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Abstract

Learning implicit templates as neural fields has recently
shown impressive performance in unsupervised shape cor-
respondence. Despite the success, we observe current ap-
proaches, which solely rely on geometric information, often
learn suboptimal deformation across generic object shapes,
which have high structural variability. In this paper, we
highlight the importance of part deformation consistency
and propose a semantic-aware implicit template learning
framework to enable semantically plausible deformation.
By leveraging semantic prior from a self-supervised fea-
ture extractor, we suggest local conditioning with novel
semantic-aware deformation code and deformation consis-
tency regularizations regarding part deformation, global
deformation, and global scaling. Our extensive experi-
ments demonstrate the superiority of the proposed method
over baselines in various tasks: keypoint transfer, part la-
bel transfer, and texture transfer. More interestingly, our
framework shows a larger performance gain under more
challenging settings. We also provide qualitative analyses
to validate the effectiveness of semantic-aware deformation.
The code is available at https://github.com/mlvlab/PDC.

1. Introduction

Template learning is essential for shape analysis since
the template, which is a compact representation of arbitrary
shapes, provides a good prior for shape fitting so that we can
establish dense correspondence and transfer key attributes
such as texture or keypoints between shapes. Traditionally,
handcrafted templates such as meshes, part elements with
primitive shapes (e.g., sphere, cylinder, cone), or parametric
models have been widely used for human/animal body [3,
4,5,6,7,8,9], human face [10, 11], human hand [12, 13,
14], and generic objects [15, 16, 17]. Defining templates for
less complex shapes with consistent topologies and similar
structures is relatively straightforward. However, for shapes
like generic object shapes with high structural variability or
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Figure 1. Importance of part deformation consistency. Given
input shapes with high structural variability, only considering low-
level geometry during template learning [1, 2] can lead to subop-
timal deformation (e.g., cannot distinguish between seat and arm
where two parts are geometrically close while semantically dis-
tant: low seat-low arm, high seat-high arm). Ours succeeds in
transferring shape attributes by encouraging part deformation con-
sistency with semantic information.

non-rigid shapes with large-scale deformations, manually
defining suitable templates becomes challenging.

To address this challenge, recent works [1, 2, 18, 19]
have focused on learning implicit templates based on neu-
ral fields [20]. Neural fields, which are known for strong
representation power, efficiency, and flexibility, have been
successful in multiple 3D vision tasks, e.g., shape/scene re-
construction [21, 22, 23, 24], neural rendering [25, 26, 27],
and human digitization [28, 29, 30]. Likewise, neural
fields-based template learning have shown superior perfor-
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mance on dense correspondence between complex shapes.
Both [1] and [2] suggest decomposing the implicit repre-
sentation of shapes into a deformation field and a template
field. Here, the template is learned as a continuous func-
tion, which is expected to capture shared structures among
the given shapes within a category (e.g., airplane, chair),
while the deformation depends solely on the conditioned
geometry of each shape (i.e., SDF value and surface nor-
mal). We observe current approaches often learn subopti-
mal deformation especially when a shape category has high
structural variability like diverse local deformation scales
and unseen/missing part structures; see Figure 1. That is,
incorporating extra knowledge of part semantics is neces-
sary to handle such cases.

In this paper, we propose a novel framework to learn
semantically plausible deformation by distilling the knowl-
edge of self-supervised feature extractor [31] and employ-
ing it as a semantic prior to satisfy part deformation con-
sistency during the template learning process. Part defor-
mation consistency is our inductive bias that the deforma-
tion result within the same part should be consistent. By
leveraging semantic prior to understand part arrangements
of shapes, we suggest local conditioning with semantic-
aware deformation code and carefully designed regulariza-
tions to encourage semantically corresponding deformation.
Semantic-aware deformation code is a point-wise soft as-
signment of part deformation priors, where part deforma-
tion priors are multiple latent codes to encode information
on corresponding part deformation. We calculate assigned
weights considering the part semantics of each point. In
addition, we propose input space regularization and latent
space regularization to encourage part-level distances to be
close, providing an explicit way to control the deformation
field so that the model can learn flexible deformation and
successfully learn common structures under diverse shapes.
Lastly, we suggest global scale consistency regularization
to preserve the volume of the template against large-scale
deformations. To validate the effectiveness of our frame-
work, we conduct extensive surrogate experiments reflect-
ing different levels of correspondence such as keypoint
transfer, part label transfer, and texture transfer, and demon-
strate competitive performance over baselines with qualita-
tive analyses.

Our contributions are summarized as follows: () We
propose a new framework that learns global implicit tem-
plate fields founded on part deformation consistency while
understanding part semantics to enable semantically plau-
sible deformation, (2) We impose hybrid conditioning by
combining global conditioning of geometry and local con-
ditioning of part semantics for flexible deformation, 3) We
design novel regularizations to successfully manipulate the
template fields, @ We show the effectiveness of our frame-
work with both qualitative and quantitative experiments.

2. Related Works

Template learning for shape correspondence. Defining a
template for a set of arbitrary shapes has been studied for
a long time. A high-quality template provides a good ini-
tialization for shape alignment and various applications in
vision and graphics. For shapes with consistent topologies
and structures such as faces or bodies of humans and ani-
mals, handcrafted templates have been popular [3, 5, 7, 8, 9]
and still widely used today. On the other hand, it was
more challenging for generic object shapes with inconsis-
tent topology and diverse part structures. Prior works sug-
gest to predefine or learn local templates from data as in
primitive parts [15] or part elements [32, 16, 33, 17, 34] to
handle the inconsistent structure. Recent works have tried to
learn a canonical shape of generic objects through implicit
template field [1, 2, 35, 36], which are proven to be effec-
tive for representing shapes. However, existing approaches
mostly lack explicit consideration of semantic knowledge,
which enables semantically plausible deformation so that
the learned template captures a common structure even with
the various structured shapes.

Neural fields for 3D representations. Recent studies have
shown that representing 3D shapes or scenes as implicit rep-
resentations with a neural network has several advantages:
powerful representation, flexibility, and memory efficiency.
These are called neural fields [20]. For instance, Occupancy
networks [22] proposed a method to represent 3D geometry
as a continuous occupancy function. DeepSDF [23] learns
3D complex surfaces with a neural network of auto-decoder
framework for 3D modeling. Further, implicit representa-

tion has been introduced to various applications [37, 38]. To
leverage the advantages, many applications based on neural
fields have emerged such as neural rendering [25, 26, 27],

human digitization [28, 29, 30], and generative model-
ing [39, 40, 41, 42]. They have also been applied to learn
the template of complex shapes as mentioned above.

Utilizing self-supervised segmentation models. Recently,
there has been a growing body of research on analyz-
ing complex shapes in a self-supervised manner due to
the high cost of annotation for 3D data. Unsupervised
semantic segmentation/co-segmentation models like BAE-
Net [31], RIM-Net [43], AdaCoSeg [44], and PartSLIP [45]
have demonstrated the ability to comprehend part semantics
without ground truth labels. For 2D and multi-modal tasks,
using large-scale self-supervised segmentation models like
DINO [46] as a feature extractor has been widely adopted,
including pixelNeRF [47], Feature Field [48], and ClipN-
eRF [49]. Inspired by these recent works, we utilize pre-
trained unsupervised part segmentation models to harness
part semantic information for template learning.
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Figure 2. Framework of semantic-aware implicit template learning. To learn semantic-aware implicit template field, (a) we extract part
semantics from pretrained feature extractor E and incorporate knowledge into semantic-aware deformation code () and (b) part defor-
mation consistency regularizations. With optimizing with the reconstruction loss L. and several regularizers, our framework succeeds to

learn semantically plausible deformation.

3. Preliminaries

Implicit templates have been studied with neural fields.
Given a 3D shape P, a neural field, which is a neural
network Fy parameterized by 6, approximates continuous

functions such as an occupancy function [21, 22] or a
Signed Distance Function (SDF) [23] as
Folx; zp) = s. €))

Herein, z € R? is a query point and s is an occupancy/SDF
function value. To represent multiple 3D shapes, for each
shape, a shape latent code zp € R? is learned. In gen-
eral, a surface is defined as the zero-level set of a SDF, i.e.,
{z|Fo(x; zp) = 0} as in DeepSDF [23].

The neural field can be further decomposed into an im-
plicit template field T and a deformation field D [1, 2]:

Fo(@; zp) = To, (Do, (2; 2P))- 2)

The implicit template field 75, captures a common struc-
ture and outputs an occupancy/SDF value s in the template
space. Dy, maps a point x from a shape-specific space to
the common template space by adding a deformation vector
Az € R3, ie., x + Ax. In DIF-Net [2], Dy, additionally
predicts a correction value As € R to capture instance-
specific local structures. In this case, the neural field Fy is
defined as

Fo(x; zp) = Ty, (x + Az) + As

3
As,Ax = Dy, (x; zp). ®)

The existing approaches [ 1, 2] learn the implicit template
field by minimizing the distance between the template and
the deformed individual shapes. The distance is measured
by SDF values and surface normals. Also, several regular-
izers are imposed such as deformation smoothness (e.g., pe-
nalizing the spatial gradient of Dy, and restricting the defor-
mation scale between points). However, the loss functions

and regularizers are computed by low-level geometric infor-
mation. They are not effective enough to handle generic ob-
jects with large structural variability. Hence, in this paper,
we take part semantics into account for template learning
to achieve ‘semantically plausible’ deformation and dense
correspondence.

4. Method

We present a semantic-aware implicit template learn-
ing framework based on part deformation consistency. In
this section, we first delineate the overall architecture of
our method equipped with part deformation priors and
semantic-aware deformation code. Then, we introduce our
deformation consistency regularizers including part defor-
mation consistency regularizations. Lastly, we discuss the
training procedure with several additional loss functions.

4.1. Semantic-aware implicit template field

We here present a novel semantic-aware implicit tem-

plate learning framework. The overall pipeline of the pro-
posed method is shown in Figure 2(a).
Template field and deformation field. We extend the im-
plicit template learning by incorporating semantic informa-
tion into the deformation field. Specifically, given a query
point x of a shape P, the deformation field Dy, predicts
a deformation vector Az and a correction value As con-
ditioned on a point-wise semantic-aware deformation code
(SDC) a(x; P) in addition to a shape latent code z p. Then,
our framework is defined as

Fo(x; P,E) := T, (T + Az) + As, @
Az, As = Dy, (x; zp, a(x; P)),
where £ is a pretrained feature extractor. We assign

a(x; P) based on a point-wise semantic feature, which is
extracted from £. For simplicity, we denote the neural field
Fo(z; P,E) by Fp(x) and SDC a(z; P) by ax().

595



Feature extractor. In this paper, for feature extraction,
we mainly use BAE-Net [31] as an encoder &£, which
is proven effective in capturing part semantics. Note
that we pretrained BAE-Net on selected categories of
ShapeNetV2 [50] by self-supervision without any extra la-
bels or data for a fair comparison. The features from BAE-
Net are k dimensional vectors, i.e., of () = &(z, P) €
RE. K is a hyperparameter, which is closely related to the
number of semantic parts. Since the number of seman-
tic parts is unknown in self-supervised learning, we simply
chose sufficiently large k.

Semantic-aware deformation code. Our framework as-
sumes that different semantic parts necessitate different de-
formations. To achieve this, the proposed method learns a
deformation prior for each semantic part. The deformation
priors are encoded as latent codes ey, --- ,ex € RY. A
point x is softly assigned to k& semantic parts using the soft-
max values of semantic features o (). Combining the soft
assignment with deformation priors, semantic-aware defor-
mation code (SDC) denoted as a(x) € R? is defined as

k
al@) =Y eXp(O (@))e: Yie 1. kY 5

i=1 lexp( f(x))

where o (z) denotes the i-th dimension value of the se-
mantic features. The SDC at x is computed by a linear
combination of deformation priors. We learn the point’s
probability of belonging to each of the k parts, which is
served as part semantics.

Remarks. For comparison, we also applied hard assign-
ment of part deformation priors for SDC, i.e., a(x) = e;~,
where i* = argmax; (o} (x)). However, as points are com-
pletely separated with local conditioning of the correspond-
ing part deformation prior e;~, the final deformation result
tends to break the shape geometry (see Figure 3), leading to
performance degradation as shown in Table 1. Thereby, we
choose the soft assignment to enable flexible deformation
while preserving the shape geometry.

We train the deformation field Dy, and 7g, in an end-
to-end fashion. In our experiments, Dy, is a 6-layer MLP
conditioned on both global geometry z p via hypernetwork
¥ [51, 52] and local part semantics () via concatenation
with input coordinates. The shape latent code zp and part
deformation priors {e;} are randomly initialized and jointly
optimized with neural fields. 7y, is a 5-layer MLP.

Table 1. Ablations of different assignment strategies for SDC.
We conduct a quantitative comparison between hard and soft as-
signments with 5-shot part label transfer on ShapeNet chair.

Assignment strategies ‘ Hard  Soft
chair (5-shot PLT) | 77.0  84.2

Hard Assignment ~ Soft Assignment

~B

Original Shape Deformed Shape

Figure 3. Effects of different assignment strategies for SDC.
Hard assignment breaks the shape geometry, while soft assignment
preserves the geometry while learning flexible deformations.

4.2. Part deformation consistency regularizations

In addition to conditioning neural fields, leveraging se-
mantic information, we propose novel part deformation
consistency regularizations to encourage semantically plau-
sible deformation. Semantically similar points should be
close after deformation in both an input space and a latent
space. That is, the deformation of points from the same part
should be consistent. Figure 2(b) illustrates the concept of
our regularizations. Given a pair of deformed shapes P’, Q’,
part deformation consistency regularizations are defined as

k
Acpdc,geo :Z | Z ||‘73 ;)H%
i=1 mE’P’
/ 2
Pllz |, and (6
yGQ/
k
[fpdc,sem :Z | Z ||O (C(CB, Q;))H%
=1 wEP/
PP
yeQ’

)

where C is a correspondence matching function for a

point & and its nearest point in a set Q, i.e., C(x,Q) =

argmin||z — y||3. P/ and Q) denote sampled point sets of
ye

th deformed part shapes of P’ and Q’. They are defined as

P} = {x + Dy, (x; zp, a(x; P)) | i=argmax(of (z)), @ €
k

Qp} and Q) = {z + Dy, (x;20,a(z;Q))|i =
argmax(og(m)),w € Qg}, where Qp and Qg are sam-
k

pled query point sets for shape P and (). Note that each
deformed part shape is extracted based on part semantics
from original shapes P and (). Here, we explicitly guide the
part-level deformation among various shapes to be consis-
tent. Moreover, since we understand part arrangement and
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Figure 4. Keypoint transfer result on ShapeNet. We transfer keypoint labels from source shapes (colored in ivory) to target shapes and
compare ours with DIT [1] and DIF [2]. For additional visualizations including results on ScanObjectNN [53], see the supplement.

(2) (b) (c)
Figure 5. Efficacy of global scaling consistency Lscale-

only penalize matched parts, our method does not forcibly
deform “unseen/missing match” cases.

We partly observed spatial distortion when part defor-
mation consistency was too strongly imposed. This is be-
cause using external semantics for deformation could break
the continuity of geometric fields. In addition, we pro-
pose global scale consistency and global deformation con-
sistency to address the concern. For the former one, we dis-
entangle a scaling operation from the entire non-rigid de-
formation Dy, to calculate the global scale of the learned
implicit template field. That is, we want to approximate
D with the global scaling of the scaling factor of r, i.e.,
D ~ rI. Then the problem becomes finding r from

manZHazf + Azs —rxi||3, (8)
s %
where s and 7 are an index for shape and point, respectively.
T
A closed-form solution of (8) is r = Z Z 7+5Am)

See the supplement for proof. Since we want the learned
D to be insensitive to global scale operation, i.e., the im-
plicit template to keep its scale by the average scale of in-
put shapes, we penalize the expected E[r] over input shapes
P, --- Py in a single batch as:

Lscale = |E[T] - 1| ©)]

Figure 5 illuminates the effect of Ly,. For the same in-
put shapes, Figure 5(a) is a car template learned without
Lscale, Figure 5(b) is a car template learned with Ly, and
Figure 5(c) is the result of placing two shapes in the same
space. It shows Lae helps the model to learn a more desir-
able template by penalizing the change in the global scale
of the learned template fields.

For the latter one, we add global deformation consis-
tency for a pair of deformed shapes P/, Q)':

Egeo = CD(P/, Q/)a (10)

where CD denotes a conventional Chamfer loss. Thus, the
deformation consistency regularization can be written as:

Ly = Y1 Acpdc,geo + 72£pdcsem + 73£scale + 74£geo- (11)

4.3. Optimization

We train our deformation and template fields with a re-
construction loss and several regularizers including our de-
formation consistency regularization. Following [2], the re-
construction loss L. for shape P is

Lie= Y |Folz) =5+ (1— (VFy(x).7))
xEQp xEP
+ Z IV Fo ()2 — 1] + Z exp(—6 - | Fy(x)))
zeQp z€Qp\P
(12)

where 5 denotes the ground-truth SDF value of each query
point, » is the ground truth surface normal vector of each
surface point and VFy the spatial derivative of a 3D field.
The second term of (12) is derived from the property of the
SDF function that the gradient of an SDF is identical to the
surface normal for surface points and the third is implicit ge-
ometric regularization [54] derived from the Eikonal equa-
tion. The last term pertains to penalizing off-surface points
to be away from the surface points, which is controlled by
0> 1.

Since we do not know ground truth mapping between
the template and input shapes, we manipulate the deforma-
tion field through multiple regularizers. First, we employ
our proposed deformation consistency regularization (11).
For further regularizers, we adopt [2] such as deformation
smoothness Lgnooth, NOrmal consistency Lpoma and mini-
mal correction L., which are defined as

Lo = Y > VD4 (- zp)la(@)3, (13)

z€Qp de{X,Y,Z}
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Figure 6. Part label transfer result on ShapeNet. We transfer part segment labels from source shapes (colored in ivory) to target shapes
and compare ours with DIT [1] and DIF [2]. For additional visualizations, please refer to the supplement.

Looma = ¥ 3 (1= (YT, (z + D, (x)) 7)),

i xES;
(14)

Le=) Y D). (15)

i xep

We also apply ¢ regularization on shape latent codes and
part deformation priors

N

k
Lent = Y llzill3 + D lleyll3- (16)
i i

The regularizers are collectively written as
Lireg = Y5 Lsmooth + Y6 Lnormal + ¥7Lc + VaLlemp-  (17)
Hence, the final loss becomes
L= Lrec + Lac + Lreg- (18)

Evaluating dense correspondence. Given two pairs of
seen or unseen shapes P, (), we can evaluate the dense cor-
respondence between P and () by deforming each shape
to the common template space. Moreover, the uncertainty
of dense correspondence performance between two points
p € P and g € @) can be measured as below:

u(p,q) =1 —exp(—7||(p + Ap) — (¢ + Aq)[13). (19)

~y is a hyperparameter for modulation and Ap, Aq are output
from Dy, . Note that since each part deformation prior e is
shared based on part semantics across entire training shapes,
we do not need a test-time optimization on e for an unseen
shape at inference time.

5. Experiments

We demonstrate the effectiveness of our proposed
framework and provide both quantitative and qualitative
results. In Section 5.1, we conduct multiple label transfer

Table 2. Keypoint correspondence accuracy in Keypoint-
Net [55]. PCK scores with threshold of 0.05 /0.1 are reported.

PCK airplane car chair table

AtlasNetV2 [34] 239/453 335/64.0 25.6/502 253/48.0

DIT [2] 13.6/342 589/87.7 333/66.7 262/555
DIF [1] 16.5/40.5 67.8/904 343/57.6 37.9/629
Ours 24.2/523 69.3/91.8 61.2/832 50.8/77.9

Table 3. 5-shot part label transfer in four categories of
ShapeNet. The reported numbers are overall mloU.

model airplane  car chair table

AtlasNetV2 [34] 57.8 59.3 669 70.6

DIT [1] 64.2 66.1 804 86.0
DIF [2] 73.9 69.6 82.1 86.6
Ours 75.1 704 842 869

tasks for dense correspondence evaluation. In Section 5.2,
we measure shape reconstruction accuracy to evaluate the
representational power for unknown shapes. In Section 5.3,
we present advanced dense correspondence analysis under
more challenging settings. Lastly, in Section 5.4, we per-
form ablation studies to analyze the proposed regularization
and the sensitivity over feature extractor [31].

Datasets and Baselines. We train and validate our model
and baselines on four categories (e.g., chair, table, airplane
and car) of ShapeNetV2 [50]. We follow the training split
of DIF [2] for each category. For label transfer tasks, we use
the labels from ShapeNet-Part [56] and KeypointNet [55].
DIT [!1] and DIF [2] are the most relevant baseline mod-
els as they both globally learn implicit template fields, and
we select AtlasNetV2 [34] as an additional baseline. Dense
correspondence is measured with local patch composition
in [34]. For more implementation details, analyses, and vi-
sualizations, see the supplement.

5.1. Dense correspondence

To evaluate the quality of learned dense correspon-
dence, we conduct various surrogate tasks including key-
point transfer, part label transfer, and texture transfer due to

598



DIT DIF

Figure 7. Texture transfer result on ShapeNet. We transfer part segment labels from source shapes (colored in ivory) to target shapes
and compare ours with DIT [1] and DIF [2]. For additional visualizations, please refer to the supplement.

Table 4. Reconstruction accuracy for unseen shapes in four cat-
egories of ShapeNet. The reported numbers are chamfer distance
(CD) between ground truth and reconstructed meshes at a resolu-
tion of 256°.

CD (x10%)|  airplane car chair table

DIT [1] 0.2261 0.4082 0.3063 0.6187
DIF [2] 0.2093  0.3157 0.4229 0.2640
Ours 0.1859 0.3150 0.2265 0.2796

the lack of labeled datasets for 3D dense correspondence.
For the following tasks, we transfer respective labels from
source shapes to target shapes in a common template space.

Keypoint label transfer. Table 2 presents the quantita-
tive result in a 5-shot keypoint transfer task. We mea-
sure the performance by a percentage of correct keypoints
(PCK) [57]. We compute the distance between the trans-
ferred keypoints and the ground truth points to record the
PCK score with the threshold of 0.05/0.1. Our method
achieves the best performance in all four categories with
a significant improvement. Especially for categories with
high structural variability (e.g., chair and table), a large per-
formance gain is observed. For instance, even compared
to the best baseline, on the chair category with the thresh-
old of 0.1, our method (83.2) outperforms DIT [1] (66.7)
by 16.5%, and on the table category with the threshold of
0.1, our method (77.9) outperforms DIF [2] (62.9) by 15%.
We additionally provide the visualization of keypoint trans-
fer in Figure 4, which also support the importance of un-
derstanding part semantics for shape correspondence. In
particular, two keypoints of pea-green and orange from the
source chair are geometrically close but semantically dif-
ferent since one is for the arm part and the other is for the
seat part. Among several methods, only our framework suc-
ceeds in disentangling two keypoints in the target chair. We
provide more qualitative results regarding keypoint transfer
results in real-world data [53] to validate the robustness of
our method in the supplement.

Part label transfer. For few-shot part label transfer tasks,
we transfer part segment labels from source shapes to tar-
get shapes. In detail, for each (target) point of the deformed
target shape, we find the n nearest points of the deformed
source shapes and perform weighted voting using their la-
bels and distances to the target point. In our experiments,
we used n = 10 nearest points. For a 5-shot part label
transfer task in Table 3, five source shapes were used just
the same as [2] for every category. Table 3 shows our frame-
work achieves the best performance over all four categories.
Moreover, Figure 6 illustrates the qualitative results of one-
shot part label transfer on ShapeNet [50]. Similar to key-
point transfer, Figure 6 also proves the effectiveness of se-
mantic knowledge in dense correspondence.

Texture transfer. Figure 7 shows texture transfer results on
ShapeNetV?2 [50] to compare established dense correspon-
dence between baselines and ours with higher-frequency la-
bel transfer. We observe notable texture transfer results. For
instance, our framework successfully transfers the source
car’s texture of the windshield (¢gray) to the corresponding
part of the target cars, whereas baselines transfer the same
textures to the roof part of the target cars.

5.2. Shape reconstruction

We report the reconstruction quality of unseen shapes
with Chamfer Distance (CD) to validate the representational
power of our framework in Table 4. A smaller CD means
more accurate reconstruction. As in previous work, we re-
port the CD x 102 for readability. Also, we consistently dis-
cuss the CD and performance gain below at this scale. We
optimize the corresponding shape latent code for a given
unseen shape. We measure CD as in DIF [2], where recon-
structed meshes are extracted at a resolution of 2562, and
CD is calculated with 10K sampled points. Our framework
on average achieved the best reconstruction results surpass-
ing DIF by a margin of 0.0512. On average, our method
and DIF exhibit 0.2518 and 0.3030 reconstruction errors,
respectively. In three out of four categories, our method
achieved the best reconstruction accuracy.
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5.3. More challenging setups

To further validate the effectiveness of our method, we

perform additional experiments and compare the results
with DIF [2]. Overall, the results below imply current meth-
ods that lack part semantics and do not consider part defor-
mation consistency may fail to learn semantically plausible
deformation in challenging cases.
2-shot part label transfer within different subcategories.
Our objective is to assess dense correspondence perfor-
mance under difficult settings. We conduct 2-shot part label
transfer within two different subcategories belonging to the
same category, where shapes from different subcategories
tend to have different geometry for same semantics. Since
ShapeNet [50] includes incorrect subcategory labels [58],
we manually cleaned subcategory labels for four categories
(e.g., airplane: airliner/jet, car: sedan/jeep, chair: straight
chair/sofa, table: pedestal table/short table). Figure 8 dis-
plays examples of shapes from each subcategory. For robust
evaluations, we randomly select the source shape 5 times for
each subcategory. Table 5 shows our framework achieves a
significant performance gain in all cases by over 7.2% on
average compared to DIF [2].
Unsupervised dense correspondence in DFAUST [59].
Furthermore, we evaluate unsupervised dense correspon-
dence with non-rigid shapes [59]. For more challenging
settings, we train both DIF [2] and our model for two dif-
ferent subjects with different sizes and heights (e.g., sub-
ject ID of 50002, 50026) and four distinct actions (e.g.,
shake arms, chicken wings, running on spot, and jumping
jacks). Colormap in Figure 9 demonstrates the correspon-
dence quality, where we transfer color over the up-axis. In
the source shape, the arms are labeled in red. After trans-
ferring these color labels to the target shapes, our method
preserves the red/orange labeling of the arms across differ-
ent motions, whereas the baseline fails to capture the same
labeling (i.e., yellow hands) since it lacks semantic knowl-
edge during training. Additionally, we conduct keypoint
transfer tasks and measure the PCK score as identical as in
Section 5.1. Our model achieves 74.9/85.2 with a threshold
of 0.05/0.1, whereas DIF [2] achieves 67.0/80.7 with the
same threshold, showing our superior performance in the
challenging settings (see the supplement for the full key-
point transfer result). Note that we can also learn implicit
templates for non-rigid shapes with supervision as in [19].
We conduct experiments in unsupervised settings since our
focus is to validate the effectiveness of utilizing additional
semantic information for template learning.

5.4. Ablations

Ablation on regularizations. We conduct ablation stud-
ies regarding the proposed regularizations including part
deformation consistency regularizations, global scale con-
sistency regularization, and global deformation consistency

Airliner Jet Sedan

Jeep

Straight chair

Sofa  Pedestal table Short table

Figure 8. Types of source shapes for 2-shot part label transfer.

Table 5. 2-shot part label transfer in subcategories of
ShapeNet. The reported numbers are overall mIoU over 5 runs.

subcategories DIF [2] Ours

airplane(airliner/jet)  64.5+161  72.8+099 (+8.37)
car(sedan/jeep) 65.1+234  69.1+1.46 (+4.07)
chair(straight/sofa) 66.3+6.06 77.5+581 (+11.27)
table(pedestal/short)  74.4+101  79.7+6.26 (+5.37)

Ours

50002

50002, shake arms

Figure 9. Color transfer on DFAUST [59]. We transfer different
color labels over the up-axis from source shapes (colored in ivory)
to target shapes and compare ours with DIF [2].

50026, running on spot

Table 6. Ablations for every proposed regularization. We report
mloU for 5-shot part label transfer on ShapeNet chair. Note that
Lpac denotes Lpde_geo + Lpde_sem-

L pde L geo [:scale chair
@ | v 83.4
® | v 83.9
©| v v v | 842

Table 7. BAE-Net k ablation. We report mloU for 5-shot part
label transfer on ShapeNet chair over 3 runs.
| k=2 k=4 k=6

k=28 k=10

chair ‘ 83.840.51 83.5+1.48 82.8+1.27 83.610.85 83.7+1.33

regularization. We conduct 5-shot part label transfer within
a chair category, as same as Section 5.1. Table 6 shows that
each component of our proposed regularizers contributes to
performance improvement for dense correspondence. Note
that by only using Lpc, i.e., using Lpgc_geo and Lpdc sem it
still outperforms than baselines (80.4 [1] and 82.1 [2]). The
best performance was achieved by incorporating all pro-
posed regularizations.

BAE-Net [31] with different k. We evaluate the effect
of k for BAE-Net [31] with mean/standard deviation over
3 runs for ShapeNet [50] chair in We train BAE-Net [31]
with a range of k = (2,4,6,8,10), where k = 4 is used
in the main paper, and report mloU for 5-shot part label
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transfer task. Table 7 shows the efficacy of semantic priors,
where our framework achieves the average mloU of 83.5,
which shows higher performance than baselines. More im-
portantly, we observed that the performance is fairly robust
over k.

6. Conclusion

We have proposed a new framework that learns a
semantic-aware implicit template field. Our framework
extracts semantic knowledge from a self-supervised fea-
ture extractor given unlabelled point clouds. By leveraging
the semantic information, we propose novel conditioning
with semantic-aware deformation code and part deforma-
tion consistency regularizations to encourage semantically
plausible deformation. Furthermore, we suggest global
scaling consistency and global deformation consistency reg-
ularizations to enhance the learning process. Through quan-
titative and qualitative evaluation, we demonstrate the supe-
riority of our proposed method and verified the effect of all
proposed components in our framework.
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