-3D rout-
ing matrix to a highly sparse pattern strictly aligned with the ray support set,
explicit lifting secures computational efficiency but suffers from severe locality
limitations. This rigid structural constraint leaves a massive number of 3D voxels
completely unreachable or only weakly reachable to direct image evidence during
the VT stage. Consequently, when observing continuous macroscopic topologies
(e.g., cross-camera vehicles or occlusion boundaries), the network independently
splats them as isolated structural fragments.

Because the necessary cross-ray geometric constraints are mathematically
blocked by Re(s), LSS-based architectures are forced to rely on post-hoc 3D/BEV
convolutional networks to progressively diffuse information and bridge these frag-
ments. This posterior remedy is computationally inefficient, prone to generating
fractured occupancy predictions, and structurally suboptimal.

To overcome this inherent suboptimality, the VT operator must theoretically

evolve from the locally constrained space toward a fully global reachability. Let
Sgiobal = RV7*% denote the completely unconstrained dense routing space,
where a 2D pixel can theoretically route to any 3D voxel. For any feasible set S,
let 7(S) ={fw : Fap = WFyp | W € S} denote the induced function family.
We establish the following theoretical motivation:
Proposition 1 (Expressivity Inclusion by Relaxing Support). For any
given camera calibration ©, the ray-local routing is mathematically merely a
subset constraint bounded by the physical geometry. Therefore, the feasible set
satisfies Sray(©) C Sgiovar, and the induced function families mathematically
satisfy F(Sray(O)) C F(Sgiobar), with the inclusion being strict whenever cross-
ray voxel correlations carry non-trivial information.

This proposition shows that relaxing the routing constraints yields a func-
tion family with representational capacity at least as large as, and generically
strictly larger than, that of the ray-constrained family. We therefore propose to
approximate global dense routing at tractable complexity.

3.3 Factorized Dense Routing (FDR)

While Proposition 1 establishes the theoretical necessity of Sgopar, explicitly pa-
rameterizing a fully unconstrained routing matrix incurs an intractable computa-
tional complexity of O(SyVrC'). To practically instantiate unconstrained global
reachability, we propose Factorized Dense Routing (FDR), as shown in Fig-
ure 2] (c). Motivated by the architectural evolution from fully-connected dense
networks to hierarchical convolutional fields, FDR approximates the intractable
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Table 1: Progression of spatial dimensions across FDR stages. To maintain
linear complexity, the 2D dimensions progressively contract via Ay, Ay, while the 3D
dimensions exponentially expand via A;, Ay, A,.

Stage t 2D Resolution 3D Volume Patch P, Expansion K;

0 (Input) HxW 1x1x1 - -

1 TrxJlm AP <Al Al APAD AP APAD
h w

T (Output) 1x1 XxYxZ - -

dense matrix W as a product of T localized, stage-wise tensor operations:
W~ MOMT-D MO (3)

where each M() acts as a sparse block-matrix operator performing local dense
routing between a contracted 2D patch and an expanded 3D micro-volume.

Stage-wise Spatial Contraction and Expansion. Let X ¢ RS:xVixC

denote the flattened spatial tensor at stage ¢t. The algorithm is initialized with
X = Fop € RX1XC where the initial 3D volume dimension is degenerated
at Vo = 1. Our objective is to progressively contract the 2D spatial size S; — 1
while exponentially expanding the 3D volume size V; toward the macroscopic
3D dimensions. Between adjacent stages, standard 2D convolutions on the 2D
space are applied to refine the spatial features.

At each stage t, we partition the 2D spatial grid into non-overlapping patches
with adaptive sizes P; = Agf) X Ag). We unfold the features within each patch,
yielding:

XY = Unfoldp, (X)) e RS Vem1xOx P (4)

where S; = S;_1/P;, with adaptive zero-padding applied to ensure exact divis-
ibility. Subsequently, each 2D patch is dense-routed to an expanded 3D micro-
volume containing K; = Agf) X A?(f) X A,(Zt) tokens via a dynamically generated
routing matrix A®) ¢ RS*Vi-1xPexKe This Jocal dense routing is executed as
a tensor contraction over the patch dimension P;:

yt) — pt-1 ®A(t)7 Y ¢ RS x Vi1 XCxKe (5)

where ® denotes batched matrix multiplication along the P; axis. Finally, a Fold
operation merges the newly expanded K; dimension into the 3D volume axis,
yielding the updated spatial tensor X € RS*VexC with V; = V;_; x K;. The
exact progression of these spatial dimensions is detailed in Table

Adaptive Geometric Context Routing. The dynamic weights A(*) dictate
the critical probability mapping. Instead of utilizing rigid static parameters, we
dynamically generate them. Specifically, we fuse the intermediate spatial features
with an aligned geometric context 55?0, process them through a lightweight map-

ping network g(gt) (comprising standard convolutions), and subsequently unfold
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the resulting pre-routing logits:

AW — o (Unfoldp, (9 (V| £02,))) (6)
where || denotes channel concatenation, and o is the Softmax function normalized
over the expanded K; micro-volume dimension.

Crucially, 55?0 comprises explicit local depth features (derived from a lightweight
depth head) and Pliicker ray coordinates &4y = MLP (d || (o x d)). Condition-

ing the routing weights on 5;?0 treats physical geometry as a soft inductive bias
rather than a rigid structural constraint. Unlike LSS, which hard-zeros routing
weights outside the physical ray, this context-aware conditioning allows FDR to
discover implicit 3D correlations.

Complexity and Theoretical Advantage. While fully unconstrained global
routing dictates an intractable complexity of Cgiopar = O(SoVrC'), FDR factor-
izes this process to reduce the relative computational cost to a strict ratio of
Crpr/Cglobal = O( 23:1 Sggl VL;) Physically, early stages are computationally
trivialized by the unexpanded 3D volume (V; <« Vr), while late stages are expo-
nentially accelerated by the highly contracted 2D grid (S;—1 < Sp). As mathe-
matically detailed in the Supplementary Material, under our practical settings
(T = 3), FDR achieves fully-global reachability while requiring merely ~ 1.4%
of the dense theoretical computation.

FDR also subsumes classical LSS as a special case. As proved in the Sup-
plementary Material, the classical LSS operator is strictly a degenerate instance
of FDR (obtained when T' =1, P; = 1 x 1, and weights are heavily masked).
This inclusion (Frss € Frpr) guarantees that FDR’s hypothesis space strictly
contains that of explicit physical priors, allowing it to internalize multi-camera
rig topologies even when physical extrinsics are uncalibrated or absent.

3.4 Resolution-Context Decoupled Unification

As established above, circumventing the intractable quadratic complexity of
dense global routing intrinsically requires progressively contracting the spa-
tial dimensions via P; > 1. This mathematical necessity reveals a fundamen-
tal Resolution-Context Trade-off: significantly reducing the computational
cost necessitates spatial coarsening. Therefore, a single monolithic routing opera-
tor cannot simultaneously maintain pixel-exact 2D spatial precision and achieve
fully-global contextual reachability.

Rather than forcing a single operator to violate this structural bound, we
propose a decoupled architecture that factorizes the 3D representation space
into two orthogonal pathways (Figure [2[ (b)):

— Global Context Pathway (P, > 1): The mandatory patch-wise aggrega-
tion in FDR explicitly expands the contextual footprint. It excels at gather-
ing wide-range global semantics (e.g., continuous road layouts and holistic
occlusion relationships) to achieve the unconstrained reachability of Sgiopal-
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— Local Resolution Pathway (P; =1 x 1): Explicit LSS strictly avoids any
cross-patch aggregation. While this Kronecker-delta-like routing bounds its
receptive field to zero (Syqy), it perfectly preserves exact 2D spatial precision,
acting as an optimal pathway to carve sharp local geometric boundaries.

To unify these orthogonal capacities without the memory overhead of dense
3D fusion, we design a volumetric decomposition. We instantiate the local path-
way via classical LSS to yield a high-resolution precise surface volume Vygg €
REXXXYXZ - Concurrently, rather than forcing the resolution-coarsened FDR
to reconstruct sharp 3D surfaces, we configure its final stage to compress the Z-
axis. This outputs a globally connected, gravity-aligned Holistic Context Anchor
Vglobal c REXX XY x1

We then orthogonally pool the high-resolution Vjgg into three axis-aligned
planes (Pgy, Pz, Py-). Because global driving topologies inherently reside in the
BEV plane, the global-local unification is performed via addition on the shared
XY plane: R

Pwy = Pwy + Vglobal (7)

This formulation combines the unbounded contextual reachability of dense

routing with the local geometric precision of sparse physical priors.

3.5 Occupancy Decoding and Training

The unified plane 75“, is processed by a dedicated 2D convolutional encoder,
while the remaining geometric planes P,. and P, are processed by a secondary
shared 2D encoder. To reconstruct the dense 3D volume, 75xy is first passed
through a linear projector to recover the Z-axis dimension from its channels. The
encoded P, and P, planes are then spatially broadcasted along their respective
missing axes. Finally, these three expanded tensors are element-wise summed and
fed into an MLP decoder to predict the voxel-wise semantic probabilities. The
framework is optimized end-to-end using a joint multi-task objective:

L= £BCE + Edice + Edepth + Esem7 (8>

where the 3D occupancy loss combines Binary Cross-Entropy (BCE) and Dice
loss to address voxel-class imbalance. For auxiliary supervision, Lgepe, explic-
itly guides the depth distribution in the LSS branch, and L, enforces 2D
perspective-view segmentation following ALOcc [4].

4 Experiments
4.1 Experimental Setup

Datasets. We evaluate the proposed decoupled architecture on two standard
autonomous driving benchmarks: Ocec3D-nuScenes [26] and Occ3D-Waymo [26].
The Occ3D-nuScenes dataset, derived from the nuScenes dataset [1], provides
dense 3D occupancy annotations encompassing 17 foreground semantic classes. It
contains 600 training sequences and 150 validation sequences, with a predefined
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voxel resolution of 0.4mx 0.4m x 0.4m covering the spatial range of [—40m, 40m] x
[—40m, 40m] x [—1m, 5.4m]. Conversely, the Occ3D-Waymo dataset is constructed
from the Waymo Open Dataset [25|. It offers an expanded scale of 798 training
and 202 validation sequences with 14 foreground semantic categories, presenting
a more complex and expansive urban driving environment.

Evaluation Metrics. Following the established evaluation protocols [26], we
adopt the mean Intersection over Union (mlIoU) metric to quantify the geometric
and semantic accuracy of the 3D occupancy predictions. We also report the
geometric-only Intersection over Union (IoU) to isolate and assess pure structural
completeness.

Implementation Details. For a fair comparison with existing baselines, we
utilize ResNet-50 [5] as the 2D image backbone. The input image resolutions are
set to 256 x 704 for nuScenes and 640 x 960 for Waymo. For our Factorized Dense
Routing (FDR), we employ a 3-stage configuration (7" = 3) where, since the Z-
axis is compressed to 1, the BEV micro-volumes are expanded by area factors of
10x 10, 5x 5, and 4 x 4, respectively. Correspondingly, the 2D spatial dimensions
are contracted with patch sizes P; of 4x4, 2x4, and 2x 2. The model is optimized
end-to-end using AdamW [39] with a learning rate of 2 x 10~* and a global
batch size of 16 for a total of 24 training epochs. Our experiments on Occ3D-
nuScenes focus on settings with minimal temporal frames to explicitly emphasize
the structural improvements derived from our 2D-to-3D View Transformation
architecture. Due to the scarcity of single-frame baselines on Occ3D-Waymo, we
follow ALOcc [4] to fuse 16 temporal frames when evaluating on this dataset.

4.2 State-of-the-Art Comparison

Results on Occ3D-nuScenes. We present a comprehensive quantitative com-
parison on the Oce3D-nuScenes validation set in Table 2] which is organized into
two settings: a single-frame setting without temporal voxel feature fusion (upper
block) and a setting with one historical frame (41f, lower block). Our frame-
work achieves the best mIoU in both settings, reaching 41.2% among single-frame
methods and 42.2% in the +1f setting, surpassing all competing methods under
each respective protocol. By replacing strict ray constraints with FDR, our model
gains consistent improvements on large-scale classes such as driveable surface,
which require extensive cross-ray contextual reasoning. The Resolution-Context
Decoupled Unification preserves local geometric fidelity, yielding competitive re-
sults on tightly localized objects such as car and motor.

Results on Occ3D-Waymo. The results on Occ3D-Waymo are summarized in
Table Our method achieves a state-of-the-art mIoU of 31.25%. Specifically, it
outperforms ALOcc-3D [4] by a margin of +1.22% mlIoU. The gains on spatially
continuous classes, notably Road (81.21%) and Walkable (64.46%), confirm that
FDR builds global contextual priors and reduces the spatial isolation inherent
to pure physical-projection methods.
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Table 2: 3D Semantic Occupancy Prediction Results on Occ3D-nuScenes
validation set. The upper block reports the single-frame setting (no temporal voxel
feature fusion); the lower block reports the setting with one historical frame, where
the suffix +1f denotes the incorporation of one historical frame. The top performance
within each block is highlighted in bold.
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FB-Occ ResNet-50{256 x 704|35.7 66.5|11.2 40.0 23.2 43.1 46.6 21.8 23.3 25.9 23.5 29.5 33.7 77.6 39.0 47.3 51.0 37.5 33.0
DHD-S ResNet-50(256 x 704|36.5 - |10.6 43.2 23.0 40.6 47.3 21.7 23.3 23.9 23.4 31.8 34.2 80.2 41.3 50.0 54.1 38.7 33.5
COTR ResNet-50(256 x 704|39.1 69.6| - - - - - - - - - - - - - - - - -
BEVDetOcc E ResNet-50(256 x 704|37.1 70.4|9.2 45.6 15.9 42.1 50.0 23.0 21.0 21.9 22.7 31.1 36.8 80.2 38.7 51.6 55.2 45.4 40.2
LightOcc-S ResNet-50(256 x 704|37.9 - |11.7 45.6 25.4 43.1 48.7 21.4 25.6 26.6 29.2 33.2 35.1 80.0 41.8 50.4 53.9 39.4 34.0
ProtoOcc E ResNet-50{256 x 704|39.6 - - - - - - - - - - - - - - - - - -
ALOcc ResNet-50{256 x 704|40.1 70.2(12.4 46.4 26.2 42.6 52.1 25.6 27.5 28.1 30.2 32.9 39.5 81.2 42.5 52.6 56.0 46.1 39.7
Ours ‘RcchthO 256 x 704|41.2 71.0|13.6 46.5 28.3 43.4 53.0 26.8 29.1 29.6 31.6 36.4 39.9 81.6 44.3 53.0 55.5 47.2 40.6
COTR ResNet-50(256 x 704|41.4 - [12.2 48.529.1 44.7 53.3 27.0 29.2 28.9 31.0 35.0 39.5 81.8 42.5 53.7 56.9 48.2 42.1
DHD-M m ResNet-50(256 x 704|41.5 - [12.7 48.7 26.3 43.2 52.9 27.3 28.5 28.5 30.0 35.8 40.2 83.1 44.7 54.7 57.7 48.9 42.1
SA-Occ E ResNet-50(256 x 704|40.7 - |10.9 48.5 23.5 45.8 52.8 24.5 23.6 24.2 22.7 35.0 40.3 83.5 44.1 55.5 60.0 51.2 45.3

Ours (+1f) |ResNet-50(256 x 704(42.2 72.1|14.2 48.7 28.8 44.8 53.8 26.8 29.9 30.3 33.0 35.4 41.3 82.6 45.2 54.2 57.3 49.2 42.2

Table 3: 3D Semantic Occupancy Prediction Results on Occ3D-Waymo val-
idation set. The best results are highlighted in bold.

mloU
Gen. Obj.
Vehicle
Pedestrian
Sign
Bicyclist
Traffic Light
Pole

Cons. Cone
Bicycle
Building
Vegetation
Tree Trunk
Road
Walkable

Method

BEVFormer-w/o TSA 23.87|7.50 34.54 21.07 9.69 20.96 11.48 11.48 14.06 14.51 23.14 21.82 8.57 78.45 56.89
BEVFormer 24.58 7.18 36.06 21.00 9.76 20.23 12.61 14.52 14.70 16.06 23.98 22.50 9.39 79.11 57.04

SOLOFusion 24.73(4.97 32.45 18.28 10.33 17.14 8.07 17.83 16.23 19.30 31.49 28.98 16.93 70.95 53.28
BEVFormer-WrapConcat | 25.07 |6.20 36.17 20.95 9.56 20.58 12.82 16.24 14.31 16.78 25.14 23.56 12.81 79.04 56.83
CVT-Occ 27.37|7.44 41.00 23.93 11.92 20.81 12.07 18.03 16.88 21.37 29.40 27.42 14.67 79.12 59.09
ALOcc-3D l 30.03|6.51 39.61 24.14 20.84 20.56 20.56 24.28 17.95 12.22 35.67 37.25 22.45 78.42 59.91

Ours 31.25‘9.03 42.74 27.52 22.91 25.38 21.47 27.84 22.65 20.69 39.98 38.89 24.02 81.21 64.46

4.3 Robustness in Uncalibrated Scenarios

As theoretically analyzed in Section [3] explicit physical projection methods are
mathematically bound to strict geometric constraints. To empirically validate the
resilience of FDR’s global hypothesis space, we design an uncalibrated scenario
on nuScenes. We completely withhold the dataset-provided camera parameters
and instead rely on a lightweight convolutional head that blindly predicts rough
camera poses from images. As shown in Table [f] explicit physical methods suffer
catastrophic performance degradation. Our decoupled framework maintains a
stable 28.0% mloU. This confirms that FDR’s unconstrained global capacity
lets the network internalize multi-camera rig topology from visual context alone,
without relying on physical calibration.
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Table 4: Ablation on Table 5: Robustness Table 6: Ablation on
Model Components without Camera Pa- Stage Configurations.
and Unification Strate- prameters. Evaluated on V: denotes volumetric ex-
gies. Evaluated under a puScenes using implicitly pansion factor at each
lightweight single-frame predicted poses. stage.

setting on Occ3D-nuScenes.

IoU

Method \mloU\ IoU Stage Schedule (V) \mIoU

Component Strategy ‘mIoU‘IoU
Baseline (Our Default) | 38.1 [67.1 BEVDetOcc |6] 4.7 |33.1 3 Stages (10-5—4) ‘ 38.1 ‘67'1

w/o Global Pathway (FDR)| 37.0 |66.0 ALO 4]

¥ cc 9.0 [43.5 ves .
w/o Soft Geometric Hint 37.7 166.7 FB [ - 2 Stages (20 — 10) 374 166.5
Only BEV Representation 37.7 |67.9 -Occ |16 12.0 |54.5 3 Stages (4 — 5 — 10) | 37.7 |66.8
Adaptive Weighting 38.0 |67.2
Late 3D Fusion 377 le6g  Ours ‘ 28.0 ‘63.2 3 Stages (10 — 10 — 2)| 37.9 |66.9

4.4 Ablation Studies and Architectural Analysis

As shown in Tables[dand [6] we conduct extensive ablation studies on the Occ3D-
nuScenes dataset. For computational efficiency, all ablations are trained under a
lightweight single-frame configuration with the channel dimension halved.

Model Design. We first evaluate the necessity of the proposed dual-pathway
unification in Table [4f Removing the global pathway (FDR) entirely degrades
the performance of 1.1%. This confirms that introducing fully-global contextual
reachability is beneficial for overcoming the receptive field isolation of strict ge-
ometric priors. Additionally, omitting the soft geometric context (£4e,) during
the dynamic generation of FDR’s routing weights yields a suboptimal 37.7%
mloU, indicating that physical hints effectively guide the unconstrained dense
mapping. We also observe that implementing the unification late in the network
(e.g., after the 3D encoder, 37.7%), or substituting the tri-perspective represen-
tation with BEV representation (37.7%) or adaptive spatial weighting (38.0%),
offers no discernible advantage. This affirms our design choice: because FDR
and LSS occupy orthogonal structural regimes, simple element-wise addition on
the gravity-aligned BEV plane is the natural and principled choice, avoiding
additional engineering complexity.

Stage-wise Contraction Configurations. We ablate the factorized spatial
contraction across different T-stage settings in Table [f] We observe that com-
pressing the dense routing into a shallower 2-stage network (7' = 2) degrades the
mloU to 37.4%, suggesting that an abrupt spatial aggregation hinders smooth
contextual feature learning. Conversely, heavily delaying the volumetric expan-
sion (e.g., 4-5-10 or 10-10-2 configurations) yields slightly lower results (37.7%
and 37.9%) compared to our default progressive schedule (10-5-4, 38.1%). This
shows that a progressive spatial abstraction schedule is crucial for building ro-
bust macroscopic context.

4.5 Qualitative Results

Figurecompares the occupancy predictions of our framework against ALOcc [4]
in complex scenes with heavy occlusions. As shown, existing ray-based methods
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Ground Truth

Fig. 3: Qualitative comparison of 3D semantic occupancy prediction. We
highlight the regions with complex structures and heavy occlusions in red and

boxes. While existing methods ALOcc often produce fragmented or incomplete oc-
cupancy topologies due to the strict ray-wise locality bottleneck, our proposed frame-
work successfully recovers continuous and holistic structures by effectively internalizing
global contextual relationships.

often produce fragmented or incomplete topologies, particularly for large ob-
jects spanning multiple cameras. This is a direct consequence of Receptive Field
Isolation: since individual 3D voxels can only aggregate evidence from strictly
aligned rays, they fail to associate disjointed spatial clues into a coherent whole.
In contrast, our framework recovers continuous, holistic structures in occluded
regions (highlighted in red and yellow boxes). By internalizing global context
through Factorized Dense Routing, our model establishes structural continuity
where direct image evidence is absent. This empirical result verifies that our
global routing operator effectively bridges the structural gaps that remain un-
reachable to sparse physical-masking baselines.

5 Conclusion

We address the Locality Bottleneck of classical ray-based lifting, formally show-
ing that physical projection is a degenerate, constrained subset of a fully-global
routing space. Our Factorized Dense Routing (FDR) approximates dense
2D-to-3D mapping at linear complexity via hierarchical spatial aggregations. We
then address the resulting Resolution-Context Trade-off with a macro-micro de-
coupled architecture, combining the global topological anchor from FDR with
the pixel-exact geometric precision of sparse physical priors. Empirically, our uni-
fied framework establishes new state-of-the-art results across large-scale bench-
marks. We further demonstrate that FDR’s unconstrained capacity enables the
network to internalize multi-camera topology from visual context alone, remain-
ing functional even when physical calibration is entirely absent. We hope this
work encourages further research into geometry-free 3D representation learning
for autonomous driving.
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