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Abstract. Few-shot class-incremental learning (FSCIL) aims to learn
sequential classes with limited samples in a few-shot fashion. Inherited
from the classical class-incremental learning setting, the popular bench-
mark of FSCIL uses averaged accuracy (aAcc) and last-task averaged
accuracy (lAcc) as the evaluation metrics. However, we reveal that such
evaluation metrics may not provide adequate emphasis on the novel class
performance, and the continual learning ability of FSCIL methods could
be ignored under this benchmark. In this work, as a complement to ex-
isting metrics, we offer a new metric called generalized average accuracy
(gAcc) which is designed to provide an extra equitable evaluation by
incorporating different perspectives of the performance under the guid-
ance of a parameter a. We also present an overall metric in the form
of the area under the curve (AUC) along the a. Under the guidance of
gAcc, we release the potential of intermediate features of the vision trans-
formers to boost the novel-class performance. Taking information from
intermediate layers which are less class-specific and more generalizable,
we manage to rectify the final features, leading to a more generalizable
transformer-based FSCIL framework. Without complex network designs
or cumbersome training procedures, our method outperforms existing
FSCIL methods at aAcc and gAcc on three datasets. See codes at E|

Keywords: Continual Learning - Few-shot Learning - Catastrophic For-
getting - Vision Transformer

1 Introduction

Although existing deep neural networks (DNNs) achieve great success in various
real-world applications [17[31}32,34,/43}44)54./68|, they suffer from catastrophic
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Fig. 1: Performance under different metrics of two recent methods . (a): The dotted line
denotes the average accuracy (aAcc) widely used in classical class-incremental learning. The solid
line presents our proposed generalized accuracy (gAcc). We also show the average of each point on
the right side. (Blue: gAcc, Red: aAcc). (b): The detailed accuracies of each task after training on
the last task (task 8). It is evident that S3C exhibits superior performance when confronted with
novel classes. The conventional metric aAcc fails to reflect this due to the domination by the base-
class performance. Models are trained on the CIFAR-100 dataset. Best viewed in color.

forgetting when dealing with sequential data streams. The forgetting problem has
attracted heavy attention in recent years
. In this work, we focus on a more realistic and challenging problem: few-
shot class-incremental learning (FSCIL), in which after training on a task with
sufficient data (base task), only a few samples are provided during incremental
tasks (novel tasks). Since Tao et al. proposed the FSCIL benchmark in 2020,
a large number of algorithms have emerged to tackle this problem, including

meta-learning based , structure based , feature space
based [3,/6,[201[24}26}[59,/69] methods, etc.

However, almost all these methods are evaluated following the traditional
class-incremental learning setting, i.e. using the average accuracy (aAcc) or the
last-task averaged accuracy (lAcc) as the main metrics to critique the proposed
method. Such accuracies are calculated by weighted averaging the base-task and
novel-tasks accuracies with the weight proportional to the number of classes of
each task. Considering the reality that the FSCIL benchmarks make the major-
ity of the classes (about 50% to 60%) as the base task to establish a well-trained
backbone for few-shot continual learning, the existing aAcc or [Acc metric is
dominated by the base-class performance. In other words, current evaluation
metrics can be largely boosted by only improving the performance of base classes.
As shown in Fig. |1} a method like softNet with higher base-class performance
(see Fig.[1] (b)) usually gets higher aAcc (see red lines in Fig. (1| (a)) regardless of
the inferior performance on the novel classes. Due to the inadequacy to capture
performance changes in novel classes, current metrics are biased toward the per-
formance of base classes and have limitations in guiding the FSCIL community.
To tackle this, we propose a more balanced metric called generalized accuracy
(9Acc). Parameterized by « ranging from 0 to 1, the gAcc offers a way to evaluate
a model with explicit emphasis on performance on novel classes. Furthermore,
we can comprehensively evaluate the model by calculating the area under the
curve (AUC) along the parameter . It is worth mentioning that our intention
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is NOT to replace all previous metrics, but to provide a more fine-grained and
balanced evaluation of FSCIL methods complementary to them.

We empirically find that FSCIL can benefit from the powerful vision trans-
former (ViT) [15] by analyzing the performance of novel classes. Specifically,
although vanilla ViT performs poorly in terms of unseen novel classes, we re-
veal that the intermediate features of ViT are less specified on base classes. It
means the ViT can learn abundant semantic information but the information is
mistakenly dropped in deep layers when extracting features for novel classes.

Based on the observation, we propose a lightweight Feature Rectification
(FR) module to rectify the output features of the ViT conditioned on the in-
termediate features. To achieve this, the FR module is supervised with two
losses that work on two different levels, namely instance-level relation transfer
and class-center relation transfer. The former transfers the relations between
instances while the latter focuses on relations between instances and the class
prototypes. We further enhance the FR module by leveraging hierarchical knowl-
edge from multiple intermediate layers. Finally, our method boosts the novel-
class accuracy and maintains a comparable performance of base classes.

Our contributions are summarized as follows. (1) We revisit the existing
FSCIL benchmark and propose a novel metric called generalized accuracy (gAcc)
for a more fine-grained and balanced evaluation. We have reimplemented 14
FSCIL methods with codes released and show that the newly introduced SOTAs
do not necessarily perform better on gAce. (2) Based on gAcc, we reveal the
potential of vision transformers in FSCIL. We empirically find that although
features from the intermediate layer exhibit sub-optimal performance for the
base classes, their transferrable ability helps them to have a distinct advantage
in handling novel classes. (3) A lightweight FR module is proposed to rectify the
final features to be more transferrable. The FR module manages to make the
output feature more generalizable with assistance from intermediate features. (4)
We conduct extensive experiments on 3 datasets and evaluate our method under
both aAcc and gAcc, showing the effectiveness and superiority of our method.

2 Related Work

Meta-learning based methods. Due to the limited samples of novel classes,
some works [8}/20,/67,/70] propose to use meta-learning to improve the transfer-
ability of the model. Concretely, MetaFscil 8] proposed to simulate novel tasks
by sampling from the base task. C-FSCIL [20] uses meta-learning to train the
backbone, which maps images from different classes to quasi-orthogonal vectors.
ALFSCIL [30] formulate the process into a bi-level optimization problem.

Optimization-based methods. There is a large group of works focusing on
the optimization of the DNNs in FSCIL. CLOM |76] considers the behavior
of the backbone under different margins of the cosine loss. NC-FSCIL [59] de-
signs a pre-defined classifier for efficient FSCIL without any explicit regularizer.
SPPR |73| proposes a prototype refinement strategy for stronger expression abil-
ity. FACT [69] assigns virtual prototypes in the current stage for future updates.
Alice |42] instead focuses on the compactness and the variety of the feature space.
Based on the classifier learning, S3C [24] proposes a self-supervised stochastic
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classifier to tackle the overfitting and forgetting problem. There are more works
working on the feature space constraint [3}|6}13,26,[27}(56,/60], or knowledge
distillation [7,9-11L|14}/39,/66L(72].

Data-driven methods. There is also a branch of work focusing on the data side
of this problem, which focuses on the data replay [1,35]. FSIL-GAN [1] employs a
GAN to generate features to compensate for the scarcity of data. DF-replay [35]
uses synthesized data generated by a generator to replay. PL-FSCIL [23] seeks
prior knowledge from unlabeled data.

Structure-based methods. In addition to these works, a unique branch of
works focuses on the network structure, like topology preserving [52], growing
classifier [63], proposing a dynamic structure of the backbone [58], structure
fusion [2,/22], sub-networks [25] and ensemble models [75].

Compared with existing works, our work rephrases the challenge of the FSCIL
setting and first reveals the potential of the intermediate features of the ViT
backbone. There is also an existing work [42] offering an alternative metric. They
did not provide a fine-grained evaluation with various perspectives and have
potential risks in stability and symmetry problems. Please find more detailed
discussions about related works in the supplementary material.

3 Generalized Average Accuracy
3.1 Limitation of the Existing Metrics

Accuracy metric on incremental tasks. Consider a classification model
f(-) that takes an image as input and outputs the class predictions. For an
incremental problem, there are multiple tasks and multiple test sets. Let us
define test set at task 7; as Di.,, = {zi,yi}7,. Usually, the labeling space
Vi & {yi|(xi,yl) € Di.,} of every task does not have any intersection, i.e.
Vi # §, Y1 Y7 = (. After trained on 7;, the model can be denoted as f;(-).
The corresponding accuracy of model f;(-) at task 7; (j < %) can be denoted

as Al 2 X ;il 1(¢(fi(x])) = yl), where 1(-) = 1 if the condition is true,
otherwise 0. ¢ is the argmax operation.

Average accuracy. It is worth mentioning that for class-incremental learning,
evaluating the model on all the previous tasks is essential. To test the model
on previous tasks, an overall test set that contains all previous test sets is con-
structed as D} = U, _, D%, After trained on task 7;, the accuracy of model
fi(-) on the overall test set D2/ can be presented as Al7%. Once a n-task

incremental training ends, the average accuracy (aAcc) can be calculated as:

1 1 & ;
aAcc= — adAcc;=—Y A7 1
o w2 M

i=1

where the aAcc; is the average accuracy at each task. We can also derive two
additional metrics incidentally: last-task averaged accuracy lAcc = aAcc,, =
A} 7™, and task-wise average accuracy (tAcc):

1 & 1 &1
tAcc:ni;tAcci:nTZE

i=1 = j=

%

A (2)
1
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where the tAcc; is the task-wise accuracy at each task. Note that the aAce does
not share the same value as tAcc normally since the number of classes of tasks
is usually not the same. This will be elaborated on later in detail.

Limitation. Since FSCIL usually sets the majority of the classes as the base
task, existing metrics potentially neglect the performance changes of novel classes.
To elaborate on this, we analyze the aAcc as follows. Firstly, we denote the size
of the labeling space of task 7; as |);|. In FSCIL, the number of classes of each
novel task is usually the same, i.e. |Vnovet| = | V2| = V3] = -+ = |Yn,| < |I1].
Assuming there are total n; tasks, and task 77 is the base task with sufficient
classes and samples (non-few-shot). The following tasks {7;};t, are novel tasks,
with |Vhovet| classes for each task and a few samples per class. Now, we can
rewrite average accuracy on task 7; as:

|y1‘A11 + ‘ynovell Z;‘:Q Alz o ‘ylfilel‘A'} + 23:2 AZ

aAcc; =

(3)

D;1| + (Z - 1)|yn0'uel| |y|n.3jj.)‘el| —+ (Z — 1)
From Eq. we see that the value of aAcc; will be dominated by the base class
[V ]

accuracy A} if the ratio is large. Unfortunately, the ratio is indeed large

[Ynovet|

in the FSCIL settings. (e.g. |y‘:ilv‘el| = 12 for both CIFAR-100 and minilmageNet

dataset, 10 for CUB-200.) Under such a large ratio, the changes (both improve-
ment and degrades) of novel classes cannot be effectively evaluated by aAcc.

3.2 Generalizing the Average Accuracy
To overcome the limitations of existing metrics, we now define the generalized
accuracy (gAcc) at task T; as:

RZIENY! i j
Acc _ alynovez\Ai + ijz Ai
gAce; (@) = ] :
agg =1

in which the gAcc is parameterized by a € [0, 1]. At task 7;, gAcc;(0) measures

the accuracy of the novel tasks only. gAcci(ly ‘")‘;”ell

(4)

1]
curacy tAcc; at task T; while gAcc(1) represents the average accuracy aAce; at

task 7;. In addition to these discrete values, we further generalize the o to any
rational numbers in [0,1]. Controlled by « in Eq. (), when a — 0, gAcc(a)
emphasizes to novel class while & — 1, gAcc(a) emphasizes the base class per-
formance, i.e., the larger the «, the greater the influence of the base class on
the value of gAcc(a). To evaluate the performance of a model on a specific task
T;, a standalone value is needed. Thus, we introduce the area under the curve
(AUC) of gAcc;(«) along the parameter « as a comprehensive metric:

) denotes the task-wise ac-

1
gAcci:/ gAcci(a) da. (5)
0

Similar to aAcc, for multiple tasks, we average the gAcc; for each task and get
an overall metric gAcc for the whole learning process:

nt

1
gAcc = - Z gAcc;. (6)
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Fig.2: FSCIL performances are shown in generalized accuracy. (a): The gAcc curve (averaged
across all n; tasks) v.s. param a. (b): The gAcc AUC of each task T; (Eq. ). In the legend, we
show the average AUC across tasks(Eq. @) of each method. We evaluate recent works including
SAVC , NC , and Alice on the minilmageNet dataset. Some corner cases: Lazy: The
model maintains base-task performance while refusing to learn anything from novel tasks. Greedy:
Regardless of the previous knowledge, the model only greedily focuses on the current task. Greedy-
NF: A Non-Forget version of ‘Greedy’. See more about these cases in our supplementary material.

The proposed gAcc provides different evaluation perspectives using different «
so we believe such a metric can provide a more balanced evaluation of FSCIL.

3.3 Analysis

We further study the necessity of the proposed gAcc. We evaluate recent SOTAs
in FSCIL including SAVC , Alice and NC-FSCIL , and the results
are in Fig. [2l We show that the gAcc provides more fine-grained evaluation than
the classical accuracy metric. For example, in the left part of Fig. [2] although
the gAcc(1), which is equal to the aAcc, of SAVC is close to that of NC-FSCIL,
the area under the curve(AUC) of SAVC is much smaller than NC-FSCIL. This
indicates that the novel class performance is much worse for SAVC, which cannot
be discovered by conventional metrics.

Furthermore, to show the superiority of our metric, we consider three cor-
ner cases: Lazy, Greedy, and Greedy-NF. ‘Lazy’ stands for a type of algo-
rithm that only focuses on maintaining base-class performance, i.e. Vi > j >
1,A? = 0,A} = Aj. By setting A} = 85%, we can see that when o = 1 (i.e.
the traditional aAcc metric), its performance is close to SOTA methods. Fur-
ther, when considering popular forgetting metrics like performance dropping
(PD = A} — A}) and Knowledge rate (KR = A /A}), because the forgetting is
zero, its PD is 0 and KR is 1. All these metrics indicate such ‘Lazy’ model is
superior, which is contradictory to common sense. However, our proposed gAcc
reveals that its performance is far from satisfying by setting o < 1 and its AUC
is far smaller than other methods. In other words, using the traditional met-
rics will indicate algorithms like ‘Lazy’ achieving SOTA performance while such
methods perform poorly evaluated by our proposed gAcc. The gAcc can also
discover other corner cases. ‘Greedy’ is to greedily learn the current knowledge
(i.e. Al = 85%, Al = 100%, when i = j else 0). “Greedy” achieves low both
aAcc and gAcc. We further eliminate the forgetting problem from ‘Greedy’ and
define ‘Greedy-NF’ on top of it: set accuracy A7 to 100% for Vj > 1,5 < i
(no forgetting at novel classes). We find that although ‘Greedy-NF’ performs
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Fig. 3: t-SNE visualization of miniImageNet test set features from different layers of a ViT.
Left: we choose layers Lo, L1o, L11, L12(final) and show both base classes and novel classes features.
It is observed that shallow features are more dispersed than deep features. Right: Accuracies of
different tasks on features from various layers. It is clear that intermediate features achieve better
performance on novel classes and thus have better generalization ability. Best viewed in color.

well when majorly considering the novel-class performance (a € {0, % % % ),

the overall performance (AUC) is not satisfying. Please refer to Sec. Al in the
supplementary material for more details about these corner cases.

By analyzing these cases, we show the superior properties of the proposed
gAcc. Firstly, the g Acc metric effectively distinguishes methods (e.g. ‘Lazy’) that
only retain the base-task performance, thereby encouraging methods to learn
from novel classes. Besides, gAcc avoids overemphasis on the performance of base
classes or novel classes (corner case ‘Greedy-NF”’ is still far worse than normal
methods in terms of AUC), providing a more balanced evaluation outcome. In
other words, the proposed gAcc metric provides objective and balanced results
when evaluating FSCIL methods, eliminating ‘shortcuts’ in aAcc that focus only
on the performance of the base classes.

In conclusion, the gAcc curve and the AUC are necessary and powerful tools
to evaluate the FSCIL methods.

4 Learn from Yourself
4.1 Preliminary and The FSCIL Setting

For task 7; € {7;}X_,, the training set can be denoted as D} ;. = {z%,yi}/,.
For FSCIL settings, the base task 77 contains | V1] classes and sufficient samples
for training. For Vi > 1, there are |V, ovel| classes for each task and k samples per
class. Typically, |Vnove| is set to 5, and k = 5, i.e. a 5-way 5-shot setting. We
rephrase the classification model f(-) in Sec.[3las f(-) = ®(fp(-)) where &(-) is
the classifier and fp(-) is the backbone. We follow previous works to use a cosine
classifier: #(X) = PT X, where P € Rl and X € R?*! are the L2-normalized
inputs, and d is the feature dimension of fg(-), [V| = _, |Vi| is the number of
classes seen so far. In this work, we employ the Vision Transformer(ViT) [15] in
the FSCIL setting. For a ViT with N layers {Ll}l]iﬁ, given a input image z,
the output can be denoted as Xy, = Ly, (L, —1(--- L1(x)).
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Fig.4: The overall framework of our method. The Feature Rectification (FR) module takes the
final and the intermediate features as input and outputs the rectified features for classification. The
relation transfer losses are designed to convey valuable information from intermediate features to
the rectified ones. The details of these two parts are shown in the left and lower parts of the figure.
Further, a cosine constraint is proposed to maintain the base class performance and a classification
loss is employed to adapt to the novel classes. Best viewed in color.

Baseline. Recent works suggest a training-frozen

scheme, which trains the backbone fp(-) and the classifier @(-) (if available) on
the base-task only, and then freeze the backbone during novel tasks. For novel
classes, the classifier is extended by mean features (i.e. prototypes) extracted by
the frozen backbone. We follow and employ the scheme as our baseline.

Main idea of our method. Given that the backbone is initially trained for
the base task and remains fixed during novel tasks, the main challenges lie in
the potential overfitting on the base task and the poor feature extraction ability
of the novel classes. We conduct a toy experiment to show these problems and
show that the intermediate feature can convey valuable information to tackle
these problems. Results are shown in Fig. [3] where we select 4 base classes and
5 novel classes and utilize the t-SNE to visualize the features from different
layers. It can be concluded that features extracted by the base-classes trained
backbone are overfitted to the base classes and cannot be generalized well on
novel classes, i.e. the final features are well aggregated, but it is hard to distin-
guish among unseen classes. (see Lo features on the left and the corresponding
performance on the right). Compared with the final features (i.e. L12), the shal-
lower intermediate features (Lo, L1g, L11) are more dispersed, which makes them
more discriminative for unseen classes. This is cross-verified by the performance
shown on the right side of Fig. [B] We can see that using intermediate features
can largely boost the novel classes’ performance (up to 15% improvement) with
a price of performance decline of the base classes. Based on this observation, we
propose to rectify the final feature based on the intermediate feature to better
handle both base and novel classes.

0SS
Output Ensemble

Classifier ]

SOINed |

4.2 Feature Rectification

We propose a Feature Rectification (FR) module to rectify the final feature
based on the relation information from the intermediate features. Specifically,
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given a pair of final feature Xy, and the intermediate feature X;, we design an
FR module conditioned on the intermediate features:

Xrr = Mz (cat(Mp(Xn, ), M7(X))), (7)

where ‘cat’ means the concatenate operation. M,,;., Mr and M; are 2-layer
MLPs. By introducing the intermediate features, the FR module has access to a
reference for extracting the valuable structural information lies in the interme-
diate features. A naive way to mine such information is to directly pull rectified
features closer to shallow features on an instance-by-instance basis. Although
such an instance-wise loss can bridge shallow features and rectified features, di-
rectly pulling the rectified feature to the shallow one could lead to noisy features
since the shallow features are more scattered, as shown in Sec.

To effectively transfer discriminative cues among samples from shallow fea-
tures to rectified features and avoid introducing noise, we propose two relation-
based transfer losses at different levels. Firstly, we offer a Instance-level Re-
lation transfer (IR) to mine the relation between feature instances. Given a
pair of final features X3 and X3 , and another pair of intermediate features
X} and 27, the IR loss is defined as:

Lig =06(e(Xpg, Xig) (X[, 27)), (8)

where €(+) is the Euclidean distance and the d6(-) denotes the smooth L1 loss.
Besides the relation between feature instances, another level of the relation in-
formation is the relation between features and class centers. Class-center Re-
lation Transfer (CR) is proposed to mine this class-center-level information.
Assume at task T; with |);| classes and the feature dimension is d. Given a
set of class prototypes P € R?¥*il from the classifier &(-) as well as a pair of
final feature Xy, € R4 and the intermediate feature X; (I € [1,N1)), the
corresponding CR loss is formulated as:

Lor = KL((0(PT XFr), 0(PTX1)), (9)

where o(+) is the softmax function, and KL(-) is the Kullback-Leibler divergence.
X denotes the L2 normalization results of X.

In the above equations, the two losses Lor and Lrr work on different
levels and serve different roles. Lo works on the relations between a sam-
ple and all class centers, focusing on the coarse-grained class-specific patterns
that distinguish different classes. Differently, £;r provides knowledge about
fine-grained discriminative cues that contribute to pairwise relations. The pro-
posed relation-based transfer losses are related to previous knowledge distilla-
tion works [5}/40,41]. However, these works do not share the same objective as
ours. Our goal is to extract precious transferrable information hidden in various
shallow layers hierarchically to rectify the final features while prior distillation
methods focus on matching final outputs to teachers. Furthermore, there exists a
branch of works using intermediate features |361/62| directly for dense prediction.
Differently, we are the first to extract intermediate knowledge to rectify the final
feature for a classification task.
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Besides, we constrain the discriminative ability of rectified features on base
classes to avoid negative rectification. Since the final feature of layer Ly, is
strong enough for the base classes, we apply a cosine constraint as:

Ecos = COS(XFR7XNL)7 <1O>

where cos(+, ) is cosine similarity.
Novel class training. To ensure the rectified features are centered around the
class mean prototypes, we further introduce a classification loss for novel classes:

‘CNO’UCE = _l(y S Un>1yn) logU(PTTm)(y)a (11)
where y is the corresponding ground true label of Xpg, (P TXTU%:)(?’) is the y-th
element of (PT Xrp).

Anti-forgetting training. Another challenge of FSCIL is the forgetting prob-
lem. Thanks to our feature rectification design, the only trainable module is the
FR module. As the FR module takes the final and the intermediate feature as
the input, these kinds of features can be easily modeled by Gaussian distribu-
tions |51}/71]. Hence, we construct a Gaussian distribution for each class on each
layer. The Gaussian distribution of class i features at layer L; can be denoted as
Nk, X8, where X! is obtained by calculating the covariance of each feature
dimension if ¢ € Y, (base classes). For novel classes, the covariance matrix is
computed by averaging the covariance matrices of the top-k most similar base
classes. During the incremental learning phases, we utilize these Gaussian dis-
tributions to sample features, which serve as inputs from old tasks to the FR
module, assisting the FR module in retaining previously learned knowledge.
Overall training objectives. The total loss function for our feature rectifica-
tion framework is as follows:

L= ﬁcos(['cos + ENovCe) + BCR»CCR + BIREIRv (12)

where B..s, Bcr and (g are trade-off parameters.

Multi-layer knowledge ensemble. Since there exists hierarchical knowledge
in different layers, we mine such information by knowledge ensemble from differ-
ent layers. Specifically, we incorporate an FR module with each selected layer,
resulting in a total of npr FR modules. During the training phase, these FR
modules are optimized simultaneously. When evaluation, FR modules at layer [
are employed to produce multiple rectified features denoted as X% . These rec-
tified features are subsequently input into the shared classifier P for generating
multiple predictions: Pred; = o(P " X% p). The final prediction is computed as
the average of each FR-branch: Pred = ﬁ SoEE Pred;.

5 Experiments
5.1 Experiment Setup

Datasets. Following previous works, we conduct experiments on three popular
datasets of FSCIL: CIFAR-100 [28|, miniImageNet [46] and CUB-200 [55]. For
statistics of the three datasets, please refer to the supplementary material.
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Table 1: Comparison with FSCIL methods on minilmageNet. The best and second best results are
marked bolded and underlined. Methods withfare reported with the original results in their paper.
Other results are reimplemented by us.

Methods Num. of aAcc in each task (%)
Params.(M) 1 2 3 4 5 6 7T 8 9 aAcc gAcc

TOPIC [52]F - 61.3 50.1 45.2 41.2 37.5 35.5 32.2 29.5 24.4 39.64 -

IDLVQ |6]T - 64.8 59.8 55.9 52.6 49.9 47.6 44.8 43.1 41.8 51.16 -

MetaFSCIL |8]t - 72.0 68.0 63.8 60.3 57.6 55.2 53.0 50.8 49.2 58.85 -

DF-Replay |35t - 71.8 67.1 63.2 59.8 57.0 54.0 51.6 49.5 48.2 58.02 -

FCIL |18]t - 76.34 71.4 67.1 64.1 61.3 58.5 55.7 54.1 52.8 62.37 -

Self-promoted |73] 12.34 63.6 64.1 59.5 55.5 52.1 49.2 45.6 43.1 40.9 52.62 41.53
CEC [63] 12.12 72.1 67.0 63.0 59.6 56.9 53.9 51.4 49.5 47.8 57.91 48.64
LIMIT |70] 12.29 73.3 67.6 63.2 59.5 56.7 53.7 51.4 49.7 48.2 58.15 49.47
FACT [69] 11.26 76.3 71.3 66.9 62.9 59.6 56.3 53.5 51.1 49.2 60.78 49.56
CLOM 76| 14.22 72.1 66.7 62.7 59.2 56.1 53.0 50.2 48.3 46.7 57.23 46.11
C-FSCIL [20] 12.79 70.6 63.8 59.3 56.4 54.3 51.8 48.9 47.3 46.1 55.40 50.46
BiDistFSCIL |66] 11.50 74.6 70.4 66.6 62.8 60.5 57.2 54.7 53.0 51.9 61.32 53.49
S3C |24] 0.34 77.0 72.1 68.2 65.1 62.0 58.8 56.0 53.6 51.9 62.74 53.70
Regularizer |3] 26.30 81.9 72.7 68.7 64.1 57.4 53.5 53.8 52.3 43.1 62.82 55.62
SubNetwork [25] 22.38 78.1 73.5 69.8 66.2 63.2 60.3 57.6 55.7 54.5 64.31 55.88
SAVC |49] 12.12 81.0 76.2 71.9 71.4 65.6 62.1 59.2 57.0 55.5 66.66 56.35
ALICE 42| 11.20 81.1 71.1 67.8 64.1 62.4 60.1 57.9 56.8 56.0 64.14 59.72
NC-FSCIL [59| 15.87 84.2 76.1 72.1 68.1 67.3 63.9 61.9 59.6 57.9 67.90 60.93
YourSelf (Ours) 11.57 84.0 77.6 73.7 70.0 68.0 64.9 62.1 59.8 59.0 68.80 62.20

Training and testing protocols. For training protocols, we follow prior works |3,
20,[241(25,142,149L59, 66| to split a large proportion of the training set to serve as
the base task, and split the rest into small incremental tasks. Specifically, for
CIFAR-100 and minilmageNet, the first task contains 60 classes out of the total
100 classes, and the rest 40 classes are split into 8 tasks, following a 5-way 5-shot
scheme. For CUB-200, there are 100 classes in the first task and the number of
novel tasks is 10 (in a 10-way 5-shot setting). As for the testing, we follow prior
works to report the average accuracy (aAcc). In addition, we also provide de-
tailed discussions on our metric generalized accuracy (gAcc). We further provide
detailed results of novel classes only in our supplementary material.
Implementation details. For all experiments below, we use the ViT suggested
by Touvron et, al. [53]. We adjust stuff like the dimensions of the backbone to
match the number of parameters (around 10M) as the ResNet18 |19] which is
widely used in this topic. The Feature Rectification (FR) is a lightweight module
and uses popular MLPs implementation [53] with only 0.6M parameters. To
ensure a fair comparison, we also re-implement other methods with the same
backbone as ours, but found the performance is rarely improved. Please refer
to Supplementary material for more details. We follow previous works to train
from scratch on CIFAR-100 and minilmageNet dataset. Prior works [6}8,[35]
52,/63.|73] adopt an ImageNet-pretrained ResNet for the CUB-200 dataset. To
make a fair comparison, we also pretrained our backbone on the ImageNet [12]
to evaluate on CUB-200. For evaluation, we reproduced 14 methods based on
the public codes and conducted in-depth comparisons in the following sections.

5.2 Comparison with State-of-the-art methods

Experimental results on minilmageNet are shown in Table |1} We report the
classical accuracy (aAcc) in each section as well as its averaged results and our
proposed gAcc. From the table, we can conclude that our proposed method
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outperforms other methods by a large margin. Specifically, under the classical
evaluation metric aAcc, the proposed method achieves 68.80% accuracy, which
is 0.90%, 4.66%, 2.14% higher than SOTA methods NC-FSCIL [59], ALICE
and SAVC . The improvement is non-trivial considering that miniImageNet
is a complex dataset.

From a more balanced perspective, we also report gAcc on the Table [I] and
Fig. [fl In the left figure of Fig. [5] except for the method ALICE when a = 0,
our method outperforms most other methods by a clear margin(at leat 1.27%)
and achieves the highest AUC of all methods. This indicates that our method
achieves a more balanced base-novel performance. To see raw numbers of the
accuracy of novel classes, please refer to the supplementary material.

Besides, Fig. [5] shows that methods that perform well at & = 1 do not nec-
essarily perform well when « is smaller. For example, although CLOM achieves
57.23% average accuracy (o = 1) and is 1.83% higher than method C-FSCIL
(55.4%), we can see the performance drops significantly when « is small. Tt is
mainly because CLOM focuses on the base-classes accuracy and performs poorly
on novel classes. We can observe that the AUC of the CLOM is much smaller
(4.35%) than that of C-FSCIL. The results confirm the necessity of our pro-
posed gAcc. Similar phenomena can be found when comparing other methods
like SAVC and ALICE, and we can obtain similar conclusions on the other two
datasets including CUB-200 and CIFAR-100.

Results on CUB-200 dataset are shown in Table 2] and Fig. [f] We can see
from Table [2] that our method is better than any other existing methods in
terms of aAcc and gAce (1.52%QaAcc and 2.6%QgAcc improvement over the
strong method SAVC). Results on CIFAR-100 dataset are shown in Table[3] For
the traditional metric aAcc, our method achieves comparable performance with
SOTA methods, while our method outperforms all other methods by a clear
margin when considering the newly introduced metric gAcc. Please refer to Sec
A5 of the supplementary material for more experiment results.
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Table 2: Comparison with FSCIL methods on CUB-200. The best and second best results are marked
bolded and underlined. Methods with { are reported with the original results in their paper. Other
results are reimplemented by us.

aAcc in each task (%)

Methods Num. of

Params.(M) 1 2 3 4 5 6 7 8 9 10 11 aAcc gAcc
TOPIC [52|1 - 68.7 42.5 54.8 50.0 45.3 41.4 38.4 35.4 32.2 28.3 26.3 43.92 -
DF-Replay |35 - 75.9 72.1 68.6 63.8 62.6 59.1 57.8 55.9 55.0 53.6 52.4 61.52 -
BiDistFSCIL [66]t - 79.1 75.4 72.8 69.1 67.5 65.1 64.0 63.5 61.9 61.5 60.9 67.34 -
MetaFSCIL [8]f - 75.9 72.4 68.8 64.8 63.0 60.0 58.3 56.8 54.8 53.8 52.6 61.93 -
SubNetwork |25]f - 78.7 74.6 71.4 67.5 65.4 62.6 61.1 59.4 57.5 57.2 56.7 64.68 -
DSN |[58]1 - 76.1 72.2 69.6 66.7 64.4 62.1 60.2 58.9 57.0 55.1 54.2 63.31 -
Self-promoted |73| 12.36 62.6 54.7 51.6 47.3 44.3 40.9 38.8 39.0 35.9 35.1 33.5 44.07 40.88
CEC (63| 12.34 75.7 71.4 68.1 64.0 62.0 58.8 57.3 55.5 53.6 53.2 52.1 61.17 54.16
LIMIT|70] 12.33 79.5 76.4 73.2 69.2 67.1 64.3 62.8 61.9 59.8 59.1 57.6 66.58 59.40
CLOM |76| 18.89 79.5 75.9 72.0 68.2 65.7 63.4 62.0 60.3 58.5 57.9 56.9 65.61 57.40
FACT |69| 11.34 76.1 73.4 70.4 66.5 64.8 62.5 61.1 59.9 57.9 57.5 56.5 50.29 57.93
NC-FSCIL [59] 15.91 81.1 76.4 72.8 69.3 66.1 63.7 62.2 61.0 59.0 58.0 57.3 66.17 59.22
ALICE |42] 41.71 75.8 70.1 68.4 65.2 63.7 61.2 60.7 59.7 58.5 58.7 58.4 63.77 60.28
S3C [24] 13.06 80.2 76.5 72.9 69.1 66.9 64.3 62.7 61.0 59.5 59.2 58.3 66.53 61.05
SAVC 49| 24.29 81.1 77.6 75.0 71.2 69.6 66.7 65.8 64.8 62.9 62.7 62.2 68.33 62.90
YourSelf (Ours) 11.90 83.4 77.0 75.3 72.2 69.0 66.8 66.0 65.6 64.1 64.5 63.6 69.85 65.50

Table 3: Comparison results on CIFAR-100. The best and second best results are marked bolded
and underlined. All results of other methods are reimplemented by us. See more results in the
supplementary material.

aAcc in each task (%)

Methods Num. of

Params.(M) 1 2 3 4 5 6 7 8 9 aAcc gAcc
CEC [63] 0.296 73.2 69.1 65.4 61.2 58.0 55.5 53.2 51.3 49.2 59.56 50.85
LIMIT™|70| 0.296 76.1 71.7 67.3 63.2 60.1 57.3 55.2 53.0 50.8 61.64 52.16
CLOM |76] 0.355 74.2 69.8 66.1 62.2 59.0 56.1 54.0 51.9 49.8 60.35 50.36
C-FSCIL |20] 12.79 76.8 72.0 67.2 63.1 59.7 56.7 54.4 51.9 49.7 61.28 50.62
SAVC [49| 0.842 78.4 72.7 68.4 64.0 61.2 58.3 56.0 54.1 51.7 62.76 53.29
FACT |69] 0.282 78.5 72.7 68.8 64.5 61.3 58.6 56.8 54.4 52.3 63.12 54.56
SubNet |25] 22.39 80.0 75.7 71.6 67.8 64.7 61.4 59.3 57.1 55.1 64.85 56.63
S3C 24| 0.341 78.0 73.9 70.2 66.1 63.3 60.1 58.3 56.7 54.0 64.51 58.04
ALICE 42| 45.28 80.3 71.9 67.0 63.2 60.7 58.3 57.3 55.5 53.7 63.10 59.72
NC-FSCIL |59] 15.93 82.9 77.5 73.7 69.0 65.6 62.0 59.7 57.8 55.4 67.06 59.73
Ours 11.68 82.9 76.3 72.9 67.8 65.2 62.0 60.7 58.8 56.6 67.02 60.32

5.3 Ablation studies

Effectiveness of different losses. Ablation experiments of the effectiveness of
Lrr and Log are conducted among CIFAR-100, minilmageNet, and CUB-200
datasets. Experimental results are shown in Table [d] and Table [5] The detailed
gAcc vs. « as shown in Fig. [7] Results on CIFAR-100 show that introducing
the FR module can effectively enhance the gAcc by 3.28%. After further intro-
ducing the class-relation (CR) transfer loss, the performance at gAcc is further
improved by 1.07%. Adding the instance-relation (IR) transfer loss will further
boost the gAce by 1.91%. The effectiveness of the proposed losses is also verified
on the minilmageNet dataset. For minilmageNet dataset, the introduction of
FR modules brings 3.02% improvement at gAcc. Applying loss Lcr and Lrr
can improve gAcc by 0.49% and 0.82%, respectively. It is worth mentioning
that Log and Lr can also boost the aAce. Specifically, on the minilmageNet,
adding these two losses results in an increase at aAcc performance of 1.96%. On
CIFAR-100, the aAcc is improved by about 0.76% with the help of these two
losses. See more experiments in the supplementary material.

Effectiveness of multi-layer knowledge ensemble. In Sec. [4.2] we propose
to exploit hierarchical knowledge from multiple layers for effective feature rec-
tification. In practice, we select layers 8, 9 and 10 for the ensemble. Here, we
take a more detailed discussion on each layer before the ensemble of multiple
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Table 4: Ablation studies on CIFAR-100. Ablation Study on CIFAR100 Ablation Study on minilmageNet
aAcc. in each task (% Son
FR Loos + Lnovcr Lo Lir——g— g gt ( ;) g adce gAce
82.9 77.8 72.9 68.4 64.6 61.4 58.7 56.4 54.1 66.35 54.20
v v 82.9 76.7 73.1 67.9 64.8 60.8 59.2 57.2 53.9 66.26 57.48
v v v 82.9 76.1 72.4 67.8 64.5 61.3 59.6 57.3 54.9 66.33 58.55
v v v v 82,9 75.7 72.5 67.4 64.8 61.9 60.4 58.7 56.3 67.02 60.32
Table 5: Ablation studies on minilmageNet. i“m-Baseline
- 4L, & L
aAcc. in each task (% : cos & TNovCE
FR Loos + Lnovcr Lonr Lin——g— g gt ( ;) 5 aAce gAce Loy
84.0 79.4 75.0 71.1 67.8 64.4 61.3 58.8 56.9 68.74 57.87 +Lgg(Full)
v 84.0 74.0 69.7 66.8 66.1 63.5 60.8 58.6 58.1 66.84 60.89 L Y LT
v v v 84.0 77.7 73.6 69.9 67.4 64.6 61.6 59.8 58.7 68.60 61.38 (4 a
v v v 84.0 77.6 73.7 70.0 68.0 64.9 62.1 59.8 50.0 68.80 62.20 Fig.7: Ablation studies on two datasets,

evaluating using gAcc.

layers. We conducted experiments on the minilmageNet, and the results are
shown in Table [f] It is clear that for each layer, the corresponding FR mod-
ule effectively calibrates the features and achieves improvement from 2.23% to
3.54% at gAcc. Furthermore, the introduction of the FR module does not harm
the aAcc. Considering the fact that different layers contain hierarchical knowl-
edge, the multi-layer ensemble is proposed. The results in the table show that
the ensemble is effective in improving the gAcc while maintaining aAcc.

Table 6: Detailed performance of each layer. Results are from minilmagenet dataset. ‘I-Raw’:
vanilla ViT features from layer L;. ‘I-Recti’ : Rectified features using the proposed FR module.
‘Ensemble’ : Ensembled results from ‘I-Recti’, | € {8,9,10}.

aAcc in each session (%)
0 1 2 3 4 5 6 7 8
8-Raw 78.9 73.2 69.1 65.4 62.9 60.0 57.3 55.2 54.0 64.01 56.61

Ensemble 84.0 77.6 73.7 70.0 68.0 64.9 62.1 59.8 59.0 68.80 62.20

6 Conclusion

In this work, we have revisited the challenges of the FSCIL, showing the limita-
tion of the existing metric and introducing a novel metric denoted as generalized
accuracy (gAce) for the comprehensive evaluation of FSCIL methods from a
more balanced perspective. Furthermore, we incorporate the ViT into the FS-
CIL framework and unlock the potential of the ViT intermediate layer features.
To achieve this, we have designed a feature rectification (FR) module aimed at
integrating the valuable information from the intermediate layer features into
the rectified feature space. Using the new metric gAcc, we analyze the existing
open-sourced FSCIL methods from a more balanced perspective and show the
superiority of our method on three popular datasets.
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