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Abstract

Few-Shot Class-Incremental Learning (FSCIL) aims to con-
tinuously learn novel classes with limited samples after pre-
training on a set of base classes. To avoid catastrophic for-
getting and overfitting, most FSCIL methods first train the
model on the base classes and then freeze the feature ex-
tractor in the incremental sessions. However, the reliance
on nearest neighbor classification makes FSCIL prone to
the hubness phenomenon, which negatively impacts perfor-
mance in this dynamic and open scenario. While recent
methods attempt to adapt to the dynamic and open nature
of FSCIL, they are often limited to biased optimizations to
the feature space. In this paper, we pioneer the theoreti-
cal analysis of the inherent hubness in FSCIL. To mitigate
the negative effects of hubness, we propose a novel Attrac-
tion Diminishing and Distributing (D2A) method from the
essential perspectives of distance metric and feature space.
Extensive experimental results demonstrate that our method
can broadly and significantly improve the performance of
existing methods.

1. Introduction

Few-Shot Class-Incremental Learning (FSCIL) [1, 5, 6, 9]
has been gaining increasing attention in recent years. As
a special form of Class Incremental Learning (CIL) [4, 38,
43], FSCIL is proposed to continuously learn novel classes
with limited samples after pre-training on base classes with
sufficient samples.

In the past few years, FSCIL methods widely adopt the
incremental-frozen baseline [17, 32, 37, 45], where the fea-
ture extractor is trained only during the base session with
base classes. By not adjusting the feature extractor based on
the few-shot incremental classes, this baseline fundamen-
tally prevents catastrophic forgetting and overfitting issues
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that FSCIL focuses on. During the incremental sessions,
prototype classifiers are generated based on training sam-
ples, and the classification of test samples relies on search-
ing the nearest prototype, i.e., 1-nearest neighbor (NN).

However, the use of NN classification—especially in
high-dimensional spaces—is prone to hubness. Specifi-
cally, (1) due to neural collapse [21], features from the same
class tend to converge towards their within-class mean,
while features from different classes are maximally sepa-
rated. Despite FSCIL aiming to provide a distinct com-
ponent for each previously seen class in the output distri-
bution, the limited transferability of feature learning often
constrains the actual output distribution. Consequently, in-
stead of achieving distinct clusters for all classes, the output
feature space is primarily composed of base class clusters.
This leads to the output feature distribution dominated by
a mixture centered on base class prototypes. (2) Hubness
[24] refers to the phenomenon in high-dimensional space
where few points are included as the K-NN of other points
far more frequently than the remaining data points, and
these few points are called hubs. Through analysis, we find
that for the output mixture distribution in FSCIL, base class
prototypes are generally closer to the mean of the compo-
nent distributions, and therefore tend to become hubs. This
makes the base class prototypes more “attractive” in NN re-
trieval during inference.

In traditional static and close-set classification, hubness
might benefit NN classification by providing more stabil-
ity in classifications within established class clusters. How-
ever, in the dynamic and open-set FSCIL scenario, this skew
creates a disadvantage because novel classes are constantly
introduced and the hubs from previous classes could domi-
nate the classification of novel data. Some FSCIL methods
[28, 33, 40] attempt to adapt to the dynamic and open nature
by techniques such as augmentation and fine-tuning. Essen-
tially, they can be viewed as introducing hubs into the fea-
ture space and trying to associate them with novel classes.
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However, without getting to the heart of the problem, these
methods are often limited to biased optimizations to the fea-
ture space. Not only do these optimizations fail to achieve
global optimization, but they may also negatively impact
existing local optimizations. Therefore, we step beyond tra-
ditional approaches and aim to explore the essence of the
problem theoretically.

In this paper, we are the first to theoretically and experi-
mentally analyze the inherent hubness in FSCIL. Based on
the analysis, we identify that the hubness is contributed by
the distance metric and the positions of sample points in the
feature space (i.e., the feature vectors). Therefore, to miti-
gate the negative influence of certain hubs on other sample
points, we propose a D2A method to Diminish the hub “At-
traction” from the metric perspective and Distribute the hub
“Attraction” from the feature perspective. Specifically, on
one hand, a different distance metric is introduced during
the incremental sessions to alter the distance metric. This
can diminish the hub “attraction” by reducing point corre-
lation. Additionally, we dynamically control the degree of
metric alteration based on the current data distribution. On
the other hand, in the base session, we modify the loss func-
tion to optimize the output distribution. This approach dis-
tributes the hub “attraction” by introducing more compo-
nent distributions. Besides, to minimize negative impacts
on the original component distributions, we design a ran-
dom nearest-neighbor strategy in selecting samples. Our
key contributions are summarized as follows:

* We pioneer the analysis of the hubness issue inherent in
FSCIL which relies on nearest neighbor classification, es-
pecially noting its negative impact in such a dynamic and
open setting.

» From the two decisive perspectives of metric and feature,
we propose a D2A method to diminish and distribute the
hub “attraction”.

* Extensive experiments demonstrate that applying our
method to existing FSCIL methods can broadly and sig-
nificantly enhance incremental class accuracy by alleviat-
ing hubness, while also boosting overall accuracy.

2. Related Work

Few-Shot Class-Incremental Learning (FSCIL) [2, 15, 18,
44] aims to address the challenge of CIL [10, 27, 31] in
scenarios with insufficient data.

Typically, FSCIL methods are not allowed to retain any
samples from old classes, and they have fewer incremen-
tal class samples compared to CIL. Consequently, during
the incremental session, fine-tuning the feature extractor not
only faces catastrophic forgetting similar to CIL but also
risks overfitting. Such fine-tuning methods [14, 40] neces-
sitate strict control over the range and extent of fine-tuning
parameters, which not only increases the complexity but
also introduces biased optimizations in the feature space.

Given that FSCIL has more base classes compared to
CIL, it is feasible to use a similar approach as few-shot
learning [23, 29, 35] by learning a unified feature extrac-
tor from base classes directly for incremental classes, re-
ferred to as the incremental-frozen FSCIL baseline. There-
fore, most FSCIL methods follow this baseline, known as
incremental-frozen methods [13, 19, 32, 37, 45]. However,
the fixed feature extractor limits the performance of the in-
cremental classes. Although base classes are crucial for
model initialization, the primary challenge and performance
focus of the FSCIL paradigm lie in the subsequent incre-
mental classes with insufficient samples. However, since
base classes consistently account for a high proportion of
all classes, maintaining high accuracy for base classes can
maintain high overall accuracy, thereby resulting in low
dropping rates. Therefore, it is important to place more em-
phasis on incremental classes in the evaluation metrics.

While some recent methods [7, 22, 36, 40] have ac-
knowledged the low accuracy of incremental classes and
attempted to address this issue, they attribute the cause to
a single semantic or feature-based reason. Some of these
methods [12, 32] purposefully adjust prototype classifiers
during the incremental sessions, which essentially lead to
misalignment between the feature extractor and prototype
classifiers. Some methods [3, 34] preset sufficient targets
for all upcoming classes to be optimized, but since FSCIL
is an open scenario, most methods adhere to the principle
that the number of incremental classes should ideally re-
main unrestricted (i.e., potentially infinite). In contrast, we
systematically analyze the underlying causes from a theo-
retical perspective and propose a solution from the perspec-
tives of distance metric and feature space, avoiding direct
alterations to the positions of prototype classifiers and re-
strictions on openness.

3. Methodology
3.1. Task Definition

In FSCIL, the model is trained on a sequence of training set
(D! win}i_.. Each D!, . comprises a set of pairs (x;, y;)
from session ¢, where x; is a sample from class y; € Ct.
C! is the label set of dataset D}, ., and |C*| represents
the number of class labels in the set Ct. The training set
D) ..n contains sufficient samples for a large number of

classes. The subsequent training set D}, .. (t > 0) with
limited samples can be organized as N-way K -shot format,
meaning that there are only K samples for each of the V
classes from C?. Session 0 is called base session, and ses-
sion t(¢ > 0) is called incremental session. During each
session ¢, the model can only access D}, ;. However, it
needs to be tested on samples from all seen classes, i.e.,
COUC!---UC!. The classes from C are referred to as base

classes, while those from C! - - - U C? are termed incremen-
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Figure 1. Visualization of NJ"%(w.)/n on the minilmageNet
dataset in the last session, where n = 10000 and d = 512.
According to the class labels, the number of nearest neighbors
should be evenly distributed across the 100 classes, implying
N"*(we)/n = 0.01 for all class prototypes.

tal classes.

Specifically, the training objective of the base session is
to enable the model to recognize all base classes C° by min-
imizing the classification loss function,

1
Ebase = W Z

train (xi,yi)GDU

train

where model ¢(-) can be decomposed into feature extrac-
tor f(-) and linear classifiers W, i.e., ¢(x) = W f(x) €
RIC" X1 where f(x) € Riand W = {w'.|c € C°} €
R[], Typically, f(x) and w’.. are L2 normalized, so the
output logit ¢(x) denotes cosine similarity between f(x)
and each w’.. In the incremental session ¢, the weight of
the classifier W needs to be expanded for novel classes,
e, W= {wce U _,C'} € R* 50|,

A widely adopted solution (incremental-frozen baseline)
[37] is to freeze feature extractor f(-) in the incremental
sessions to avoid the catastrophic forgetting and overfitting
problems that FSCIL methods focus on. Therefore, for i.i.d.
input data, the expected output distribution of the feature
extractor will remain consistent with the distribution estab-
lished in the base session. Besides, the mean vector of all
training samples (i.e., the prototype) of each class c will be
used as the classifier’s weight for this class in the incremen-
tal sessions, i.e., w, = Nulm( Zyi:c f(x;), where Num,.
indicates the number of training samples in class c¢. During
the inference phase, nearest-neighbor prototype classifiers
are employed.

3.2. Hubness in FSCIL

In this section, to demonstrate the existence of hubness in
FSCIL, we first define the feature space output distribution
obtained during the base training phase based on neural col-
lapse. Building upon this, we analyze the conditions for the

formation of hubness in relation to distance metrics. Ulti-
mately, we prove that base class prototypes tend to become
hubs.

Definition 3.1 (Neural collapse) Neural Collapse refers to
a phenomenon observed in classification problems during
the final stages of training, where the features a extracted
by the feature extractor for samples of the same class con-
verge to their within-class mean, i.e., covariance 3. — 0
and p. — W', and features for different classes become
maximally separated in the feature space.

Given the above properties, in FSCIL, after base train-
ing under Eq. (1), the output from the feature extractor
f(x) € R? for i.i.d. samples can be expressed as a mix-
ture distribution,

|c®|+s
Pla)= Y mN(a;pue, ), 2)

c=1

where |C®| + § is the number of components in the mix-
ture distribution, 7. is the mixing coefficient for the c-th
component, and N represents a normal distribution. The
class prototype w. converges to . and 6 — 0. A detailed
proof of the output distribution is provided in the supple-
mentary materials. This represents the most challenging
case where the feature extractor, trained solely on the base
classes, fails to extract discriminative features for the incre-
mental classes to form clusters. The opposite simplest case
(e, 6 = Z;:l ’Cj ‘) requires no further analysis.
Consider a single component, let a; = [a}, ...,ad]T,i =
0,...,m be a sample of n + 1 iid.  points from
N(a; tic, 3.). Assume that N factorizes as N(a; p., 3.) =
Hfl:lj\/'(al; te, 3¢), i.e., the coordinates a', ..., a¢ are i.i.d.
The general simplified form of the distance metric between
two points is defined as £(a;, a;) = Y0, g(al, ak). Since
the optimization objective in FSCIL during training is in the
form of cosine similarity, the £ here is the corresponding
distance form, i.e., cosine distance 1 — cos(a;, a;).

Theorem 3.2 Ler N|"“(a) denotes the number of points
among other n points whose nearest neighbor is a. Set
B = Correlation(g(X,Y), ¢(X, Z)), where X,Y,Z are
i.i.d vector component variables with common distribution
N.

If B = 0 then

lim i Ny =1

30, 55, Ver ) =1, ®
lim lim Nln’d = Poisson(A = 1). 4)
n—00 d— oo

If B > 0 then

lim lim Var(N/"%) = oo, lim lim N/**=0. (5)

n—00 d— 0o n—00 d— 0o
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Further details related to the theorem can be found in
[24, 25]. In FSCIL, the correlation between g(X,Y") and
9(X, Z) with respect to the dimension is greater than 0 un-
der cosine distance, i.e., 8 > 0. It indicates that the number
of nearest neighbors is concentrated on a small subset of
points in high-dimensional space, indicating the existence
of hubness, where these few points are referred to as hubs.

Then, we prove that in the FSCIL problem, base class
prototypes tend to become hubs. Specifically, consider two
points a; and as randomly sampled from N(a; ¢, X..), s.t.,

— &(ag, tte) = cos(ag, p.) — cos(ay, p.) = s,

(6)
where 7 is a constant, s = y/Var(€(a, u.)). For a also
sampled from N (a; ¢, ), we have the expected differ-
ence

E(ar, pe)

A =E(1 — cos(aj,a)) — E(1 — cos(az, a))
= —[cos(ar, E(a)) — cos(az, E(a))] @)
= s.

Therefore, a random sample a is expected to be closer to a;
if a; is closer to distribution mean ..

Based on the analysis from Definition 3.1, base class
prototypes w, close to the cluster mean p. under the co-
sine distance metric &£, so they tend to be hubs in the
feature space f(x). Furthermore, in Fig. 1, we visualize
Ny “4(w.) /n for all prototypes among 7 test samples based
on the baseline method [29]. It can be observed that under
the cosine distance metric, Ni"%(w,)/n(c € C°) is gen-
erally larger than the value obtained by labels. Therefore,
the more “popular” and “attractive” base class prototypes
severely disrupt the accuracy of test samples from incre-
mental classes (Fig. 2).

Given that both distance metric and feature space con-
tribute to this phenomenon, we design a method from both
perspectives—metric (Sec. 3.3) and feature (Sec. 3.4)—to
alleviate it, thereby improving performance on the FSCIL
task.

3.3. Diminishing Attraction

From a metric perspective, based on Theorem 3.2, for i.i.d
X, Y, Z, if B = 0, the number of nearest neighbors Nln’d
for each point follows a Poisson distribution, meaning that
all points are uniformly distributed over R®. Therefore, al-
tering distance metric £(a;,a;) = Y0, g(al, al) within
the existing feature space can reduce point correlation 3,
thereby diminishing the “attraction” of base prototypes in
the incremental sessions.

During the inference phase of the typical FSCIL setup,
the feature extractor f(-) and prototype classifiers W are
utilized to predict the class of a sample. In session ¢, for a
given test sample x;, the prediction result is determined by

ok Incremental class ok Base class
prototypes prototypes
70
=~ 60
QO ©°
<50
>
2 g
= 390
10 13.40
0

Base classes Incremental classes

Figure 2. Visualization of accuracy on the minilmageNet dataset
in the last session. The left/right side shows the impact on the
accuracy of adding incremental/base class prototypes when us-
ing base/incremental class prototypes for NN classification on
base/incremental class test samples.

taking the argmin over a set of cosine distances (or argmax
over a set of cosine similarities),

d
y; = argmin &(w,,f;) = argmin Zg(wi,f}), 8)

celUs_ci celUl_oci 1=1
1 wh - f!
I gl c Ji
g( C’fl) d ||Wc||'||fz||7 ( )
where f; is the abbreviation for f(x;), and ||-|| represents

the L2 norm of the vector.

The above describes the original inference process,
where the distance metric £ used aligns with the training
objective. To maintain the similarity relationships learned
during training while reducing (8, we can introduce a dis-
tance metric £’ that differs from £ but remains positively
correlated with it. A completely unrelated metric would
severely impair classification accuracy. Here, we use the
Manhattan distance as an example,

d

d
E(we, £) = g'(wl, fHy=> lwl—fll. (10
=1

=1

Subsequently, we merge the distance metrics £ and £’ into
an overall metric £2v¢"%!", To eliminate their disparity in
scale, we first scale £ and £’ to distributions with the mean
of 1, then apply a weighted summation to them:

Eei
ZC€U§»:OCJ gc,i/2§:0 |Ci|
E'ei
RPNl

Egerat =(1-7)

(1)

+

where y represents the degree of metric alteration and &, ; is
the abbreviation for £(wy,, f;). The scale disparity between
different metrics is eliminated by dividing each metric by
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its average value. Eq. (11) is exemplified with a single test
sample x;, so the denominator is the average over the sin-
gle sample. In practical applications where n test samples
may be processed simultaneously, the denominator can be
directly replaced with the average across all test samples.
Therefore, in the incremental sessions, the prediction pro-
cess of Eq. (8) becomes

yr = argmin ng;em”. (12)
c€U§:OCj

Since the closer the incremental class distribution is to
the base class distribution, the larger the required value of
v, we design v to adaptively adjust according to the data
distribution in each session ¢,

t

Y- tanh(n QMD> + 17 (13)
where tanh is used to smoothly map values to the range
[—1,1],  is a fixed central axis hyperparameter, and MY,
represents the distance between incremental class distribu-
tion and base class distribution in session . Specifically,
M¢, is obtained by calculating the Maximum Mean Dis-
crepancy (MMD) [11] between base class prototypes and
incremental class prototypes,

1 1
My ==~ h(we)———— h(w,
P IACS STIR SIS
¢ celU’_qci
Jj=1 H
(14)
where h maps the feature distribution to reproducing kernel

hilbert space and ||-||;, represents the norm in this space.

3.4. Distributing Attraction

From a feature perspective, in a mixture of unimodal distri-
butions, hubs tend to appear near the means of individual
component distributions. Besides, since classification still
depends on the similarity relationships learned during train-
ing, it is not feasible to alter the metric to the extent that the
attraction of the base class prototypes is completely elimi-
nated. Based on the above analysis, we can optimize a mix-
ture distribution with more components § during training,
thus further distributing the “attraction” of base prototypes
in the incremental sessions.

To optimize the output distribution to conclude more
component distributions, the classification loss function
Eq. (1) during the base training phase is modified as fol-
lows,

£overull = (1 - a)ﬁbase + Oéﬁgapy (15)

where o represents the optimization strength for the addi-
tional component distributions. The loss function Lgq), is
designed to encourage gap samples x;; between the origi-
nal component distributions of class y; and class ¥; to form

Algorithm 1 Random nearest-neighbor strategy.

Input: A batch of training samples B = {x; | i =
0,...,n}, labels y; for each x;, number of samples r
Output: Gap dataset Dg,,
1: for each sample x; € B do
2. Compute the cosine similarity cos(x;,x;) with all
other samples x; € B where y; # y;.
3:  Calculate the probability of selecting sample x;/
based on cosine similarity:

cos(xi,xj/) + 1
Dijr = (17)
J Zj|yj7éyi (cos(x;,x;) + 1)

/I The addition of 1 ensures all probabilities are pos-
itive.

4:  Sample r instances without replacement from the
multinomial distribution with probabilities p;;:

T, ~Mult(r; {pij | x; € B,y; #yi})  (18)

/I The samples closer to x; are more likely to be se-

lected.

5. Compute the gap samples {x;; = %(xZ +x;)|x; €
7}

6: end for

7: Construct the gap dataset Dgap = {(xi5, ¥4, ¥;)|x; €
Zi i € B}

Dataset ic’l T N K
minilmageNet [26] 60 8 5 5
CIFAR100 [16] 60 8 5 5
CUB200 [30] 100 10 10 5

Table 1. Statistics of datasets.

clusters. Specifically, it is formulated as follows,

1 LB(xi5)s yi) +LO(Xi5), Y5)

D 2
‘ gap‘ i,95Y5)€Dgap

Egap =

(16)
To minimize negative impacts on the original component
distributions and the already filled component distributions,
we design a random nearest-neighbor strategy to construct
the gap dataset D, utilizing the nearest-neighbor bound-
ary samples as described in Algorithm [. By incorporat-
ing randomness, this approach avoids excessive repetition
in nearest-neighbor selection, thereby increasing the diver-
sity of the selected samples and promoting the formation of
more component distributions.
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Method

Incremental class accuracy in each session (%)

Overall accuracy (%)

1 2 3 4 5 6 7 8 Last (8)
FACT [41] 15.80 1440 1540 1455 13.64 1220 12.66 13.20 48.51
C-FSCIL[12] 520 1240 1727 1990 2340 22.60 2591 25.95 51.41
TEEN [32] 4020 3560 3247 3270 2996 2833 28.89 29.35 52.08
Bidist [40] 27.00 3030 29.60 27.85 2844 2680 2623 25.62 52.22
OSHHG [7] 39.26 3226 3131 30.12 2695 24.08 2451 25.89 46.75
EHS [8] - - - - - - - - 49.06
DyCR [20] 1440 13.80 1293 1395 1212 1120 1231 13.90 51.08
CLOSER [19] 3020 2870 27.93 2690 25.16 23.67 2426 25.78 53.33
M2SD [17] - - - - - - - - 56.51
Decoupled-Cosine [29] 11.20 12,70 13.87 14.10 1336 1243 13.09 13.40 45.92
+D2A (Ours) 1520 1850 20.13 20.75 19.48 18.63 19.31 20.50 49.33
CEC [37] 1540 17.10 1667 1590 1420 13.63 1420 14.78 47.63
+D2A (Ours) 20.80 2170 22.67 22.60 20.64 19.77 2043 21.30 51.34
CLOM [45] 13.00 1420 14.07 1400 12.88 1220 1326 15.05 47.95
+D2A (Ours) 1500 18.00 19.73 2135 2120 1970 19.94 21.33 48.54
SAVC [28] 38.00 3390 30.80 30.60 26.68 24.80 2623 27.13 55.97
+D2A (Ours) 46.00 4020 3840 40.05 36.12 33.83 34.17 36.33 57.72

Table 2. The incremental class accuracy of each incremental session and the overall accuracy of the last session on the minilmageNet

dataset.
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Figure 3. The average incremental class accuracy across different sessions on the minilmageNet, CIFAR100, and CUB200 datasets.

4. Experiments

4.1. Experimental Setup

4.1.1. Datasets

Following the benchmark setting [37], we conduct experi-
ments on minilmageNet [26], CIFAR100 [16], and CUB200
[30] datasets. The statistical characteristics of the three
datasets are listed in Table 1.

4.1.2. Experimental details

For a fair comparison, training-related settings are consis-
tent with the baseline methods, and results for all baseline
methods are reproduced using publicly available code under
the same experimental environment. Besides, the results
of the comparative methods that are not reported in their

papers are reproduced by their publicly available source
code. We set « as 0.5 to balance the optimization strength
between the original and additional components across all
datasets and baselines. 7 is set as 4 to ensure diversity in
sample pairs and kept small for efficiency for all datasets
and baselines. To enable v to dynamically adjust around 0.5
based on session distribution, 7 is fixed as a decimal near
M}). Specifically, for Decoupled-Cosine, CEC, and CLOM,
n is set to 0.1 for CIFAR100 and 0.3 for minilmageNet and
CUB200, while for SAVC, 7 is set to 0.2 across all datasets.
Since CUB200 is a fine-grained dataset with subtle inter-
class differences, we do not apply the Distributing Attrac-
tion to baseline methods with complex feature extraction
processes (i.e., CLOM and SAVC) on the CUB200 dataset.
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Figure 4. The overall accuracy of each session on the minilmageNet, CIFAR100, and CUB200 datasets.

1 3 5 7 Last (8)
IM TRN IA Inc. Overall Inc. Overall Inc. Overall Inc. Overall Inc. Overall
2220  67.60 17.33 59.45 16.80  53.53 15.71 48.80 15.45  46.70
vV 28.00 6760 2247 59.53 21.80 53.96 19.86  49.24 19.75 47.26
Vv 28.60 6838 2200 60.67 22.16 5502 2271 51.19 2218 49.27
vV Vv 31.20 68.08 25.00 6059 2496 5534 2529 5167 24.68 49381
vV Vv v 30.08 68.82 2493 61.11 2496 55.59 2529 51.74 24.68 49.84

Table 3. Ablation studies of our proposed method on the CIFAR100 dataset. Due to space limitations, only the Incremental class accuracy

and overall accuracy on sessions 1, 3, 5, 7, and 8 are presented.

4.2. Comparison to Existing Methods

In this section, we comprehensively apply our method to
existing FSCIL methods for performance comparison and
evaluate it against other representative and recent methods.

Applying our method to the incremental-frozen FSCIL
methods yields substantial performance improvements. As
shown in Tab. 2 and Fig. 3, by alleviating hubness attraction,
our method significantly enhances the accuracy of challeng-
ing incremental classes and achieves state-of-the-art perfor-
mance. Although SAVC [28] is already dedicated to adapt-
ing incremental classes, our method still notably boosts its
performance, surpassing existing methods that specifically
consider incremental class accuracy, such as TEEN [32] and
OSHHG [7]. Additionally, Tab. 2 and Fig. 4 show that
incorporating our method leads to a general improvement
in overall accuracy and surpasses recent methods. As the
number of incremental classes rises, the advantage of our
method becomes even more evident, indicating that our ap-
proach provides genuine, balanced FSCIL performance im-
provements, rather than simply preserving base class per-
formance statically. Additional detailed comparative results
are provided in the supplementary materials.

4.3. Ablation Study

To demonstrate the effectiveness of each component in our
method, we conduct ablation experiments based on the

baseline method [29] in Tab. 3.

First, in the incremental sessions, altering the distance
metric during inference (IM) as described in Eq. (11) (y =
0.5) not only significantly improves the accuracy of in-
cremental classes but also boosts overall accuracy. This
demonstrates that IM can diminish the “attraction” of base
prototypes and lead to performance improvements. Further
experimental analysis in Sec. 4.4.1 explains its deep mech-
anism and general effectiveness. Based on this, altering the
feature distribution during base training (TRN) as described
in Sec. 3.4 can further improve performance. Further exper-
imental analysis in Sec. 4.4.2 demonstrates the long-term
effectiveness of the random nearest-neighbor strategy. Fi-
nally, dynamically adjusting the degree of metric alteration
during inference (IA) as described in Eq. (13) can better
maintain overall accuracy.

4.4. Further Analysis
4.4.1. Delve into Metrics

To validate that altering distance metrics can decrease hub-
ness attraction, we visualize the changes in the values of
N“%(w,)/n after introducing Manhattan distance on the
minilmageNet dataset and the baseline method [29] in the
last session, as shown in Fig. 5 (a), where n represents
the total number of test samples. It can be observed that
N “(w.)/n for base class prototypes generally decreases,
narrowing the gap in attraction between the base class pro-
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totypes and incremental class prototypes.

Furthermore, we compare the impact of introducing var-
ious distance metrics on performance on the CIFAR100
dataset, as shown in Fig. 5 (b), and observe general per-
formance improvements.

Specifically, cosine distance normalizes vectors, mitigat-
ing dimension-specific differences by focusing on vector di-
rection rather than magnitude. This allows the training pro-
cess to emphasize relationships that are robust to scale vari-
ations across dimensions. Manhattan (p = 1), Euclidean
(p = 2), and Chebyshev (p — o0) distances, as special
cases of L? distances, increasingly emphasize dimensions
with larger absolute differences as p increases. While the
Chebyshev distance’s greater alteration relative to cosine
distance significantly enhances incremental class accuracy,
it also excessively distorts similarity relationships. Metrics
like Bray-Curtis and Canberra, which also reduce the im-
pact of dimension-specific differences, preserve the cosine-
based relationships learned in training, helping maintain or
even improve overall accuracy. However, due to their lim-
ited degree of alteration, these metrics yield moderate im-
provements in incremental class performance.

In summary, our method is effective with most distance
metrics. We adopt the Manhattan distance because it not
only provides a pronounced improvement in incremental
class accuracy but also boosts overall accuracy.

4.4.2. Different Sample Strategy

To demonstrate the advantages of the random nearest-
neighbor strategy, we conduct additional experiments on the
CIFAR100 dataset in Fig. 6.

It can be observed that consistently selecting the near-
est samples (Nearest) yields higher accuracy compared to
completely random selection (Random) in the initial few
sessions. This indicates that the choice of nearest neigh-
bors minimizes the negative impact on the original compo-
nent distributions. However, in the later sessions, further
introducing randomness (Nearest+Random) leads to opti-
mal performance in terms of both overall accuracy and in-
cremental class accuracy. This suggests that as new classes
continue to arrive, methods with a stronger ability to in-
troduce more component distributions can achieve supe-
rior performance. Since sustained performance is more im-
portant in the FSCIL task, we adopt the random nearest-
neighbor strategy.

5. Conclusion

In conclusion, Few-Shot Class-Incremental Learning (FS-
CIL) faces significant challenges due to the hubness phe-
nomenon, which arises from the reliance on nearest neigh-
bor (NN) classification. This phenomenon negatively af-
fects performance in the dynamic and open FSCIL task.
While recent methods attempt to address the dynamic and
open nature of FSCIL, they are often limited by biased op-
timizations to the feature space. In this paper, we have pi-
oneered the theoretical analysis of the inherent hubness in
FSCIL and proposed a novel method, Attraction Diminish-
ing and Distributing (D2A). By considering both distance
metrics and feature space, our method effectively reduces
the negative impact of hubness. Extensive experimental re-
sults validate the effectiveness of our method, demonstrat-
ing significant improvements in incremental class accuracy
and overall accuracy.
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