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Figure 1: Unlike global 2D-3D fusion, ProjFormer deterministically aligns multi-view features with 3D points, enabling
geometry-aware refinement with fewer artifacts and lower latency.

Abstract

Point cloud completion is inherently ill-posed due to severe sparsity
and ambiguity in partial observations. Existing multi-view meth-
ods alleviate this by incorporating 2D semantics, but often rely
on learned attention and fixed fusion, which lack geometric con-
sistency and adaptability. We propose ProjFormer, a cross modal
framework that enforces geometry-consistent 2D-3D interaction
through explicit projection and adaptive feature routing. A Projec-
tive Guided View Attention module aligns 3D points with multi-
view features via deterministic projection, enabling efficient and
geometrically consistent aggregation. Building on this, a geometry-
aware routing network performs point-wise adaptive fusion of
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structural and observation-driven features for progressive refine-
ment. Experiments show that, under a lightweight design, Proj-
Former delivers competitive performance with improved structural
completeness.
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1 Introduction

3D point clouds have emerged as a fundamental representation in
modern computer vision, underpinning a wide range of applications
including autonomous driving, robotic navigation, and augmented
reality. Unlike 2D images, point clouds explicitly represent 3D ge-
ometry without collapsing spatial structures through perspective
projection. To this end, early studies have proposed various deep
learning architectures specifically designed for point clouds, such
as the MLP-based PointNet and its variants[18, 19], as well as graph
convolution-based frameworks[31]. However, due to sensor limi-
tations, object occlusions, and sampling sparsity, real-world point
cloud data often suffers from incompleteness and irregular distri-
butions. The point cloud completion task aims to recover the com-
plete geometry from partial observations. Despite being inherently
ill-posed, this task is critical for downstream 3D understanding
applications[12, 17].

Recently, numerous deep learning-based approaches have been
proposed([5, 10, 13, 25, 32, 34-36, 44, 46]. Early point cloud comple-
tion methods primarily relied on pure 3D network architectures[25,
37, 40, 44, 46], such as folding-based decoders or generative models.
While effective under moderate incompleteness, these methods rely
exclusively on the geometric evidence available in partial obser-
vations. When large regions are missing, the observed geometry
becomes insufficient to constrain the unseen structures, often result-
ing in ambiguous global shapes and topological errors. To alleviate
this under-constrained inference problem, recent studies[32, 41, 51]
have introduced multi-view 2D-3D representation strategies. These
methods project partial point clouds into image-like multi-view
representations and employ 2D encoders to extract complemen-
tary view-conditioned structural cues for completion. Moreover,
recent studies have further explored multi-modal image guidance
and semantic part-level priors for point cloud completion, show-
ing the value of semantic constraints beyond purely geometric
decoding|[6, 48]. Despite this progress, existing multi-view com-
pletion frameworks still face three limitations. First, even when
coordinate-consistent representations such as Canonical Coordi-
nate Maps are employed, representation-level consistency does not
by itself preserve explicit point-to-pixel correspondences for local-
ized feature transfer. Existing interaction modules therefore still
rely largely on globally aggregated or learned feature associations,
which may weaken the spatial correspondence between observed
3D points and multi-view features.

Second, dense attention for fine-grained point-to-view associ-
ation scales poorly with the number of views and spatial tokens,
while its learned weights do not explicitly encode known projective
geometry, limiting geometric interpretability.

Third, heterogeneous features, including coarse structural priors,
local point features, and view-conditioned cues, are commonly
fused through feature concatenation or learned attention. Although
these mechanisms can be input-adaptive, they do not explicitly
provide a pointwise mechanism for balancing structural priors
against observation-conditioned features. Consequently, the same
fusion strategy may behave suboptimally across local regions with
different degrees of incompleteness.

In this paper, we propose ProjFormer, a geometrically grounded
point cloud completion framework that combines explicit geometric

Sheng Liu et al.

correspondence with learned adaptive feature routing. Our key idea
is twofold: (1) to enforce geometry-consistent 2D-3D interaction
through explicit projection, and (2) to perform point-wise adaptive
routing between structural priors and observation-driven features.

Following GeoFormer [41], we adopt Canonical Coordinate
Maps (CCMs) to encode partial 3D geometry as coordinate-consistent
multi-view maps, enabling 2D feature extraction while preserving
metric coordinate information. The novelty of ProjFormer does
not lie in the CCM representation itself, but in how localized CCM
features are explicitly associated with observed 3D points and sub-
sequently reused during progressive refinement. Building on this
representation, we design a Projective Guided View Attention
(PGVA) module, which uses deterministic projection to retrieve
localized features for each observed 3D point and aggregates them
through geometry-aware, depth-gated weighting. By sampling only
one localized feature from each valid view, PGVA performs point-to-
view aggregation with O(VN) complexity, where N and V denote
the numbers of observed points and canonical views, respectively.
Compared with the view-level feature fusion used in GeoFormer,
PGVA preserves point-aligned CCM features and makes them avail-
able during progressive refinement.

Furthermore, we propose a Geometry-Aware Routing Re-
finement mechanism for progressive refinement. The module de-
composes the input features into structural, local geometric, and
CCM-derived view representations, and applies a point-wise gate
to balance structural completion against observation-conditioned
refinement. Benefiting from the point-aligned tokens produced by
PGVA, the routing process enables each point to dynamically bal-
ance prior-driven shape completion and observation-conditioned
geometric refinement.

e We propose ProjFormer, a geometry-aware framework for
point cloud completion that leverages explicit 2D-3D pro-
jection to improve localized point-to-view alignment.

e We introduce Projective Guided View Attention (PGVA),
which uses deterministic projection and geometry-aware,
depth-gated weighting to perform point-aligned view aggre-
gation with O(VN) complexity.

o We develop a Geometry-Aware Routing Refinement module
that performs pointwise adaptive routing between prior-
driven structural completion and observation-conditioned
geometric refinement.

e Extensive experiments demonstrate that ProjFormer achieves
an average CDy, of 6.34 on PCN while reducing inference
latency by approximately 40% compared with GeoFormer.

2 Related Work
2.1 Point Cloud Completion

Early learning-based point cloud completion methods primarily
adopted voxel grids or point-based representations. Voxel- and grid-
based approaches [23, 37] employ 3D CNNss to capture spatial struc-
tures, but often suffer from discretization artifacts and high memory
consumption. To avoid quantization errors, PCN [44] established
a point-based encoder—decoder paradigm that predicts a coarse
complete shape from a global representation. Subsequent methods
improve geometric details through cascaded refinement [30] and
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hierarchical folding [33]. SnowflakeNet [35] further models parent—
child relations during point upsampling through skip-transformers,
while SeedFormer [46] introduces Patch Seeds to preserve regional
information throughout progressive generation.

Following the success of self-attention in general point cloud
representation learning [8], Transformer-based architectures have
been introduced into point cloud completion [27, 42, 43]. PoinTr [42]

formulates completion as set-to-set translation and employs geometry-

aware Transformers to capture long-range dependencies, while sub-
sequent methods improve query generation and feature interaction
for more effective shape reconstruction [27, 43]. However, standard
dense self-attention incurs quadratic complexity O(N?) with re-
spect to the number of point tokens. More importantly, stronger
feature aggregation alone cannot fully resolve the ambiguity caused
by severely incomplete observations, because the missing geometry
is not directly available in the input. This limitation motivates the
use of complementary multi-view representations for point cloud
completion.

2.2 Multi-view 2D-3D Fusion for Completion

Multi-view 2D-3D fusion has become an important paradigm for
transferring the dense representation capability of 2D models to
sparse 3D point clouds. Representative studies transfer visual knowl-
edge through pixel-to-point distillation and cross-modal contrastive
learning [1, 15, 22], while large-scale frameworks such as ULIP,
Uni3D, and OpenShape align point clouds with image or vision-
language representation spaces [14, 38, 47]. PointCLIP and Point-
CLIP V2 further convert point clouds into multi-view image rep-
resentations to exploit knowledge learned by pretrained vision-
language models [45, 50]. These studies demonstrate that image-
based representations can provide complementary dense cues for
3D point cloud understanding.

Motivated by these advances, 2D-3D fusion has also been intro-
duced into point cloud completion. Image-assisted methods com-
bine partial point clouds with paired RGB observations through
cross-modal interaction, but require additional image data and cali-
brated cameras [6]. To avoid these requirements, self-view comple-
tion methods construct image-like representations directly from the
partial point cloud. SVDFormer [51] employs self-projected depth
maps from multiple views to enhance global shape understand-
ing without external images. GeoFormer [41] further introduces
Canonical Coordinate Maps (CCMs), which encode canonical 3D
coordinates into multi-view maps to preserve geometric consis-
tency across views and enrich point features. More recently, PC-
Dreamer [32] has explored multi-view diffusion priors to provide
additional guidance for recovering missing geometry.

Despite this progress, existing completion frameworks com-
monly incorporate multi-view evidence through global or view-
level descriptors and learned feature interaction. Although effec-
tive for enriching shape representations, such mechanisms do not
explicitly preserve localized correspondences between individual
observed 3D points and their projected image locations. Dense
point-to-pixel attention can retain fine-grained interactions but
introduces substantial computational overhead as the number of
points and image tokens increases. In contrast, ProjFormer follows
the self-view setting without requiring external RGB observations.
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It explicitly projects observed 3D points onto CCM feature maps,
retrieves localized features from valid projections, and constructs
point-aligned view tokens that are subsequently reused during
progressive refinement.

2.3 Projection-Based Feature Transport

Projection-based feature transport has also been explored in scene-
level 3D perception. Lift-Splat-Shoot and ImVoxelNet lift image fea-
tures into 3D or BEV space through camera geometry[16, 21], and
recent camera-based semantic scene completion methods further
use 2D-to-3D transformation for dense occupancy and semantic
reasoning[28, 29, 39]. These works show the value of projection as
an alignment prior.

Unlike dense lifting methods that transform complete image fea-
ture maps into voxel or BEV representations, PGVA adopts sparse
point-driven sampling for object-level completion. It projects ob-
served 3D points onto canonical multi-view feature maps, retrieves
localized features from valid projections, and produces observed-
point-aligned tokens that are subsequently reused during progres-
sive refinement.

3 Methods

3.1 Canonical Coordinate Maps

To leverage mature 2D encoders for 3D point cloud processing, we
transform point clouds into multi-view image-grid representations
using point-based rasterization.

Given an input point cloud X = {x; f\i 1» we first compute its cen-
troid g and maximum radial distance r. Each point is then mapped
to a canonical coordinate:

Ly
p=g D% r=maxlx—pl,,
i1 (1
, Xik — Mk 1
X, =k Pk 2 ke {123}
ik 2r 2 { }

This isotropic normalization preserves the aspect ratio and maps
the point cloud into a ball of radius 0.5 centered at (0.5,0.5,0.5),
which is contained in [0, 1]3. We associate each spatial point with
its canonical coordinate as X; = [x;;x]] € RS.

For each predefined viewpoint v, let R, denote the world-to-view
rotation and let t, = [0,0,7]" denote the predefined view-space
offset used by the renderer. The corresponding view transformation
and transformed spatial coordinate are

P, = [R, | —t,], XEH) =Ryx; — to. 2

Only the spatial coordinates are transformed, while the canonical
coordinates x; remain unchanged.

We then apply the fixed perspective mapping used by the CCM
renderer. Let va) = [xi(v), yfz’), zgv)]T. For an image of height H
and width W, the normalized projection coordinates and the corre-
sponding continuous raster coordinates are

_(0) _ xi(v) w _(0) _ yfv)
ui = W ﬁ 5 Z)i = W 5
Zi Zi

H w
pl(v) = E (ﬂl(v) + l) N Ki(v) = ? (51(2)) + l) .

®)



MM ’26, November 10-14, 2026, Rio de Janeiro, Brazil

Image Features

Sheng Liu et al.

Partial Point X

E @ o E c(i) ;j} Imﬂge
; L ¢ : Encoder
i E !
H L} ;oo - ' -
' “u : ' ' Point Algred #9513 Refined Point
H c® - c® H X [ Pr'ojecﬁve Guided . Image tokens g s .
! : > 3 .
: 27N : View Attention 0 <E A‘
H - S ~ H 0 (] 0 ™ —
' Partial Point X & H (] M 0 z~&: | IS
H /X ' coocococoocoee . £ 0 R
] ~N 4 0o
(e H A g0
; : R
" Canonical Coordinate Maps Rendering ___ | 1 020 0
t - - .'
|
X 2. s €| seedPoint
o eed Poin
»{ 3D Encoder —)E.‘"—» S5
N 2 §
Global Feature

Figure 2: Overview of ProjFormer. The partial point cloud is pr

ocessed by parallel 3D and CCM-based multi-view branches.

PGVA uses explicit projection to construct point-aligned view tokens, which are combined with seed points and the partial
input through Geometry-Aware Routing Refinement to generate the completed point cloud.

Here, pi(v) and Kl@) denote the continuous row and column co-
ordinates, respectively. With the 1 X 1 rasterization footprint used
in our implementation, each projected point is assigned to its near-
est discrete pixel pi(v). Points with non-positive depth or projected
locations outside the image boundary are discarded.

Let Ip(v) denote the set of valid points assigned to pixel p. Each
valid point is assigned an inverse-depth weight

1
(v)

i

W

1

: 4)
z, +e€
When multiple points are assigned to the same pixel, their canonical

coordinates are aggregated as

2w

ieIp(”)

Il

ie]l,(z’)

c (p) = 5L #o. (5)

Pixels receiving no valid points are set to zero. The resulting Canon-
ical Coordinate Maps C(®) € R3*H*W encode the projected canoni-
cal coordinates under multiple predefined viewpoints.

3.2 Projective Guided View Attention

Standard cross-modal fusion typically relies on Transformer-based
cross-attention between 3D points and 2D pixels, leading to O(V -
N - HW) complexity and ignoring explicit camera geometry. Re-
lated efficient attention designs in 2D detection and multi-view
perception include Deformable DETR and BEVFormer[11, 49]. To
address this, we propose Projective Guided View Attention, which
leverages projective geometry to establish deterministic point-to-
pixel correspondences and achieves efficient multi-view feature
aggregation with O(V - N) complexity.

Instead of learning cross-view attention weights implicitly, PGVA
introduces projective geometry as an inductive bias, enabling geometry-
consistent and interpretable cross-modal fusion.

Valid Mask

Depth Prior o(-)
1 m'e{0,1}

Point Aligned
Image tokens

Figure 3: Projective Guided View Attention. Each observed
3D point is projected onto multiple CCM views. View features
and canonical coordinates are retrieved at valid projected
locations and aggregated using geometry-aware, depth-gated
weights to produce a point-aligned token.

Projection and Sampling. Given a point x; € X and a view o,
we reuse the same deterministic view transformation and fixed
perspective mapping employed in CCM construction:

(

where 7,(+) denotes the projection procedure defined in the pre-

ceding CCM subsection. The corresponding discrete raster location

(0) _ (o)  (0)
i = (PipaPiy )

pi(v) '(v)’

w27 = mo(x0), ©

is denoted by p
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Valid-projection mask generation. We set mi(v) = 1 if and only

if the discretized location lies within the image boundary and the
point has positive view-space depth: 0 < piz) <H0Z< pi(’i) <

W, and zl@ > 0; otherwise, mfv) = 0. This mask identifies valid
projections rather than explicit occlusion visibility, since no per-
pixel z-buffering is performed.

For each valid projection, we retrieve the image feature fi(u) from
F(® and the corresponding canonical coordinate cgv) from C® by
direct indexing at the discretized raster location pi(v).

Geometry-aware Scoring. We evaluate the consistency between
the canonical coordinate of the projected point and the aggregated
CCM coordinate retrieved from the corresponding raster location:

2,z§”)). @)

efv) = MLPgcore ( - cl@

’
X;

[ . . .
Both x] and cg ) are expressed in the same canonical coordinate

system, while zl@ provides view-dependent depth information.
Depth-Gated Attention. To favor geometrically reliable obser-
vations, we incorporate a depth-based gating mechanism with a
normalized depth:

P
2% = clip 0l (8)

where d is the camera distance to the object center used in rendering
and clip(+,0,1) truncates values to [0, 1]. This normalization is
applied in the canonicalized camera frame and stabilizes weights
across categories/datasets with different scales. The final attention
weight is

exp(e[”) - o(-p2") - m(”
Y exp(el™) a(-pzl)) - ml) + e
Here o () is the sigmoid function and f > 0 controls the sharpness
of depth gating (we set f = 1 by default). This yields a monotonically
decreasing weighting over normalized depth, approximating a near-
field visibility prior while maintaining cross-category stability.

Feature Aggregation. The final point-aligned image feature is
obtained as:

(o) _
;=

©

\4
ri= o £, (10)
o=1

Overall, PGVA replaces dense cross-attention with determin-
istic projection and geometry-guided weighting, resulting in an
efficient O(V - N) formulation while maintaining strong geometric
consistency across views.

3.3 Geometry-Aware Routing Refinement

While the PGVA module provides geometry-consistent point-aligned
image features, effectively integrating multi-source information
remains challenging due to the heterogeneous nature of structural
priors, local geometry, and 2D semantic priors. Existing methods
typically rely on implicit or fixed fusion strategies (e.g., element-
wise addition or concatenation), which lack the flexibility to adapt
to varying observation conditions. For severely missing regions,
the model should rely more on structural priors, whereas in well-
observed regions it should emphasize observation-conditioned local
and view features. To address this, we propose a Geometry-Aware
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Routing Refinement module. This component explicitly disentan-
gles information sources and performs point-wise adaptive feature
routing. Importantly, since PGVA produces geometry-consistent
image tokens, our module can directly leverage them for reliable
cross-modal interaction without requiring additional complex align-
ment learning. The processing logic of Geometry-Aware Routing
Refinement is shown in Figure 4.

Geometry-aware positional encoding. While standard posi-
tional embeddings[26] often rely solely on absolute coordinates,
ignoring the relationship between the generated points and the
observed input. To inject observation-aware context, we encode
the proximity between each coarse point y; and the observed input
point cloud X as a geometric confidence signal. Specifically, we
compute a normalized point-to-observation distance:

& = = min [§: - x|, ()
oq xeX

where oy is a scaling factor. This distance d; is mapped to a si-
nusoidal embedding e; = y(d;), which serves as a query bias in
the attention layers. This encoding implicitly informs the network
about the reliability of local geometric observations: points closer
to X are treated as high-confidence anchors, while distant points
are flagged for semantic-guided completion.

Multi-source feature decomposition. We design three comple-
mentary pathways to comprehensively model the shape prior. First,
to capture global structural dependencies, we apply self-attention
on the input feature map F conditioned on geometric embedding e:

Fstruct — SelfAttn(F, e) . (12)

Meanwhile, fine-grained details from the partial input are preserved
through a local geometric pathway. Here, we extract multi-scale
local features Ff\(:cal and fuse them with the point features via cross-
attention:

Flocal = CrossAttn(F, FX (13)

local’*

Finally, to provide cross-modal image guidance, we exploit the
geometry-consistent tokens 7 from PGVA. Given that 7 is already
aligned with X, we assign each coarse point the token of its nearest
observed neighbor to maintain semantic consistency:

J* =argmjin||37i—xj||z, T =T (14)
These propagated semantic tokens are then injected into the feature
space using another cross-attention mechanism:

F™8 = CrossAttn(F, 7). (15)

Point-wise adaptive routing. Inspired by dynamic routing and
feature gating mechanisms in deep learning[4, 9, 24], we intro-
duce a point-wise gate that dynamically balances the structural
pathway against an observation-conditioned pathway. The latter
is constructed by equally combining the local geometric feature
and the point-aligned view feature. A routing gate g; € (0,1) is
predicted for each point by aggregating the decomposed features,
the global context vector f;, and the previous-stage feature Fpe:
g = O'(MLP(COI’IC&t[F?trUCt, F%"Cal, F.8, £y, Fore,i] )), (16)

i
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Figure 4: Geometry-Aware Routing Refinement. Two cascaded refinement blocks adaptively balance structural features against
an observation-conditioned fusion of local geometric and point-aligned view features to predict residual coordinate offsets.

where o denotes the sigmoid function. The final fused feature F; is
computed as:

F; = g - F?truct + (l _ gz) . %(Fliocal + Fi'mg)' (17)

Thus, the gate favors structural priors in missing regions and
observation-guided features on observed surfaces.
Progressive refinement. The fused features are decoded into resid-
ual coordinate offsets and applied to upsampled points to generate
the refined geometry. We adopt a cascaded refinement strategy
where the latent features F;, from one stage are propagated to the
next (denoted as Fpre), ensuring continuity in feature learning:

Y = Upsample(Y Y, ry) + MLPyec (F®)), (18)

where s and rs denote the stage index and upsampling ratio, re-
spectively; the cascade progressively recovers coarse topology and
fine-grained geometry.

Training objective. We supervise the coarse and two refined pre-
dictions with HyperCD [13]. Let ¥ and Y (V) be ground-truth
point sets downsampled by farthest point sampling to match Yo
and Y, respectively, and let Y @) = Y. We optimize

2
Lirain = 10 Z Lucp (y(s)’y(s)) + LI?CD (X, g(z)) s (19)

s=0

where the one-sided term preserves the observed input geometry.

4 Experiment

4.1 Experimental Setup

Datasets. We evaluate ProjFormer on PCN[44], ShapeNet-55/34[3],
and KITTI[7] following standard protocols [42, 44, 46].

PCN contains 8 categories with partial inputs of 2,048 points and
ground truth of 16,384 points, synthesized from 8 viewpoints; the
dataset totals 30,974 shapes split into training (28,974), validation
(800), and testing (1200). To simulate realistic inputs, we sample
points from meshes, back-project 2.5D depth images to obtain 2048-
point partials.

ShapeNet-55/34 provide broad category coverage: ShapeNet-
55 comprises 41952 training and 10518 testing shapes across 55

categories; ShapeNet-34 includes 46765 training shapes and eval-
uates both seen (34 categories; 3400 shapes) and unseen (21 cat-
egories; 2305 shapes) categories. During testing, three difficulty
levels—Simple, Moderate, Hard—are defined by incomplete ratios
(25%, 50%, 75%).

Since the previous two datasets are synthetic, generated from
CAD models or meshes, they may not fully reflect the characteris-
tics of real scanned point clouds. To address this gap, we further
incorporate the KITTI dataset [7], which is collected from an au-
tonomous driving platform and serves as a challenging real-world
benchmark.

Metrics. We report Chamfer Distance (CD) and F-Score follow-
ing established practice. On PCN, we use CDy,:

. 11
CDy (P,P) = - | =
(P P) =2 m@p‘;&?
X

€

e = yll: + 15 meny 2 |

where P and P denote the completed and ground-truth point sets,
respectively. Here, CDy, refers to the unsquared Euclidean Chamfer
distance. Following the PCN benchmark convention, the reported
values are multiplied by 10°.

For KITTI, where complete ground truth is unavailable, we adopt
a distribution-level metric, Minimum Matching Distance (MMD), to
assess realism of completions. Given predicted KITTI completions
P = {Xi}fil and a reference set of complete car shapes G = {Y }?11
(formed by the union of train/val/test car samples in PCN/ShapeNet-
Cars), MMD is defined as

N
1 Z . .
MMD(P, g) = N L 1?]1_131’11\4 dCD(Xian)a (20)

where dcp denotes the bidirectional Chamfer Distance (L2) Lower
MMD indicates that predicted KITTI shapes are closer to the mani-
fold of realistic complete car geometries.

4.2 Main Results

PCN. We compare ProjFormer against recent state-of-the-art meth-
ods, categorized into purely 3D-based approaches (SeedFormer [46],
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Table 1: Quantitative comparison of point-cloud completion results on the PCN dataset measured by the CD;, distance (x10%).

Method Venue Average Plane Cabinet Car  Chair Lamp  Sofa  Table Vessel
PCN 3DV’18 10.60 6.09 11.55 9.51 12.33 12.57 12.87 9.87 9.98
PoinTr ICCV’21 8.38 4.75 10.47 8.68 9.39 7.75 10.93 7.78 7.29
SeedFormer ECCV’22 6.74 3.85 9.05 8.06 7.06 5.21 8.85 6.05 5.85
SVDFormer ICCV’23 6.55 3.64 8.81 7.44 6.93 5.32 8.60 5.86 5.80
CRA-PCN AAAT24 6.56 3.62 8.77 7.00 6.92 5.46 8.59 6.27 5.86
ODGNet AAAT24 6.50 3.77 8.77 7.56 6.84 5.09 8.47 5.84 5.66
FSC CVPR’24 7.02 4.07 9.12 8.10 7.21 5.88 9.30 6.26 6.25
GeoFormer ACMMM’24 6.42 3.60 8.69 7.46 6.71 5.15 8.28 5.84 5.63
PCDreamer CVPR’25 6.52 3.51 8.62 6.92 6.91 5.66 8.31 6.27 5.90
Ours ACMMM’26 6.34 3.58 8.61 7.37 6.62 4.95 8.32 5.76 5.51

Table 2: Comparison with state-of-the-art methods on the ShapeNet-55/34 benchmarks using CD,, X 10°. Lower is better (|).

Method ShapeNet 55 dataset 34 seen categories 21 unseen categories
CD-S(l) CD-M() CD-H() | CD-S{) CD-M({) CD-H()|CD-S() CD-M{) CD-H()

SeedFormer 0.50 0.77 1.49 0.48 0.70 1.30 0.61 1.07 2.35
ODGNet 0.47 0.70 1.32 0.44 0.64 1.14 0.59 1.01 2.26
SVDFormer 0.48 0.70 1.30 0.46 0.64 1.13 0.61 1.05 2.19
CRA-PCN 0.48 0.71 1.37 0.45 0.65 1.18 0.55 0.97 2.19
GeoFormer 0.41 0.64 1.25 0.39 0.57 1.05 0.55 0.99 2.15
Ours 0.39 0.58 1.24 0.38 0.54 1.10 0.44 0.81 1.93

GeoFormer

CRA-PCN Ours

Figure 5: Visual comparisons on the PCN dataset.

CRA-PCN [20]) and 2D-3D cross-modal frameworks (e.g., Geo-
Former [41], SVDFormer [51]). The latter group leverages multi-
view projections to exploit semantic information similar to our
approach, providing a direct benchmark for our cross-modal de-
sign. As shown in Figure 5, ProjFormer produces more uniform
completions with fewer structural artifacts and outliers.

ShapeNet-55/34. We extend the experiments to ShapeNet-55
and the ShapeNet-34, the two settings cover the 55-category ShapeNet
completion benchmark.

Following the protocol established in previous works [2, 20, 41,
46], partial observations are synthesized during the training stage.

During training, random viewpoints are selected, and the n% far-
thest points from these viewpoints are discarded to simulate partial
scans. At test time, the viewpoints are fixed, and n is systematically
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Table 3: Ablation study on 4 different model components.

No. Model Configuration CCM Point-aligned token Depth Gating PGVA CD, (|) CDg () F-Score@1% (%) (T)

1 Full w/o CCM v v v 6.785 2.0466 82.1679
2 Full w/o Point-aligned v v v 6.448 1.8129 84.1216
3 Full w/o depth gating v v v 6.384 1.7599 84.4839
4 Full w/o PGVA v 6.493 1.8468 83.6134
5 Full Model v v v v 6.3446 1.7905 84.9282
Input Pointr Table 4: Quantitative comparison on KITTI

Figure 6: Qualitative completion results on the KITTI dataset.

varied to three difficulty levels: 25% (simple), 50% (moderate), and
75% (hard).

Our experimental evaluation results on ShapeNet55/34 are pre-
sented in Table 2 . We compare our method with existing point
cloud completion baselines, using CDy, as evaluation metrics, the
reported CDy, values are multiplied by 10%.

KITTI. Since the point clouds in KITTI are obtained from real
LiDAR scans and contain no ground-truth shapes, direct per-sample
reconstruction error cannot be computed. We therefore evaluate
realism using the Minimum Matching Distance (MMD) defined
in Experimental Setup, where lower values indicate closer align-
ment to realistic complete car geometries. We additionally report
Fidelity Distance (FD), computed as the one-sided distance from
the observed input points to the completed point cloud, to measure
preservation of the input geometry.

The point cloud completion results on KITTI are illustrated in
Fig. 6. The results of the quantitative experiments are shown in
Table 4. Our method achieves the lowest MMD, indicating that its
predictions are closer to the reference distribution of complete car
shapes. However, the higher FD reveals a trade-off between shape
plausibility and preservation of the observed input geometry.

Computational Efficiency. Beyond reconstruction accuracy,
we evaluate the inference efficiency of ProjFormer against main-
stream methods in Table 5. Notably, the reported inference time
(15.85 ms) natively includes the overhead of rendering 2D images
from partial inputs. While sharing a 2D-3D fusion paradigm with
GeoFormer and SVDFormer, our architecture bypasses their com-
putationally heavy cross-view attention mechanisms.

4.3 Ablation Studies

Table 3 evaluates the contributions of the main components on
PCN. In the Full w/o CCM variant, we replace the three-channel
CCMs with the standard self-projected depth maps adopted by
SVDFormer [51], retaining only depth information while removing

Methods | PoinTr | SeedFormer | Ours
MMD | 8.21 1.09 0.48
FD | 0.00 1.45 1.97

Table 5: Comparison of completion accuracy and inference
speed on the PCN dataset.

Method Venue CD; Infer Time(ms)
CRA-PCN AAAT'24 6.56 67.61
ODGNet AAAT 24 6.50 45.39
SVDFormer ICCV’23 6.55 69.40
FSC CVPR’24 7.02 26.97
GeoFormer ACMMM’24  6.42 26.37
Ours ACMMM’26  6.34 15.85

the canonical coordinate cues.Removing the CCM coordinate cues
increases CDy, from 6.3446 to 6.785, confirming the importance of
coordinate-consistent multi-view representations. Removing the
point-aligned tokens increases CDy, to 6.448, showing that reusing
localized CCM features during refinement benefits geometric recon-
struction. Disabling depth gating slightly increases CD,, to 6.384
and decreases the F-Score to 84.48, although CD,, exhibits a mi-
nor fluctuation. Finally, replacing PGVA with global image pooling
increases CDy, to 6.493, demonstrating that localized observed-
point-to-view aggregation is more effective than global feature
fusion. Additional ablations on the number and configuration of
canonical views are provided in the supplementary material.

5 Conclusion

We presented ProjFormer, an efficient cross-modal framework for
point cloud completion. PGVA establishes geometry-consistent
point-to-view correspondences, while Geometry-Aware Routing Re-
finement adaptively combines structural, local, and image-derived
features during progressive reconstruction. Experiments demon-
strate competitive completion accuracy with substantially lower
inference latency than comparable cross-modal methods, highlight-
ing a favorable balance between reconstruction quality and compu-
tational efficiency.



ProjFormer: Point Cloud Completion via Geometric-Projective Transformer and Cross-Modal Semantic Constraints

Acknowledgments

This work was supported by the National Natural Science Founda-
tion of China (Grant No. U25A20421) and the Project of Yuelushan
Center for Industrial Innovation (Grant No. 2025YCII0225).

References

(1]

5

[3

=

[4

=

(9]
[10]

(1]

[12

[13

[14

[15]

[16]

[17

(18]

[19]

[20

Mohamed Afham, Isuru Dissanayake, Dinithi Dissanayake, Amaya Dharmasiri,
Kanchana Thilakarathna, and Ranga Rodrigo. 2022. Crosspoint: Self-supervised
cross-modal contrastive learning for 3d point cloud understanding. In Proceedings
of the IEEE/CVF conference on computer vision and pattern recognition. 9902-9912.
Pingping Cai, Deja Scott, Xiaoguang Li, and Song Wang. 2024. Orthogonal
Dictionary Guided Shape Completion Network for Point Cloud. In AAAL
Angel X. Chang, Thomas Funkhouser, Leonidas Guibas, Pat Hanrahan, Qixing
Huang, Zimo Li, Silvio Savarese, Manolis Savva, Shuran Song, Hao Su, Jianx-
iong Xiao, Li Yi, and Fisher Yu. 2015. ShapeNet: An Information-Rich 3D Model
Repository. Technical Report arXiv:1512.03012 [cs.GR]. Stanford University —
Princeton University — Toyota Technological Institute at Chicago.

Yinpeng Chen, Xiyang Dai, Mengchen Liu, Dongdong Chen, Lu Yuan, and
Zicheng Liu. 2020. Dynamic convolution: Attention over convolution kernels. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition.
11030-11039.

Zhikai Chen, Fuchen Long, Zhaofan Qiu, Ting Yao, Wengang Zhou, Jiebo Luo,
and Tao Mei. 2023. Anchorformer: Point cloud completion from discriminative
nodes. In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 13581-13590.

Chenghao Fang, Jianqing Liang, Jiye Liang, Hangkun Wang, Kaixuan Yao, and
Feilong Cao. 2025. Multi-Modal Point Cloud Completion with Interleaved At-
tention Enhanced Transformer. In Proceedings of the Thirty-Fourth International
Joint Conference on Artificial Intelligence (IJCAI). 963-971.

Andreas Geiger, Philip Lenz, Christoph Stiller, and Raquel Urtasun. 2013. Vision
meets robotics: The kitti dataset. The international journal of robotics research 32,
11 (2013), 1231-1237.

Meng-Hao Guo, Jun-Xiong Cai, Zheng-Ning Liu, Tai-Jiang Mu, Ralph R Martin,
and Shi-Min Hu. 2021. Pct: Point cloud transformer. Computational Visual Media
7 (2021), 187-199.

Jie Hu, Li Shen, and Gang Sun. 2018. Squeeze-and-excitation networks. In Proceed-
ings of the IEEE conference on computer vision and pattern recognition. 7132-7141.
Shanshan Li, Pan Gao, Xiaoyang Tan, and Mingqiang Wei. 2023. Proxyformer:
Proxy alignment assisted point cloud completion with missing part sensitive
transformer. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition. 9466—9475.

Zhiqi Li, Wenhai Wang, Hongyang Li, Enze Xie, Chonghao Sima, Tong Lu, Yu
Qiao, and Jifeng Dai. 2022. BEVFormer: Learning Bird’s-Eye-View Representa-
tion from Multi-Camera Images via Spatiotemporal Transformers. In European
Conference on Computer Vision (ECCV).

Ming Liang, Bin Yang, Shenlong Wang, and Raquel Urtasun. 2018. Deep continu-
ous fusion for multi-sensor 3d object detection. In Proceedings of the European
conference on computer vision (ECCV). 641-656.

Fangzhou Lin, Yun Yue, Songlin Hou, Xuechu Yu, Yajun Xu, Kazunori D Yamada,
and Ziming Zhang. 2023. Hyperbolic chamfer distance for point cloud completion.
In Proceedings of the IEEE/CVF international conference on computer vision. 14595—
14606.

Minghua Liu, Ruoxi Shi, Kaiming Kuang, Yinhao Zhu, Xuanlin Li, Shizhong
Han, Hong Cai, Fatih Porikli, and Hao Su. 2023. Openshape: Scaling up 3d
shape representation towards open-world understanding. Advances in neural
information processing systems 36 (2023), 44860-44879.

Yueh-Cheng Liu, Yu-Kai Huang, Hung-Yueh Chiang, Hung-Ting Su, Zhe-Yu Liu,
Chin-Tang Chen, Ching-Yu Tseng, and Winston H Hsu. 2021. Learning from 2d:
Contrastive pixel-to-point knowledge transfer for 3d pretraining. arXiv preprint
arXiv:2104.04687 (2021).

Jonah Philion and Sanja Fidler. 2020. Lift, Splat, Shoot: Encoding Images From
Arbitrary Camera Rigs by Implicitly Unprojecting to 3D. In Proceedings of the
European Conference on Computer Vision (ECCV).

Charles R Qi, Wei Liu, Chenxia Wu, Hao Su, and Leonidas ] Guibas. 2018. Frustum
pointnets for 3d object detection from rgb-d data. In Proceedings of the IEEE
conference on computer vision and pattern recognition. 918-927.

Charles R Qi, Hao Su, Kaichun Mo, and Leonidas J Guibas. 2017. Pointnet: Deep
learning on point sets for 3d classification and segmentation. In Proceedings of
the IEEE conference on computer vision and pattern recognition. 652—660.

Charles Ruizhongtai Qi, Li Yi, Hao Su, and Leonidas J Guibas. 2017. Pointnet+-+:
Deep hierarchical feature learning on point sets in a metric space. Advances in
neural information processing systems 30 (2017).

Yi Rong, Haoran Zhou, Lixin Yuan, Cheng Mei, Jiahao Wang, and Tong Lu.
2024. Cra-pen: Point cloud completion with intra-and inter-level cross-resolution
transformers. In Proceedings of the AAAI Conference on Artificial Intelligence,

[21

[22

[23

[24

[25

[26

[27]

[29]

[30

[31

(33]

[34

[35

&
2

[37

(38]

[39

[40

[41

MM ’26, November 1014, 2026, Rio de Janeiro, Brazil

Vol. 38. 4676-4685.

Danila Rukhovich, Anna Vorontsova, and Anton Konushin. 2022. ImVoxelNet:
Image to Voxels Projection for Monocular and Multi-View General-Purpose 3D
Object Detection. In Proceedings of the IEEE/CVF Winter Conference on Applications
of Computer Vision (WACV). 2397-2406.

Corentin Sautier, Gilles Puy, Spyros Gidaris, Alexandre Boulch, Andrei Bur-
suc, and Renaud Marlet. 2022. Image-to-lidar self-supervised distillation for
autonomous driving data. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 9891-9901.

Abhishek Sharma, Oliver Grau, and Mario Fritz. 2016. Vconv-dae: Deep vol-
umetric shape learning without object labels. In Computer Vision—-ECCV 2016
Workshops: Amsterdam, The Netherlands, October 8-10 and 15-16, 2016, Proceedings,
Part III 14. Springer, 236-250.

Sheng Shen, Le Hou, Yanqi Zhou, Nan Du, Shayne Longpre, Jason Wei,
Hyung Won Chung, Barret Zoph, William Fedus, Xinyun Chen, et al. 2023.
Mixture-of-experts meets instruction tuning: A winning combination for large
language models. arXiv preprint arXiv:2305.14705 (2023).

Lyne P Tchapmi, Vineet Kosaraju, Hamid Rezatofighi, Ian Reid, and Silvio
Savarese. 2019. Topnet: Structural point cloud decoder. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition. 383-392.
Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N Gomez, Lukasz Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. Advances in neural information processing systems 30 (2017).

Jun Wang, Ying Cui, Dongyan Guo, Junxia Li, Qingshan Liu, and Chunhua
Shen. 2024. Pointattn: You only need attention for point cloud completion. In
Proceedings of the AAAI Conference on artificial intelligence, Vol. 38. 5472-5480.
Meng Wang, Yan Ding, Yumeng Liu, Yunchuan Qin, Ruihui Li, and Zhuo Tang.
2025. Mixssc: forward-backward mixture for vision-based 3d semantic scene
completion. IEEE Transactions on Circuits and Systems for Video Technology 35, 6
(2025), 5684-5696.

Meng Wang, Huilong Pi, Ruihui Li, Yunchuan Qin, Zhuo Tang, and Kenli Li. 2025.
VLScene: Vision-language guidance distillation for camera-based 3D semantic
scene completion. In Proceedings of the AAAI Conference on Artificial Intelligence,
Vol. 39. 7808-7816.

Xiaogang Wang, Marcelo H Ang Jr, and Gim Hee Lee. 2020. Cascaded refinement
network for point cloud completion. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition. 790-799.

Yue Wang, Yongbin Sun, Ziwei Liu, Sanjay E Sarma, Michael M Bronstein, and
Justin M Solomon. 2019. Dynamic graph cnn for learning on point clouds. ACM
Transactions on Graphics (tog) 38, 5 (2019), 1-12.

Guangshun Wei, Yuan Feng, Long Ma, Chen Wang, Yuanfeng Zhou, and
Changjian Li. 2025. Pcdreamer: Point cloud completion through multi-view
diffusion priors. In Proceedings of the Computer Vision and Pattern Recognition
Conference. 27243-27253.

Xin Wen, Tianyang Li, Zhizhong Han, and Yu-Shen Liu. 2020. Point cloud
completion by skip-attention network with hierarchical folding. In Proceedings of
the IEEE/CVF conference on computer vision and pattern recognition. 1939-1948.
Xianzu Wu, Xianfeng Wu, Tianyu Luan, Yajing Bai, Zhongyuan Lai, and Junsong
Yuan. 2024. Fsc: Few-point shape completion. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 26077-26087.

Peng Xiang, Xin Wen, Yu-Shen Liu, Yan-Pei Cao, Pengfei Wan, Wen Zheng, and
Zhizhong Han. 2021. Snowflakenet: Point cloud completion by snowflake point
deconvolution with skip-transformer. In Proceedings of the IEEE/CVF international
conference on computer vision. 5499-5509.

Chulin Xie, Chuxin Wang, Bo Zhang, Hao Yang, Dong Chen, and Fang Wen.
2021. Style-based point generator with adversarial rendering for point cloud
completion. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition. 4619-4628.

Haozhe Xie, Hongxun Yao, Shangchen Zhou, Jiageng Mao, Shengping Zhang,
and Wenxiu Sun. 2020. Grnet: Gridding residual network for dense point cloud
completion. In European conference on computer vision. Springer, 365-381.

Le Xue, Mingfei Gao, Chen Xing, Roberto Martin-Martin, Jiajun Wu, Caiming
Xiong, Ran Xu, Juan Carlos Niebles, and Silvio Savarese. 2023. Ulip: Learning a
unified representation of language, images, and point clouds for 3d understand-
ing. In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 1179-1189.

Yujie Xue, Meng Wang, Ruihui Li, Fan Wu, Zhizhong Liu, Zhuo Tang, and Kenli
Li. 2026. Learning Spatial-Temporal Consistency for 3D Semantic Scene Comple-
tion. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). 28567-28577.

Yaoqing Yang, Chen Feng, Yiru Shen, and Dong Tian. 2018. Foldingnet: Point
cloud auto-encoder via deep grid deformation. In Proceedings of the IEEE confer-
ence on computer vision and pattern recognition. 206-215.

Jinpeng Yu, Binbin Huang, Yuxuan Zhang, Huaxia Li, Xu Tang, and Shenghua
Gao. 2024. GeoFormer: Learning Point Cloud Completion with Tri-Plane Inte-
grated Transformer. In Proceedings of the 32nd ACM International Conference on
Multimedia. 8952-8961.



MM ’26, November 10-14, 2026, Rio de Janeiro, Brazil

[42]

[43]

[44]

[45]

[46]

Xumin Yu, Yongming Rao, Ziyi Wang, Zuyan Liu, Jiwen Lu, and Jie Zhou. 2021.
Pointr: Diverse point cloud completion with geometry-aware transformers. In
Proceedings of the IEEE/CVF international conference on computer vision. 12498—
12507.

Xumin Yu, Yongming Rao, Ziyi Wang, Jiwen Lu, and Jie Zhou. 2023. AdaPoinTr:
Diverse Point Cloud Completion With Adaptive Geometry-Aware Transformers.
IEEE Transactions on Pattern Analysis and Machine Intelligence 45, 12 (Dec 2023),
14114-14130. doi:10.1109/TPAMI.2023.3309253

Wentao Yuan, Tejas Khot, David Held, Christoph Mertz, and Martial Hebert. 2018.
Pcn: Point completion network. In 2018 international conference on 3D vision
(3DV). IEEE, 728-737.

Renrui Zhang, Ziyu Guo, Wei Zhang, Kunchang Li, Xupeng Miao, Bin Cui, Yu
Qiao, Peng Gao, and Hongsheng Li. 2022. Pointclip: Point cloud understanding
by clip. In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 8552-8562.

Haoran Zhou, Yun Cao, Wenqing Chu, Junwei Zhu, Tong Lu, Ying Tai, and
Chengjie Wang. 2022. Seedformer: Patch seeds based point cloud completion
with upsample transformer. In European conference on computer vision. Springer,

[47

(48

[49

[51

Sheng Liu et al.

416-432.

Junsheng Zhou, Jinsheng Wang, Baorui Ma, Yu-Shen Liu, Tiejun Huang, and
Xinlong Wang. 2023. Uni3d: Exploring unified 3d representation at scale. arXiv
preprint arXiv:2310.06773 (2023).

Zhensheng Zhou, Jianqing Liang, Jiye Liang, Zijin Du, and Chenghao Fang. 2026.
Semantic guided part relation-aware network for point cloud completion. In
Proceedings of the AAAI Conference on Artificial Intelligence, Vol. 40. 13871-13879.

Xizhou Zhu, Weijie Su, Lewei Lu, Bin Li, Xiaogang Wang, and Jifeng Dai. 2020.
Deformable detr: Deformable transformers for end-to-end object detection. arXiv
preprint arXiv:2010.04159 (2020).

Xiangyang Zhu, Renrui Zhang, Bowei He, Ziyu Guo, Ziyao Zeng, Zipeng Qin,
Shanghang Zhang, and Peng Gao. 2023. Pointclip v2: Prompting clip and gpt for
powerful 3d open-world learning. In Proceedings of the IEEE/CVF international
conference on computer vision. 2639-2650.

Zhe Zhu, Honghua Chen, Xing He, Weiming Wang, Jing Qin, and Mingqiang
Wei. 2023. Svdformer: Complementing point cloud via self-view augmentation
and self-structure dual-generator. In Proceedings of the IEEE/CVF International
Conference on Computer Vision. 14508—14518.


https://doi.org/10.1109/TPAMI.2023.3309253

	Abstract
	1 Introduction
	2 Related Work
	2.1 Point Cloud Completion
	2.2 Multi-view 2D–3D Fusion for Completion
	2.3 Projection-Based Feature Transport

	3 Methods
	3.1 Canonical Coordinate Maps
	3.2 Projective Guided View Attention
	3.3 Geometry-Aware Routing Refinement

	4 Experiment
	4.1 Experimental Setup
	4.2 Main Results
	4.3 Ablation Studies

	5 Conclusion
	Acknowledgments
	References

