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Abstract—Three-dimensional (3-D) object recognition has
achieved satisfied achievement in both academia and indus-
try. However, most traditional 3-D object classification methods
implicitly assume that there are abundant training data from
a static distribution. To relax the assumption, we target on
a more challenging and realistic setting: few-shot incremental
3-D object learning (FSI3DL), which intends to incremen-
tally classify the new coming 3-D objects with few training
data. In order to achieve this, two key challenges need to
be concerned: 1) the catastrophic forgetting issue caused by
incremental 3-D data with irregular and redundant topologi-
cal structures and 2) the overfitting issue caused by few-shot
training data. To address the first challenge, we use Laplacian
spectral analysis based on 3-D meshes to design an embed-
ding network that consists of super-vertex graph convolution
(SVGC) module and topology-aware graph attention (TAGA)
module. The SVGC is designed to construct the discriminative
local topological characteristics for representing the irregular
3-D meshes better. The TAGA is designed to identify redundant
topological characteristics. To address the second challenge, a
fine-tuning strategy with model alignment regularization is inves-
tigated. Furthermore, an embedding space selection and fusion
(ESSF) strategy is proposed in the inference phase to miti-
gate catastrophic forgetting and overfitting further. Combining
SVGC, TAGA, and alignment regularization with ESSF strategy,
a novel topology-aware graph convolution network (TopGCN)
is proposed to address the FSI3DL. Experiments on repre-
sentative 3-D classification datasets validate the superiority of
TopGCN.

Index Terms—3-D meshes, class incremental learning,
few-shot, graph convolution network (GCN), three-dimensional
(3-D) object recognition.
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I. INTRODUCTION

HREE-DIMENSIONAL (3-D) object recognition tech-
T niques have achieved dramatic success in many
applications, such as autonomous vehicle technology [1], intel-
ligent robotics [2], and AR/VR [3]. Representative 3-D object
recognition methods can be roughly summarized into five
categories: 1) parameterization-based [4]; 2) view-based [5];
3) voxel-based [6]; 4) point clouds-based [7]; and 5) meshes-
based [8]. The successes of these methods are based on an
implied assumption that there are abundant training samples
from a static distribution.

However, the above assumption can be violated easily in
many practical scenarios where new classes of 3-D objects
with few training samples arrive incrementally (see Fig. 1).
For example, a household cleaning robot or 3-D object clas-
sification software is trained on server-defined classes (e.g.,
ModelNet40 [6]). Then, the robot or software is provided to
users who may have user-defined classes and may add new
classes continually in the future. To meet the needs of users,
the model underpinning the robot and the software needs to
continually learn new user-defined classes, while not forget-
ting the classes learned before. But users are only willing to
label very few samples (e.g., 3, 5, or 10) per new class because
the sample annotation consumes effort. Therefore, it is critical
to equip the model with the ability to learn new classes with
few training samples and preserve previous knowledge.

To meet the needs of the above model, we need to solve a
challenging problem: few-shot incremental 3-D object learn-
ing (FSI3DL), which has two key challenges. First, the new
model may forget the knowledge of previously learned classes
(i.e., catastrophic forgetting) [9]. Furthermore, the redundant
and irregular topological structures of 3-D objects may exac-
erbate the catastrophic forgetting [10]. The second challenge
in FSI3DL is how can we train a robust classifier with few
training samples for new classes. A solution is to mine the
deeper connection between the new classes and the previous
models. Few methods have been proposed to address FSI3DL.
Naive solutions are to fine-tune a trained model [11] with new
classes, or joint-train a model using all training data from
previous and new classes. The former seriously suffers from
catastrophic forgetting on previous classes and overfitting on
new classes. The latter is impractical because this method is
time consuming and resource consuming (e.g., power and stor-
age), and the old training data may not be accessed. Besides,
other straightforward solutions are to combine few-shot class
incremental learning (FSCIL) methods [12], [13] of image
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Fig. 1. Illustration of our TopGCN to incrementally learn new classes of
3-D meshes objects on few-shot data (i.e., C-way K-shot tasks). We design
an embedding network to learn unique 3-D topological characteristics (e.g.,
red parts of airplane and bottle) for mitigating catastrophic forgetting. For the
inference phase, we build a new embedding space to mitigate catastrophic
forgetting and overfitting further.

classification with a 3-D feature extractor [8]. However, they
treat each 3-D local characteristic equally to explore 3-D topo-
logical characteristics for both past and new classes. Hence,
they may fail to neglect redundant topological characteristics
and highlight unique topological characteristics for mitigating
catastrophic forgetting.

To address FSI3DL, we propose a novel topology-aware
graph convolution network (TopGCN) based on meshes. It
aims to mitigate catastrophic forgetting and overfitting when
incrementally learning new classes of 3-D objects with few
training samples. Specifically, to take advantage of the bet-
ter representation ability of meshes and overcome irregularity
and redundancy of meshes, we use Laplacian spectral clus-
tering [14] to design an embedding network that consists
of hierarchy super-vertex graph convolution (SVGC) mod-
ules and a topology-aware graph attention (TAGA) module.
These modules jointly mitigate catastrophic forgetting. Then,
to mitigate the overfitting, a fine-tuning strategy with model
alignment regularization is investigated.

The SVGC modules construct a series of super-vertices with
adaptive and larger receptive fields to construct discrimina-
tive local topological characteristics, which can characterize
3-D meshes well and overcome irregularity. Then, the TAGA
module quantifies the contributions of the above local topo-
logical characteristics as illustrated in Fig. 1. In other words,
it neglects the redundant topological characteristics with low
contributions and focuses on unique 3-D topological character-
istics with high contributions. The model alignment regulariza-
tion aims to align the parameters between the last model and
the new model. Hence, combining the fine-tuning (i.e., training
the last model by new training samples) with the model align-
ment regularization, we can transfer some previous knowledge
to new classes. Furthermore, motivated by [15], we propose
an embedding space selection and fusion (ESSF) strategy.
ESSF is implemented in the inference phase and can further
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mitigate catastrophic forgetting and overfitting. We experi-
mentally show that our method outperforms other SOTAs
significantly on ModelNet40 [6], ShapeNet [16], MCB [17],
and CO3D [18] datasets.

The contributions of this article are summarized as follows.

1) We design a novel few-shot incremental 3-D learning
method based on meshes without saving any exemplars.
To the best of our knowledge, this is an early work on
few-shot incremental learning in the field of 3-D object
recognition.

2) We design SVGC and TAGA modules to construct a
novel embedding network that is optimized by a meta-
metric loss [19]. The SVGC modules abstract adaptive
and larger receptive fields to construct discriminative
local topological characteristics, and the TAGA focuses
on unique 3-D topological characteristics to mitigate
catastrophic forgetting.

3) Combining the fine-tuning strategy with a model align-
ment regularization, we can mitigate overfitting by
transferring the previous knowledge to the few-shot data
from new classes.

II. RELATED WORK
A. 3-D Object Classification

With large-scale 3-D object datasets arising, numerous
neural networks based on diverse data representations are
proposed for 3-D object classification, which can be divided
into five categories [20], [21]. Parameterization-based meth-
ods [4], [22] flatten a 3-D meshes object to a two-dimensional
(2-D) image. Although they also enjoy common benefits
derived from CNNs, their performance needs to be improved.
View-based methods [5], [23] collect a group of multiview
images for a 3-D object, then apply 2-D CNN and view pool-
ing to extract the global features. Although they are effective,
they suffer from self-occlusion and determining the num-
ber of views. Voxel-based methods [6], [24] convert a 3-D
object to voxel grids and apply 3-D CNNs to extract fea-
tures. They are limited by discretion errors and exponentially
growing computational costs. Recently, sparse methods [25]
and Octrees methods [26] are proposed to improve efficiency.
Point Clouds-Based Methods: PointNet [27] learns point-
wise features from disordered point clouds directly, while
it ignores the local information. PointNet++ [7] solves this
issue by aggregating neighbors. They have inspired some other
works on point clouds [28], [29]. Meshes-based methods aim
utilize the better representation ability of meshes and over-
come the irregularity of meshes. They regard vertices [30],
edges [11], [31], or faces [8] as the unit of extracting fea-
tures. For example, MeshNet [8] regards polygon faces as the
unit and designs some blocks to capture and aggregate face
features. However, these methods are static and cannot tackle
the practical FSI3DL scenario well.

B. Few-Shot Class Incremental Learning

Few-shot learning (FSL) aims to train a model to classify
unseen classes with a few training data. Most research works
in FSL are meta-learning based [32], [33] or metric-learning
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Overview of our TopGCN method, which mainly consists of stacked SVGC modules to construct discriminative local topological characteristics

while achieving adaptive and larger receptive field, a TAGA module explores what local topological characteristics are beneficial for incremental learning.
The embedding network is optimized by a model alignment regularization loss term and a meta-metric loss term. In the inference phase, an ESSF strategy
selects proper embedding to further mitigate catastrophic forgetting and overfitting. Finally, we classify all seen classes according to the selected embedding

by the nearest class mean classifier.

based [34], [35]. Class-incremental learning (CIL) [36], [37],
[38], [39] is an active machine learning task that learns a uni-
fied classifier continually to recognize all encountered classes
and tries to mitigate catastrophic forgetting. There are many
CIL works in image classification, but few works in 3-D
object classification [10]. Although I3DOL [10] performs well
on point clouds data, it cannot be extended to meshes data.
In addition, these CIL works are designed for new classes
with many training data, and most CIL methods store many
exemplars of old classes.

Recently, FSCIL, as a more challenging and practical
problem, is proposed by TOPIC [12]. Until now there are
not many related works [13], [40], [41]. TOPIC [12] uti-
lizes a neural gas network [42], [43] to keep the topo-
logical structure of the feature manifold for preserving
old knowledge while introducing new classes incrementally.
Cheraghian et al. [13] proposed a semantically guided knowl-
edge distillation method by using a visual-semantic alignment
strategy and does not make network parameters increase
while learning new classes incrementally. IDLVQ [40] pro-
poses a nonparametric method to balance preserving old
knowledge and learning new knowledge based on learning
vector quantization (LVQ) [44] in embedding space. Although
IDLVQ [40] achieves SOTA performance on image classifica-
tion. These methods in 2-D vision cannot be employed to 3-D
object recognition directly because the irregular and redun-
dant topological structures of meshes representation make
them difficult to explore what 3-D topological character-
istics are beneficial for FSI3DL. Our method outperforms
IDLVQ [40] with a large margin and does not save any
exemplars.

III. FEW-SHOT INCREMENTAL 3-D OBJECT LEARNING

In this section, we first state the FSI3DL problem defini-
tion and the overall framework of our proposed TopoGCN
method. Then, we introduce detailed formulations of our
method.

A. Problem Definition and Overview

FSI3DL has a stream of disjoint tasks D = {Dl, , DT},
where D' = {D!., Di,} corresponds to the 7-th incremental
task. D, is the training set of task ¢ and D}, is the test set
of task . {g' yt} € D' is a pair of 3-D meshes object g;
and its label yJ e C. gf {V, A} can be regarded as
graph, where V = {v,} contams N vertices and each vertex is
defined by its 3-D coordinate, and A € RV*V is an adjacency
matrix. C' = {cf. ..., c|cy} is the set of classes of D'. The
classes of different tasks are disjoint, i.e., Vi,j, C'NC/ = @,
where i # j. Base task D' (i.e., task 1) contains many base
classes with many training samples, and remaining each new
task D' (t > 1) contains C classes and each class has K
training samples. This setting is defined as C-way K-shot
FSCIL setting [12]. The model is incrementally trained on
D = {Dl, , DT}, while only training samples from D' are
accessible during the #-th training task. Afterward, the model
is evaluated on all the learned classes.

Fig. 2 illustrates the overview of our method. First, we
apply a graph convolution on a 3-D mesh object G (please
note that we omit scripts ¢+ and j for ease of readability)
to get initial local topological characteristics. Then, stacked
SVGC modules further incorporate local topological character-
istics on G and super-vertex graphs {Sg;}lL: | that are obtained
by Laplacian spectral clustering. Afterward, a topology-aware
attention module explores what 3-D topological characteris-
tics in local topological structures are beneficial to mitigate
catastrophic forgetting. Specifically, it stresses unique 3-D
topological characteristics while neglecting common topolog-
ical characteristics. The above modules form an embedding
network that is optimized by a model alignment regularization
loss term and a meta-metric loss term. The model alignment
regularization loss aims to mitigate overfitting by aligning the
parameters between the last model and the new model. After
training an embedding network at task 7, we compute pro-
totypes of D’. Furthermore, an ESSF strategy is used in the
inference phase, which selects proper embedding to further
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Fig. 3. Detailed demonstration of SVGC. The different patches of the airplane
represent different super-vertices.

mitigate catastrophic forgetting and overfitting. Finally, we
employ the nearest class mean classifier to classify all the
learned classes.

B. Super-Vertex Graph Convolution

A 3-D meshes object is composed of some main local topo-
logical structures (e.g., an airplane mainly consists of wing,
engine, tail, head, etc.) that can be used to construct discrim-
inative local topological characteristics [10]. Most previous
methods [8], [11] design various graph convolution networks
(GCNs) on 3-D meshes to extract local characteristics from
a small neighborhood (e.g., the 1-ring neighbors). However,
a small neighborhood has a smaller receptive field when the
network is shallow, which is not beneficial for constructing
discriminative local topological characteristics [45] and can
not explore the main local topological structures.

To explore the main local topological structures and con-
struct discriminative local topological characteristics, we use
Laplacian spectral clustering [14] and graph convolution to
design an SVGC module that can be stacked hierarchically. As
shown in Fig. 3, the Laplacian spectral clustering can produce
some super-vertices that represent the main local topological
structures. For example, the different patches of the airplane in
Fig. 3 represent different super-vertices. Simultaneously, com-
bined with graph convolution, we can abstract adaptive and
larger local topological regions (i.e., receptive field) along the
hierarchy to construct discriminative local topological charac-
teristics. As shown in Fig. 3, SVGC is a U-net-like structure
and has three key layers: 1) a mesh pooling layer; 2) a
super-vertex convolution layer; and 3) a fusion layer.

1) Mesh Pooling Layer: Laplacian matrix of a mesh object
G is computed as H = A~'(D — W) [46], where A =
diag(ai, ..., ay) represent vertex weights, a; is local Voronoi
area that is equivalent to one-third of the total area of 1-ring tri-
angles, D is a diagonal degree matrix with entry d; = Zj\/:l Wij,
and the sparse cotangent weight matrix W € RV*V contains
cotangent term wy; that is defined as [46]

o 0.5(cota,~j + cot,Bij), jEeN;

M=o, i=jorjg i D

where A; is the 1-ring topological neighborhood of vertex v;,
and «;; and B;; denote the two angles opposite of edge (i, j). We
perform Laplacian spectral clustering [14] on Laplacian matrix
H to cluster similar vertices (i.e., the same color vertices of
X;—1 in Fig. 3) into a patch that is a main local topological
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structure and is denoted as a super-vertex. Then, we conduct
graph convolution on super-vertices to extract discriminative
local topological characteristics.

We use Laplacian spectral clustering to produce k; super-
vertices SV = {svzy,-}f’: | and a cluster mask M; = {mf|mf €
{1,2,. kl}}N in hierarchy level [, where an entry ml
1ndlcates that vertex v; belongs to super-vertex sv, . [ =
1,2,...,L, and L represents the number of hierarchy levels
As shown in Fig. 3, we build a super-vertex graph SG; by
connecting two patches/super-vertices if original graph G has
at least one edge between two patches (e.g., the green and
orange vertices).

Super-vertex feature is obtained by applying a channel-wise
max-pooling operation on the input features of all mesh ver-
tices that belong to the super-vertex sv; ;. Taking max-pooling
as an example, the super-vertex feature s;; € R4 of the Ith
SVGC module is formulated as

$1j = Maxx;_1, 2
ml=j
where x;_1 ; is the vertex feature of the original graph and is
collected into matrix X;—1 = {x;_1 ;} | € RVx4,

2) Super-Vertex Convolution Layer: With adaptive and
large receptive field, we can construct more discriminative
local topological characteristics [45]. Hence, to obtain adap-
tive and large receptive field, we perform graph convolutions
on S§G; to aggregate topological characteristics across super-
vertices as for example in EdgeConv [28]. Specifically, the
output feature §;; € RY of super-vertex sv;; is computed as

§;; = max LeakyRelu(Fl,S (sl,i©(sz,j — sl,,-); 91,5)) 3)
JENL

where A ; is the 1-ring topological neighbors of super-vertex
svii» Fis : R?4 — R% is a shared nonlinear function imple-
mented as an MLP with trainable parameters 6; ; and (© is the
concatenation operation.

3) Fusion Layer: We note that continually performing
graph convolution on the super-vertices may lose some
detailed information. As shown in Fig. 3, to preserve more
detailed information, we concatenate the vertex feature
X1, € R% and the corresponding super-vertex feature § Stmb>
ie, X, = sl z© x;—1,;- Then, we apply the EdgeConv to get
final output

X = mja\? LeakyRelu(sz(xl z@(xl,/ il,i)§ Gz,f)) )

JE
where N; represents the 1-ring topological neighborhood of
vertex v;, Fyr : R — RY with trainable parameters ;s and
the other symbols are similar to (3). These output topological
characteristics flow into a subsequent module.

C. Topology-Aware Graph Attention

Although our SVGC could construct super-vertices adap-
tively with discriminative local topological characteristics,
each super-vertex contributes equally to exploring discrimina-
tive 3-D topological characteristics for incremental learning,
which is not beneficial for incremental learning. In other
words, some super-vertices representing unique 3-D character-
istics can help mitigate catastrophic forgetting of old classes,
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Fig. 4. Detailed demonstration of TAGA.

but the others representing common characteristics can pro-
mote catastrophic forgetting. Thus, as shown in Fig. 4, we
design a TAGA module to stress unique 3-D topological
characteristics while neglecting common topological char-
acteristics. Specifically, the uniqueness of a super-vertex is
decided by itself and the difference between itself and its
1-ring topological neighbors. Thus, we use graph convolution
and residual mechanism to construct the TAGA module. The
output X; = {xL’i}i.V: | € RVXAL of the last SVGC module is
processed as

xq,i = LeakyRelu(Fq 1 (xL,i 0a,1)) 5)

where Fj, 1 : R —» RY% js a shared MLP function with
trainable parameters 6,,1. The TAGA module has the same
number of super vertices as the last SVGC module. Then, we
apply the mask M; on X, = {x,, i}i.V: 1 € RN*da to get super-
vertices features § = {s,-}fi | € RFLxda ag s1j- Then, quantified
super-vertex feature is computed as

Sq,i = Z aijeij + si
j€NG,i

where e;; = s; — s; is edge feature that represents the differ-
ence between two super-vertices, and A, = {a,-j}f.‘j,:1 € Rz xke
are attention weights. The larger e;; produces a larger attention
weight which means super-vertex sv; is a more unique struc-
ture than others and makes a greater contribution to mitigating
catastrophic forgetting. The a;; is computed as

a;j = Sigmod (Relu (Fa2 (ejj; 6a,2)))

(6)

(7

where F, 5 : R4 — R is a shared nonlinear function imple-
mented as an MLP with trainable parameters 6,>. Finally,
we utilize a channel-wise max-pooling operation on S, =
{sa‘,-}fi | € R¥.%da to obtain the global embedding z = f(G) €
R9% of a 3-D meshes object, where f(-) represents the network
model.

D. Embedding Network Learning

The softmax-based classifier is challenging and harder for
incremental learning [47], and this situation becomes worse
when the training data of new classes are few. Therefore, we
focus on the combination of embedding network learned with
metric-learning loss and an NCM classifier [37]. The objective
function is formulated as

L = ALeEwc + LmmL ¥

where Lgwc is a model alignment regularization loss for
constraint parameters changeless [47], [48], LmmL is a metric-
learning loss, and A is the tradeoff parameter. Lgwc is

formulated as
1 t—1 t t—1 2
Lewc = Z 5]—'1, <0p — 6, )
p

where ‘7:1[7_1 is the Fisher information matrix [48] that is got
at task r — 1, 915 and 915_1 are the network parameters of task ¢
and task ¢ — 1, respectively. Lgwc sums over all parameters
6y of the network.

In previous methods [47], [48], this regularization term is
used to keep previous knowledge for mitigating catastrophic
forgetting. However, we have a new find in this article: Lgwc
can also be used to mitigate the overfitting. The reason is
that Lgwc reduces the difference between the new and last
model, which can transfer some effective knowledge from the
last model to the current new model. Then, with the aid of
transferred knowledge, the new model can achieve a better
generalization with few data (i.e., mitigating the overfitting).

LvmL is the meta-metric loss [19] that optimizes the set-
based distance in a meta way to better learn base or new
classes. Specifically, at task #, to construct a batch similar
to the form of meta-learning, a support set S' = {s{|c =

!
7

1
1..., nq}E‘l are randomly sampled from the training set Dj,.
The support samples of class ¢ € C' form a meta cell M =
{s51i = 1,...ng}. As shown in Fig. 2, for each query sam-
ple ql? of Q', we aim to minimize its distance to the positive

C))

t
i = 1,...,n5}|rC:|1 and a query set Q' = {¢f|c = cL,i =

meta-cell M€ and push away other negative meta-cells M€
(c # ). Ly is formulated as

"q
LMML = Z Zlog 1+ Z exp(djc/ —di + m) (10)

c c#Ec
where m is a margin parameter, djcl denotes the farthest intr-
aclass distance between q;/ and the corresponding positive
meta-cell M, and dJC denotes the nearest interclass distance

between q]?/ and negative meta-cell M€. This process is called
as hard mining strategy [19]

5 —agf aae) = | ) S60) ¢ =
i =N - : ol c ’
min; (d(f(qj ),f(si))), c#c
where d(-, -) is a distance metric function.
After training an embedding network with the optimization

of (8) at task ¢, we compute prototype g, [37] of class ¢ € C’
(please note that we omit script ¢ for ease of readability)

1
Ke = — E [y] =C]er'l
ne ;

where z]’-‘ = f'(G)) is the embedding of a training sample, class
c has n training samples, and [y; = c] is 1 if y; = c is true and
0 otherwise. The prototype f,. (¢ € C) is computed in task 7,
since task ¢ + 1 cannot access the training data of old tasks.
Then, the NCM classifier [37] is applied on the embedding
space of f/(-) to classify all seen classes as follow:

(11)

(12)

yj = argmin dist(z;?, [LC>. (13)

ceCy
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E. Embedding Space Selection and Fusion

To further mitigate the catastrophic forgetting and overfit-
ting, we propose an ESSF strategy in the inference phase.
The ESSF strategy selects the base, new, or fused embed-
dings of the test data of all seen classes. Then, we modify the
NCM classifier to classify these selected embeddings. As illus-
trated in the right part of Fig. 2, we extract base embedding
z =f! (Gj) and new embedding z” = f1(Gj) of a test sample
from the base model f (-) and latest model f(-), respectively.
Then, we select the base, new, or fused embedding as follows:

zj’.’, wj’»’—w;‘>r
n n b
zj = z., wj —w > T (14)

wz +wz |w”—wb|<r

J

where w? and a);‘ represent the possibility that G; come from
the base and new classes, respectively, and v € (0,1) is a
predefined threshold. If a)]l-’ — a)]" > 7, G; is more likely to
come from the base classes C!. Conversely, g; is more likely
to come from the new classes C, = (J,C’ (+ > 1) when

o —of > T. However, the source of G; is unclear when

J 7
|a) — a)b | < t, then we use an fusion of base embeddlng
z]b and novel embedding z . The possibility of a) and a)

computed as

)

M ) R A
(15)

where v;’ = Y iccr @jit; and vi =3 .o Bjip; denote the base
and new embedding space center, respectively. «; denotes the
weight value of the ith base prototype and §; is also similar.
They are defined as follows:

cof-4(4 1)
Yeect exp(—d (Zf? : uc))
col-ols 1)
o))

Finally, to classify the selected embedding z; from (14), we
modify the NCM classifier [37] as follows:

Qji =

Bji = (16)

3 = argmin dist(z;, p,.)
ceC’

ct, a)f’ — wj" > T
—_1 I k . n_ b

C, = Uzk:2 Ck, a)jn a)jb> T
= . — T <

Cs = Ui €5 o} —of| < 7.

C = (17)

If o?—w" > T, we classify z; = z? only within base classes C'.

Conversely, we classify z; = zj only within new classes Cp. If

|a) — o bl < 7, we classify z; = w
classes C

The base embedding space of f!(-) performs well on the
large-scale base classes and has a sound ability of feature
extraction that is helpful to mitigate the overfitting, despite
its poor results on unseen new classes. On the contrary,

+ o’ z] within all seen
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Algorithm 1 Optimize and Evaluate Our Method (Task t)

Input: Training data D!, of task t, test data Dy, = | Ji_, Di,
model f11(-) when t > 1, model f'(-) when 7 > 2, old
prototypes {p.lc € Cp,Cp = U,’;{ci} when ¢t > 1, the
number of query samples each class n, = 1, the number
of support samples each class n; = K — ny, and margin
parameter m;

Output: New model f7(-), new prototypes {g.|c € C'};

1: if t =1 then

2: Initialize f!(-) randomly;

3: for epoch = 1,2, ...,100 do

4 for Randomly sample [S 1 01 in D,l, do
5: | Optimize f'(-) by Eq. (10);

6: end for

7: end for

8: Compute prototypes on D - by Eq. (12);

9: Evaluate our method on D . by Eq. (13).

10: else

1 Initialize £7(-) with f/=1(-);

12: for epoch = 1,2, ...,30 do

13: Randomly resample [S', Q1 in Di;

14: Optimize f*(-) by Eq. (3);

15: end for

16: Compute new prototypes on D}, by Eq. (12);
17: Evaluate our method on Dy, by Eq. (17).

18: end if

the incremental-learning embedding space of f'(-) performs
poorly on the base classes and performs well on new classes.
Equation (14) chooses different embedding depending on pos-
sibilities w? and ", it combines the advantages of each other
and overcomes the weakness of each other. The optimization
and evaluation pipeline is summarized in Algorithm 1.

IV. EXPERIMENTS

In this section, following 2-D FSCIL methods in image clas-
sification field (e.g., TOPIC [12] and IDLVQ [40]), we conduct
comprehensive experiments on widely used 3-D object recog-
nition datasets: ModelNet40 [6], ShapeNet [16], MCB [17],
and CO3D [18].

A. Datasets

ModelNet40 [6] has 9843 training samples and 2468 test
samples from 40 widely varied classes of 3-D meshes objects.
We choose 16 classes as the base task (i.e., task 1), whose
all training samples are utilized to optimize the base model.
The remaining 24 classes are split into eight new few-shot
incremental learning tasks. Each new task contains three new
classes and each new class has five randomly selected train-
ing samples (i.e., 3-way 5-shot setting). The test set remains
unchanged from the original dataset. There are nine training
tasks in total.

ShapeNet [16] contains 35037 training samples and 5053
validation samples from 55 widely varied classes of 3-D
meshes objects. We use 53 classes of them and choose 21
classes as base task, whose all training samples are utilized to
optimize the base model. The remaining 32 classes are split
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TABLE I
SETTINGS OF DIFFERENT DATASETS

Dataset Classes Base Classes New Task Tasks
ModelNet40 [6] 40 16 3-way 5-shot 9
ShapeNet [16] 53 21 4-way 5-shot 9
MCB [17] 68 18 5-way 5-shot 11
CO3D [48] 50 25 5-way 5-shot 6

into eight new few-shot incremental learning tasks. Each new
task contains four new classes and each new class has five
randomly selected training samples (i.e., 4-way 5-shot). The
original validation is treated as the test set. There are nine
training tasks in total.

MCB [17] contains 46 978 training samples and 11716 test
samples from 68 classes of 3-D meshes mechanical compo-
nents. We choose 18 classes as base task, whose all training
samples are utilized to optimize the base model. The remaining
50 classes are split into ten new few-shot incremental learn-
ing tasks. Each new task contains 5 new classes and each
new class has five randomly selected training samples (i.e., 5-
way 5-shot). The test set remains unchanged from the original
dataset. There are 11 training tasks in total.

CO3D [18] is a realistic dataset. It contains 16 557 training
samples and 1732 test samples from 50 MS-COCO classes
of 3-D point cloud objects with severe noise. We choose 25
classes as base task, whose all training data are used to train
the base model. The remaining 25 classes are treated as new
classes and split into five new few-shot incremental learn-
ing tasks. Each new task contains five new classes and each
new class has five randomly selected training samples (i.e., 5-
way 5-shot). The test set remains unchanged from the original
dataset. There are six training tasks in total.

We summarize the settings of different datasets in Table I.
Meshes objects in ModelNet40, ShapeNet, and MCB datasets
are not manifold meshes, which limits us perform spectral
clustering well. To address this issue, we use the method
proposed by [54] to convert original meshes into watertight
manifold meshes, and simplify them to 1024 vertices by mesh
decimation [55]. We reconstruct point cloud objects of the
CO3D dataset into meshes objects and simplify them to 1024
vertices by mesh decimation.

B. Implementation Details

1) Training Details: We utilize PyTorch to implement
our method and use Adam [56] to optimize the model.
Momentum is 0.9 and weight decay is 0.0001. For the base
task, the model is trained for 100 epochs. The initial learning
rate is 0.001 and is decayed by 0.5 every 20 epochs. We train
our model with a learning rate of 0.0001 for 30 epochs in each
new task. For the meta-metric loss, each class has one query
sample (i.e., n; = 1), and the number of support data per class
ng = K—ng. The support set S” and query set Q' are randomly
sampled in each batch, where the batch size is |C'| x (ng+ny).
For the architecture of the network, the first GraphConv layer
of Fig. 2 is an EdgeConv layer with one shared fully con-
nected layer (64). Fy,, Fir, Fy 1, and F,» are implemented
by one shared fully connected layer, respectively. We use two

SVGC modules (i.e., L = 2), per SVGC has 16 super-vertices
(i.e., ki = kp = 16) and set di = dp = 64 and d, = 512.
In other words, the output dimensions of Fj and Fy s are 64,
the output dimension of F,; is 512, and the input and out-
put dimensions of F, > are 512 and 1, respectively. The final
embedding is 512 dimensions and is normalized. We adapt
squared Euclidean distance d(z,z) = ||z — Z/|[5 as the dis-
tance metric function. We set the threshold v = 0.2 as the
default. We augment the data during the training by jittering
the vertex positions via a Gaussian noise with a mean of zero
and a standard deviation of 0.01 as in MeshNet [8].

2) Comparative Methods: For comparative experiments,
we compare our method with the fine-tune and joint train
methods. The former only fine-tunes the embedding network
of task ¢t — 1 at current task ¢ with the training data of D',
The latter trains the embedding network of task r — 1 at task ¢
with all training data U;:l Dfe. They are optimized by triplet
loss [57]. We compare some representative CIL methods in
our FSI3DL setting, including the classical iCaRL [37] and
the SOTA methods NCM [50], EEIL [49], and SDC [47].
We also compare our method with IDLVQ [40], FACT [53],
and C-FSCIL [52] that are the SOTA FSCIL methods of
image classification. For a fair comparison, these methods uti-
lize modified DGCNN [28] as the embedding network. We
replace its input with meshes and replace its KNN neigh-
bors with 1-ring neighbors of meshes. The final embedding is
512 dimensions and is normalized. The rest is consistent with
DGCNN [28]. We also compare with one recently proposed
3-D object classification algorithm PAConv [51]. We modify
PAConv [51] to the FSI3DL task by using the knowledge dis-
tillation loss of iCaRL [37] to mitigate PAConv’s catastrophic
forgetting. Except for IDLVQ [40] saves one exemplar per old
class, there are no exemplar data available for our method and
other competing methods. All the above methods are evaluated
on all the seen classes Cy = | Ji_; C' in the inference phase.

3) Evaluation Protocol: After training a network on D', we
evaluate the model on all the encountered classes and compute
the average incremental accuracy [58], [59]. We repeat the
whole learning process ten times on each dataset and report the
average test accuracy. We also report average forgetting [60] to
evaluate the forgetting of previous tasks. In task k, it quantifies
where a;; is the accuracy of task j after training task /.
The average forgetting at the kth task is defined as Fy =

[1/G— DI fE

C. Comparison With Comparative Methods

1) ModelNet40 Results: We present the accuracy compar-
isons of few-shot incremental learning on the ModelNet40
dataset in Table II. We summarize the observations from
Table II as follows:

1) Comparing the performance of different methods at task

1, our method outperforms the others by at least 1.12%,
which demonstrates that the irregular meshes can be
characterized well by our embedding network (SVGC
+ TAGA) and meta-metric loss Lymvr . Furthermore, our
TopGCN boosts static classification performance.
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TABLE II
AVERAGE ACCURACY (%) ON MODELNET40 UNDER THE 3-WAY 5-SHOT FSCIL SETTING (I.E., NEW TASK D’ (¢ > 1)
CONSISTS OF THREE CLASSES AND PER CLASS HAS FIVE TRAINING SAMPLES)

Tasks Our Relative
Method 1 5 3 7 5 6 7 8 9 Improvements
Fine-tune 96.41 93.42 82.68 62.21 54.35 38.84 37.55 28.44 18.32 +38.82
Joint train 96.41 95.82 82.01 75.15 65.21 62.94 58.56 56.93 52.74 + 4.40
iCaRL [37] 95.63 87.13 78.16 67.61 45.24 30.09 29.62 29.01 26.29 +30.85
EEIL [49] 95.63 88.11 77.56 67.84 44.82 29.05 28.43 27.85 27.13 +30.01
NCM [50] 95.63 90.40 66.28 49.65 41.15 35.92 28.04 28.22 22.95 +34.19
13DOL [10] 96.50 84.02 74.87 64.61 59.09 51.29 48.28 43.17 38.50 +18.64
PAConv [51] 96.74 86.41 82.74 73.43 59.64 52.73 49.22 38.83 38.70 +18.44
SDC [47] 96.41 91.25 81.07 77.24 64.15 61.54 56.00 50.02 45.73 +11.41
IDLVQ [40] 96.50 89.22 83.26 76.32 65.95 63.15 58.56 57.00 52.75 + 4.39
C-FSCIL [52] 96.50 86.32 82.55 78.15 71.68 64.59 60.57 56.26 54.10 + 3.04
FACT [53] 97.18 94.62 85.06 76.32 69.50 64.98 60.86 56.59 55.02 +2.12
Ours 97.86 97.00 87.68 81.17 74.79 68.68 64.95 62.30 57.14 0
70— , . 70 . . 70 —
—o—iCaRL —e—iCaRL —eo—iCaRL

’\0\50 SDC ;\?60 60 SDC

< | |—A—IDLVQ ~ ||—=—IDLVQ —a—|DLVQ

2507 |—s—O0urs §50 [ |—m—Ours 50 | |—=—Ours

G40t Saof of

& b

% 30 % 30t 0+

£ 20 g o /4
10t 10t ’/\/\.__. 10f /
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(2)
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Fig. 5.
the last task.

2) Our method significantly outperforms the fine-tune
method by 38.82%, as it does not make any effort to
handle catastrophic forgetting and overfitting.
Our method outperforms the joint train method (at least
4.40%) that suffers from overfitting due to many few-
shot classes. In addition, the joint train method is time
consuming and resource consuming as it uses all old
training data.
Our method outperforms representative methods of CIL
and FSCIL by about 2.12%-34.19%. The reason is
that CIL and FSCIL methods cannot explore what 3-D
topological characteristics are beneficial for mitigating
catastrophic forgetting; however, our method can explore
unique 3-D topological characteristics to mitigate catas-
trophic forgetting. In addition, our ESSA strategy can
further mitigate catastrophic forgetting and overfitting.
Fig. 5(a) illustrates the forgetting curves of different meth-
ods across nine learning tasks on ModelNet40. We can observe
that our method suffers from less forgetting than CIL meth-
ods and FSCIL method and obtains a 9.14% gain over the best
exemplars-based method IDLVQ [40]. Combining Table II and
Fig. 5(a), we can see that our method is more effective than
other comparative methods on mitigating the catastrophic for-
getting and overfitting of FS3DIL. We analyze the reasons
as follows: Our embedding network abstracts adaptive and
larger receptive field to construct discriminative local topo-
logical characteristics and focuses on unique 3-D topological
characteristics to mitigate catastrophic forgetting; the model
alignment regularization can mitigate catastrophic forgetting

3)

4)

Number of Classes

O -, L L L L L L L L
18 23 28 33 38 43 48 53 58 63 68
Number of Classes

(©)

37 4 45 49

(b)

Average forgetting of different methods on (a) ModelNet40, (b) ShapeNet, and (c) MCB datasets. Our method exceeds others by a large margin at

and overfitting simultaneously; the ESSA strategy can fur-
ther mitigate the catastrophic forgetting and overfitting in the
inference phase.

2) ShapeNet and MCB Results: The accuracy compar-
isons on ShapeNet and MCB datasets are reported in
Tables III and IV, respectively. The forgetting curve compar-
isons are illustrated in Fig. 5(b) and (c). Some conclusions are
drawn from these comparative experiments.

1) Comparing the accuracy of different methods at task 1,
our method outperforms the others by at least 1.31%
and 0.81% on ShapeNet and MCB datasets, respectively.
These results demonstrate that the irregular meshes can
be characterized well by our embedding network and
meta-metric loss Lymr, and our method can boost the
static classification performance.

Our method significantly exceeds the fine-tune method
and slightly exceeds the joint train method. Fine-tune
method seriously suffers from catastrophic forgetting on
old classes and overfitting on new classes. The joint train
method suffers from overfitting and is time consuming
and resource consuming.

In terms of accuracy, our method exceeds the SOTA
IDLVQ method by 5.39% and 6.03% on ShapeNet
and MCB datasets, respectively, and has significantly
less forgetting by 17.68% and 7.11% on ShapeNet
and MCB datasets, respectively. This is because these
CIL and FSCIL methods cannot explore what 3-D
topological characteristics are beneficial for mitigating
catastrophic forgetting. Our method can explore unique

2)

3)
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AVERAGE ACCURACY (%) ON SHAPENET UNDER THE 4-WAY 5-SHOT FSCIL SETTING

TABLE III

Tasks Our Relative
Method I 3 3 7 5 6 7 8 9 Improvements
Fine-tune 84.28 50.33 31.98 23.82 16.09 15.17 13.42 10.29 8.86 +38.26
Joint train 84.28 73.48 59.19 53.95 52.47 49.41 45.55 44.21 42.05 +5.07
iCaRL [37] 83.63 72.66 47.91 48.41 39.94 33.40 22.44 22.09 15.96 +31.16
EEIL [49] 83.63 73.62 47.31 44.27 39.50 30.32 20.63 20.32 17.09 +30.03
NCM [50] 83.63 74.27 44.54 29.27 27.02 25.94 19.28 17.02 14.78 +32.34
SDC [47] 84.28 74.78 60.70 53.73 52.78 45.37 44.54 41.63 40.40 +6.72
IDLVQ [40] 84.32 74.48 61.02 54.20 53.54 49.94 44.74 43.32 41.43 +5.39
Ours 85.63 76.12 68.16 65.27 60.79 56.29 52.5 50.27 4712 0
TABLE IV
AVERAGE ACCURACY (%) ON THE MCB DATASET UNDER THE 5-WAY 5-SHOT FSCIL SETTING
Tasks Our Relative
Method I 2 3 7 5 6 7 3 9 10 11 Improvements
Fine-tune 9525 4172 2492 2205 1893 1607 1293 9.57 7.96 742 542 +A1.77
Joint train 9525 8138 6726 6239 57.8 56.72 5639  49.52 5055 4592  42.49 +4.70
iCaRL [37] 9453 7187 6193 4756 3748  27.66 2534 1756 1392 1212  10.10 +37.09
EEIL [49] 9453 7216  60.55 4883  36.89 2632 2477 1693 1356 1279 1214 +35.05
NCM [50] 9453 7622 5855 4457 2726 2452 2363 1222 1113 1101 9.56 +36.63
SDC [47] 9525 8090 6379  58.69 5337 5347 46.6 44.62 4537 3505 3325 +13.94
IDLVQ [40] 9557 8236  69.01 6347 5970 5800 5797 5170 4926 4503  41.16 +6.03
Ours 9638 8457 7299 6675  62.56 61.8 5822 5482 5206 5005  47.19 0
TABLE V .
ACCURACY (%) ON THE CO3D DATASET parameters) complexity of our method and several representa-
UNDER 5-WAY 5-SHOT SETTING tive methods at the last task of ModelNet40, the comparison
-~ results are depicted in Table VI. To compare the time com-
Method ; 5 . asKs - < g— Improve  plexity, we conduct time comparison experiments on the
Fine-tune 769 58.1 430 23.1 203 146 +417 ModelNet40 dataset in the training and inference stage, respec-
Jgim trai3n 72-3 22-;‘ gg-é 5;-(5) 22-2 g é-g +2‘;-56 tively. For each 3-D object, the average training time of other
iCaRL [37] 76. . 8 52, 7. g 22 . : - .
EEIL [49] 769 671 617 534 492 355 4208 qomparatlve methosis is 6.2 13..5 ms. The average training
C-FSCIL [52] 780 630 588 562 535 520 +43 time of our method is 7.0 ms, which is faster than IDLVQ [40]
FACT [53] 773 700 627 604 569 543  +20 and is comparable with iCaRL [37] and SDC [47]. For each
Ours 788 687 632 618 568 563 0 3-D object, the average inference time of other comparative
methods is 1.4-1.5 ms. The average inference time of our
TABLE VI

TIME (TRAINING AND INFERENCE TIME) AND SPACE (NETWORK
PARAMETERS) COMPLEXITY AT THE LAST TASK OF MODELNET40

Method Training (ms) Inference (ms) #Param(M)
iCaRL [37] 6.9 14 0.377
SDC [47] 6.2 1.5 0.357
IDLVQ [40] 13.5 1.5 0.377
Ours 7.0 2.5 0.400

3-D topological characteristics to mitigate catastrophic
forgetting. In addition, our ESSA further mitigates catas-
trophic forgetting and overfitting. In conclusion, our
method not only outperforms others on static 3-D object
classification but also outperforms others on FSI3DL.
3) CO3D Results: To compare the performance of differ-
ent methods in the presence of noise, we present the accuracy
comparisons of few-shot incremental learning on the CO3D
dataset in Table V. For this dataset, we compute the overall
accuracy of each task on all learned classes. We can observe
that our method still suffers from less forgetting than other
methods in the presence of noise and outperforms SOTA meth-
ods at least 2.0%. These experiments demonstrate that our
method is more robust against noise than others.
4) Time and Space Complexity Analysis: We analyze time
(training and inference time) and space (number of network

method is 2.5 ms, which is comparable with comparative meth-
ods and is acceptable in practical application. To compare the
space complexity, we statistical network parameters of our
method and others. As depicted in Table VI, the parameters
of our method are comparable with others.

D. Ablation Study

1) Contribution of Different Components: We conduct
ablation studies on the ModelNet40 dataset to investigate the
contribution of individual components on the performance of
average accuracy. As depicted in Table VII, we analyze four
variants of our method. 1) E-EWC [48]: we use the modi-
fied DGCNN as the embedding network that is optimized with
Lewc and triplet loss [57] as in SDC [47], and use NCM clas-
sifier without ESSF strategy as in SDC [47]; 2) Ours-DGCNN:
embedding network replaced with DGCNN, and meta-metric
loss replaced with triplet loss; 3) Ours-Trip: meta-metric loss
replaced with triplet loss; and 4) Ours-w/oTAGA: without
TAGA. The performance degrades 0.36%-21.16% when some
components of our method are removed, which demonstrates
that each designed component is indispensable in mitigating
the catastrophic forgetting and overfitting of FS3DIL. The
comparison between E-EWC and Ours-DGCNN demonstrates
that our ESSF strategy can mitigate catastrophic forgetting and
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TABLE VII
ABLATION STUDIES ON THE MODELNET40 DATASET FOR INVESTIGATING THE CONTRIBUTION
OF INDIVIDUAL COMPONENTS ON AVERAGE ACCURACY (%)

. Tasks
Method DGCNN SVGC TAGA Triplete MML ESSF 1 5 3 Z 5 5 = 3 9
E-EWC v v 96.41 9025 7290 79.51 6643 4738 51.51 46.24 3598
Ours-DGCNN v v v 96.41 9506 79.09 80.16 6827 6245 6296 54.74 53.00
Ours-Trip v v v v 9738 9582 85.65 79.78 73.19 68.08 63.59 59.54 5533
Ours-w/0TAGA v v v 97.48 9580 88.55 7824 71.85 6538 61.64 59.69 56.78
Ours v v v v 97.86 97.00 87.68 81.17 74.79 68.68 6495 62.30 57.14
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Fig. 6. Accuracy comparison of various FSCIL settings on (a) ModelNet40, (b) ShapeNet, and (c) MCB datasets.
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Fig. 7.
[0.01,0.1, 1,2, 4, 10] times of 108.

overfitting and achieves a performance boost of 17.02%. The
comparison between Ours-DGCNN and Ours-Trip demon-
strates that our embedding network can extract more discrimi-
native features and focus on unique topological characteristics
than DGCNN and boosts the performance by 2.33%. The
comparison between Ours-w/0TAGA and Ours further demon-
strates that our TAGA module can explore beneficial 3-D
topological characteristics to mitigate catastrophic forgetting
and achieves an obvious performance boost at each task. The
comparison between Ours-Trip and ours demonstrates that the
meta-metric loss can better distinguish different classes with
a gain of 1.81%.

2) Effect of Different Shot of Training Data: To investigate
the effect of different numbers of training samples, we report
the accuracy of our method under 5-shot, 10-shot, and 20-
shot settings on three datasets, respectively. Fig. 6 illustrates
that the performance of our method increases as increasing
training samples, which shows the overfitting problem can be
mitigated by increasing training samples.

3) Parameter Investigation: We evaluate the effect of
changing regularization parameter A and margin parameter

Parameter investigations with respect to A and m on (a) ModelNet40, (b) ShapeNet, and (c) MCB datasets. We vary regularization parameter A in

m on the performance of our method over ModelNet40,
ShapeNet, and MCB datasets. We vary regularization param-
eter A in [0.01,0.1, 1, 2, 4, 10] times of 108 and vary margin
parameter m in [0.0,0.2,0.4, 0.6, 0.8, 1.0]. From the illus-
trated results in Fig. 7, we can achieve the best performance
on the ModelNet40 dataset with A = 2 % 108 and m = 1.0,
ShapeNet dataset with A = 2 % 10% and m = 1.0 and MCB
dataset with A = 108 and m = 0.0. In addition, we evaluate the
effect of changing threshold parameter t of the ESSF strategy
[i.e., (17)] on the ModelNet40 dataset. We vary threshold
parameter 7 in [0.0, 1.0] with an interval of 0.1, as shown in
Fig. 8(a). From the illustrated results, our method achieves the
best performance on the ModelNet4(0 dataset when v = 0.2.
The performance is constant when v > 0.5. This is because
only z; = w]}.’z]l»’ + w}’z]'»' is effective when 7 > 0.5.

We investigate the effect brought by the number of SVGC
modules on ModelNet40 and MCB datasets, in other words,
exploring the best embedding network structure. As illustrated
in Fig. 8, we vary the number of SVGC from 1 to 3 and
train each embedding network same epochs at each task (see
Section IV-B). The results demonstrate that two SVGCs (i.e.,
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Fig. 8. (a) Parameter investigations threshold parameter . We vary t in [0.0, 1.0] with an interval of 0.1. Our method achieves the best performance when

7 = 0.2. Comparisons of the various number of SVGC modules on (b) ModelNet40 and (c) MCB datasets. Two SVGCs achieve the best performance in each

task and outperform others with a large margin.

150 150

+

¢

Loss
Loss

CE®NOO AWM

4

50 501

0 e 0 by 2 ot eocttoacontacen
20 40 60 80 100 120 140 10 20 30 40 50
Epoch Epoch
(a) (b)

Fig. 9. Black Convergence analysis about all tasks on the ModelNet40
dataset. Our method starts to converge at about 100 epochs and 30 epochs
for (a) task 1 (base task) and (b) task 2-9 (new tasks), respectively.

our default network) achieve the best performance in each task
and outperform others by a large margin. The network with
one SVGC module is too shallow to learn much knowledge.
However, the network with three SVGCs is too deep, which
may overfit the few-shot new tasks.

4) Convergence Analysis: Fig. 9 investigates the conver-
gence stability of our method on the ModelNet40 dataset. On
the base task, our model starts to converge and presents stable
performance when the iterative training epoch is about 100. On
all new tasks, our model starts to converge when the iterative
training epoch is about 30. Thus, we use 100 and 30 epochs
for the base and new tasks, respectively.

5) Visualization of Clustering and TAGA Results: We visu-
alize the Laplacian spectral clustering results of some 3-D
meshes objects from three datasets in Fig. 10. These clustering
results show that the Laplacian spectral clustering can capture
a 3-D object’s main local topological structures, which help
the embedding network constructs discriminative local topo-
logical characteristics with adaptive and larger receptive field
for representing the irregular 3-D meshes better.

As shown in Fig. 11, we visualize the attention weights of
the TAGA module on three 3-D objects of the ModelNet40
dataset. TAGA outputs larger weights to stress unique 3-D
topological structures and we visualize them with dark color.
On the contrary, TAGA outputs small weights for common
topological structures (e.g., the bottom part of bottle and cup;
cylinder part of three 3-D objects) that are shown in light color
and are neglected to mitigate catastrophic forgetting. It demon-
strates our TAGA module can focus on unique 3-D topological

Fig. 10. Visualization of Laplacian spectral clustering results on ModelNet40
(first row), ShapeNet (second row), and MCB (third row) datasets.

Bottle Cup Airplane

0.0

Fig. 11.  Visualization results of TAGA’s attention weights on three 3-D
objects of the ModelNet40 dataset. The dark color represents larger attention
weights (i.e., more unique 3-D topological structures) and vice versa. Such as
the bottom part of bottle and cup, and the cylinder part of three 3-D objects
are neglected common topological structures that are shown in light color.

characteristics while neglecting common topological charac-
teristics to mitigate catastrophic forgetting.

6) Effect of Different Order of New Classes: To investi-
gate the effect brought by different orders of new classes,
we repeat the whole learning process ten times with differ-
ent random seeds on the ModelNet4(0 dataset. The three 3-D
object classification datasets are long-tailed distribution (or
data imbalance), i.e., small portion of classes (head classes)
have massive training samples but the other classes (tail
classes) have only a few samples. According to the problem
definition of FSI3DL, we choose head classes as base classes
of the base/first task and choose the tail classes as few-shot
classes of new tasks, which is a natural and reasonable. Thus,
the classes of the first task are fixed in each line and only
the classes of new tasks changed in each line. As shown in
Table VIII, the experiments demonstrate different orders of
new classes have some influences on the performance among
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TABLE VIII
AVERAGE ACCURACY (%) OF DIFFERENT RANDOM SEEDS ON MODELNET40 UNDER THE 3-WAY 5-SHOT FSCIL SETTING (I.E., NEW TASK D (r > 1)
CONSISTS OF THREE CLASSES AND FIVE TRAINING DATA PER CLASS). THE CLASSES OF THE FIRST TASK ARE FIXED IN EACH LINE, AND VARIOUS
RANDOM SEEDS ARE ONLY USED FOR CLASSES NEW TASKS IN EACH LINE

Tasks
Random seed T 5 3 7 5 5 = 3 3
1 97.86 96.97 90.7 85.06 76.97 69.77 65.64 63.89 57.32
2 97.86 96.68 85.14 81.12 72.10 66.48 63.83 61.55 57.25
3 97.86 96.69 84.74 78.60 75.70 66.42 63.17 60.66 57.00
4 97.86 96.90 90.74 83.14 75.01 70.71 64.60 61.36 57.24
5 97.86 96.70 87.75 81.67 76.58 69.86 64.71 61.92 57.03
6 97.86 96.68 89.63 79.25 71.69 70.37 63.75 60.58 57.09
7 97.86 97.28 91.13 82.79 75.92 67.62 64.55 62.75 57.14
8 97.86 97.28 85.26 80.41 75.93 69.52 66.7 63.76 57.16
9 97.86 97.60 85.04 76.48 74.72 69.20 65.57 62.81 57.18
10 97.86 97.22 86.67 83.18 73.28 66.85 66.98 63.72 56.99
Avg 97.86 97.00 87.68 81.17 74.79 68.68 64.95 62.30 57.14
TABLE IX

AVERAGE ACCURACY (%) OF DIFFERENT POOLING FUNCTIONS ON MODELNET40 UNDER THE 3-WAY 5-SHOT FSCIL SETTING

. . Tasks
Pooling function I 5 3 7 3 5 = 3 9
sum 96.12 92.35 79.97 79.81 72.39 66.23 58.65 55.41 50.77
mean 96.50 90.64 83.03 79.02 73.02 66.82 60.24 57.91 53.53
max 97.86 97.00 87.68 81.17 74.79 68.68 64.95 62.30 57.14

the intermediate incremental tasks, but have a little influ-
ence on the average performance across all incremental tasks.
Because our method could explore and accumulate useful 3-D
topological characteristics of all previously learned classes to
alleviate the catastrophic forgetting in the final task regardless
of different classes orders.

In addition, we report the average test accuracy in the last
row to further overcome the influence of different classes
orders on the average performance across all incremental tasks.
We also repeat the whole learning process ten times with dif-
ferent random seeds on ShapeNet and MCB datasets and report
the average test accuracy in the last row of Tables III and IV.

7) Effect of Different Pooling Functions: We investigate
the effect brought by the different pooling functions on
ModelNet40 dataset, i.e., we replace the max-pooling function
of SVGC module and the first GraphConv with avg-pooling
function or sum-pooling function. As shown in Table IX,
the experiments demonstrate different pooling functions have
some significant influences on the performance among all
tasks. The max-pooling outperforms avg-pooling and sum-
pooling at each task by a large margin.

V. CONCLUSION

In this article, we propose a novel TopGCN that con-
sumes 3-D meshes directly to address FSI3DL. Specifically,
the SVGC module is designed to construct several main local
topological characteristics for representing the irregular 3-D
meshes better. Meanwhile, the TAGA module stresses unique
3-D topological characteristics that help mitigate catastrophic
forgetting. We optimize the network by a meta-metric loss
to better distinguish different classes. Moreover, we find the
fine-tuning strategy with model alignment regularization can
mitigate overfitting. Finally, an ESSF strategy is proposed in
the inference phase to select proper embedding, which is capa-
ble of further mitigating overfitting and catastrophic forgetting.

Extensive experiments on four 3-D datasets demonstrate the
effectiveness of our method.

Compared with FSCIL methods in images, the FSI3DL is
also very important since there are massive amounts of 3-D
objects needed to manage in practical scenarios. We believe
the proposed method can solve practical problems and bring
extensive benefits. Compared with static 3-D object classifica-
tion, the proposed FSI3DL is more practical as incrementally
coming new classes with few data is very common. For exam-
ple, some artificial intelligence tasks (e.g., robot manipulation
and autonomous driving) need to percept the environment
through 3-D information, where arising new object classes
with few samples happen frequently. In the future, we plan to
research few-shot incremental learning in 3-D object detection,
which is a more challenging task than FSI3DL. The proposed
method can be employed in the classification stage of few-shot
incremental 3-D object detection since 3-D object classifi-
cation is one subtask of 3-D object detection. Furthermore,
during the inference stage, the FSI3DL model may encounter
some unlearned classes and wrongly classifies them as learned
classes. How to recognize these unlearned classes as unknown
is also worth studying, which can make the FSI3DL more
intelligent.
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