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Abstract—Class Incremental Learning (CIL) for image classifi-
cation aims to address real-world scenarios by allowing a model
to learn new categories while retaining the knowledge of old
categories. It is more challenging than Task Incremental Learning
(TIL) as task ID is not provided during testing. Therefore,
transitioning from CIL to TIL is an intuitive approach to
handling CIL problems for image classification. Currently, the
main challenge of this approach lies in improving the accuracy
of task identification. To address this issue, we propose to use
a large-scale image-text pre-training model (i.e. CLIP) as the
backbone, training and saving different classifiers for different
tasks. Each classifier not only includes the classes of the current
task, but also an Out-of-distribution (OOD) class corresponding
to the classes encountered in all previous tasks. At test time, we
iterate through classifiers from the last task to find the correct
task ID of the test image, and perform classification in a TIL
way. In addition, to tackle the issue of early-stop termination
in iterative prediction due to model bias toward later tasks,
we propose using CLIP zero-shot ability to assist learned OOD
detection. Experiments show that our method achieves state-of-
the-art performance on the traditional many-shot and the more
challenging few-shot settings of CIFAR-100 and ImageNet-Subset
datasets.

Index Terms—Class Incremental Learning, Image Classifica-
tion, Out-of-distribution Detection, Few-shot Learning, Image-
text pretraining.

I. INTRODUCTION

HE purpose of Incremental learning is to adapt deep

models to real-world tasks. When encountering new
categories in image classification, deep models should pos-
sess the ability to learn new knowledge while also retaining
the previously acquired knowledge. The main challenge in
Incremental learning for image classification is addressing
catastrophic forgetting [1], which refers to the phenomenon
of the model drifting away from its prior knowledge when
learning new tasks, significantly reducing performance on old
tasks.

There are three main scenarios [2] for Incremental learning:
domain incremental learning (DIL), task incremental learning
(TIL), and class incremental learning (CIL). DIL focuses on
learning the same set of classes with different domain distri-
butions, such as the real-world/animated versions of the same
classes. The model can then learn invariant information across
domains and make predictions despite different distributions.
TIL and CIL differ in whether the task ID is provided during
testing. CIL corresponds to the setting when task ID is not
provided during testing, which is a more challenging form of
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Fig. 1: a) and b). Illustration of CIL and TIL scenarios for
image classification during both training and testing processes.
¢). Our methods. We identify the task ID through an OOD
detection fashion, thus transitioning CIL to TIL, which is
considerably easier.

incremental learning. Therefore, our study primarily focuses
on addressing this problem.

Existing methods addressing CIL mainly fall into three
categories. Replay-based methods [3]-[7] store a subset of
previous data or generate some synthetic samples for replay
and use it to train the model alongside new data to pre-
vent forgetting. Regularization-based methods [8]-[12] apply
constraints on the parameter space or activation space of
the model during training to prevent catastrophic forgetting
while learning new tasks. Architecture-based methods [13]-
[18] modify the model’s architecture to allow for adding more
capacity, such as adding neurons, modules, or branches to
improve performance on both new and old tasks.

An alternative intuitive idea to address CIL is to transi-
tion the learning objective from class incremental to task
incremental by recognizing the task ID first. This involves
using a specific method to determine the task ID of the
test image and then testing in a task incremental way. OOD
detection can be used as the method for identifying the task,
as attempted in recent works. Kim et al. [19] decompose the
continual learning problem into two sub-problems, within-task
prediction (WP) and task-id prediction (TP), and use OOD
detection to solve the TP problem. CLOM [20] trains each task
as an OOD detection model which enables the model to not
only classify the current task but also detect OOD samples that
do not belong to the current task. MORE [21] is a multi-head
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transformer-based model that trains each head to be a separate
classifier for each task. ESN [22] proposes stage-isolated
classifiers for incremental learning, selecting the best classifier
using energy-based confidence scores. However, although their
methods completed a transition from class incremental to task
incremental, the performance of the OOD detection was still
unsatisfactory, leading to low accuracy of the overall continual
learning task.

Recently, Image-Text pre-training models have attracted a
lot of research attention. Due to pre-training on a massive
dataset of over 400M Image-Text pairs, CLIP [23] has ex-
cellent generalization ability and its image encoder has the
potential ability to predict most real-world categories. In ad-
dition, CLIP has a very strong ability for zero-shot evaluation,
reaching high performance on many downstream tasks. These
characteristics of pre-trained models make them naturally
strong for continual learning and OOD detection tasks. Fort et
al. [24] show that pre-trained transformers can bring significant
improvements on near-OOD benchmarks, where OOD samples
have a similar distribution with ID samples. Ming et al. [25]
add a separate softmax scaling to the similarity scores obtained
by CLIP encoders, further improving the separability between
ID and OOD data.

Hence, we present a novel methodology for CIL based on
OOD task identification with the help of a pre-trained CLIP
model. As illustrated in Fig. 1, during training, we fine-tune
a classifier on the CLIP image encoder with (N + 1) heads
(N heads for the first task) for task ¢ (¢ > 1), where N is the
number of classes in the current task (ID) and 1 represents all
previously encountered classes (treated as the OOD class), and
append it to a saved list. During testing, we iterate through the
saved classifier lists from back to front to find the classifier
that outputs an ID class for the test image. To further tackle
the early-stop termination in the iterative testing process, we
propose to use CLIP zero-shot to assist the OOD detection.

Our contributions can be summarized as:

o We apply Image-Text pre-training models to OOD task
identification for CIL, leveraging CLIP’s generalization
to reduce model bias towards current tasks and mitigate
forgetting.

o We propose using CLIP zero-shot to assist OOD detec-
tion, reducing the problem of early-stop during the OOD
prediction iteration, and preventing a significant decrease
in task recognition performance when the number of tasks
increases.

e Our model has achieved state-of-the-art performance
on the traditional many-shot and the more challenging
few-shot settings of CIFAR-100 and ImageNet-Subset
datasets.

II. RELATED WORK
A. Class incremental learning

CIL is a challenging setting in continual learning. Meth-
ods can be categorized into three types: regularization-based,
replay-based and architecture-based methods [26].

Regularization-based methods add extra regularization
terms between new and old tasks to ensure that old knowledge

is kept while learning new tasks. EWC [9] penalizes the
variation of each parameter based on their importance. SI [12]
approximates parameters’ importance by its contribution to the
total loss variation. R-EWC [27] refines the implementation
of the penalty and performs a factorized rotation of the
parameter space. Another branch leverages knowledge distil-
lation for continual learning, such as LWF [28], LwM [29]
and EBLL [30]. However, as the number of tasks increases,
mitigating forgetting through regularization terms becomes
progressively challenging. Knowledge distillation is also pop-
ular in other applications, such as image segmentation [31],
[32], and object detection [33], [34].

Replay-based methods estimate and recover old data distri-
butions when training new tasks [35] by storing old knowledge
in a memory buffer. Some methods simply retain a limited
subset of past samples, with different selection strategies [6],
[7]. iCaRL [6] and EEIL [3] perform KD on old and new
training data, PODNet [36] introduces a spatial distillation
loss and Co2L [4] performs a self-supervised distillation loss.
Other methods store synthetic samples produced by generative
models [37]-[39], or intermediate feature representation [10],
[11] instead of real samples. We also employ a small memory
to store previously classes, which together serve as an OOD
class for training our OOD detector.

Architecture-based methods control which parameters
belong to which tasks by training a mask or adding a new
branch on the base model for each task. Piggyback [14],
HAT [16], SupSup [17] and PackNet [40] adopt a fixed net-
work architecture and optimize a binary mask to select specific
parameters for each task. DyTox [41] incrementally trains
task-specific adapter layers. DER [18] dynamically increases
network branches for each task. Expert Gate [42] learns a mod-
ular expert network per task. PathNet [43] and RPSNet [44]
build multiple parallel layer-wise network modules and select
different paths for different tasks. In scenarios with long task
sequences, this type of method results in excessively large
models with a significant increase in the number of parameters,
which makes it impractical and lacks applicability.

B. Few-shot Class Incremental learning

Unlike traditional CIL, Few-shot Class Incremental Learn-
ing(FSCIL) is dedicated to acquiring new knowledge with
limited labeled data. Typically, the initial task (base ses-
sion) is supported by abundant data, whereas in subsequent
tasks (incremental sessions), each category is represented by
merely 5-10 samples. The main challenge lies in preventing
the model from over-fitting to new data. As a result, most
approaches [45], [46] adopt a prototype-based method, training
a feature extractor during the base session and subsequently ei-
ther maintaining it unchanged or only updating a small portion
of its modules. Although this strategy ensures the retention of
old knowledge, it performs poorly on new tasks. Other ap-
proaches employ meta-learning techniques [47]-[49], aspiring
for the model to learn how to discern patterns from a minimal
number of samples. Recent approaches [50], [51] have intri-
cately designed bi-level optimization techniques and synthetic
feature generation methods to enhance the performance during
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incremental sessions. Generally, continual learning methods
designed for many-shot scenarios often struggle to achieve
good results in few-shot setting. However, our OOD-based can
be directly applied to this more challenging setting achieving
SOTA results without any specialized modification.

C. OOD Detection

OOD detection detects test samples subject to distribution
which is different from the training distribution. The ap-
proaches can be categorized into three groups. Classification-
based, density-based and distance-based methods [52].

Classification-based methods find that OOD samples typ-
ically show lower maximum probabilities than ID samples,
which can be used to conduct OOD detection [53]. ODIN [54]
introduces temperature scaling and input perturbation to in-
crease the separability between ID and OOD samples. G-
ODIN [55] extends ODIN by adopting a specific training
objective called DeConf-C.

Density-based methods model the probability density of
data and regard samples with low density as OOD. [56]
estimate Gaussian distributions of features and calculate the
Mahalanobis distance for detecting OOD. Sometimes OOD
data can also have high likelihood in the probability density
model [57]. Therefore, some works propose to calculate other
metrics to replace likelihood, such as likelihood ratio [58],
likelihood regret [59] and SEM score [60].

Distance-based methods detect OOD by calculating the
distance in feature space between test samples and prototypes
of ID classes. [56] conduct OOD detection by calculating
the minimum Mahalanobis distance between samples and all
ID classes distributions. Without assuming that features follow
a Gaussian distribution, [61] and [62] calculate the cosine
distance between features and ID classes. [63] propose the
deep nearest neighbor distance approach to directly detect
OOD samples.

D. OOD applied to incremental learning

Recent works have started to apply OOD detection in
continual learning. These methods mainly use OOD detection
to determine whether a test sample belongs to the current
task (ID) or other tasks (OOD). Kim et al. [19] decomposes
the CIL problem into within-task prediction (WP) and task-
id prediction (TP), adopting traditional OOD detection to
solve TP problem. Due to the inferiority of traditional OOD
detection methods, this approach is constrained by the low TP
accuracy. CLOM [20] trains each task as an OOD detection
model rather than a traditional classification model. While this
approach can adapt TIL methods to CIL and achieve decent
results, it falls short of achieving SOTA performance compared
to the originally designed CIL approaches like DER [18].
MORE [21] builds a multi-head transformer-based model, n
heads for n tasks, and an additional OOD head to classify
previously encountered classes. We argue that separating the
OOD detector and completely eliminating it during testing is
redundant.

In addition to these OOD-based methods, ESN [22] also
aggregates classifiers from previous stages or tasks, ensuring
that old knowledge is retained while learning new tasks.
However, unlike our approach, which detects whether a sample
belongs to the current or a previous task using OOD detection,
the energy-based method uses a temperature-controlled energy
metric to normalize classifier outputs and ensure comparability
across tasks.

III. MOTIVATION
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Fig. 2: Comparison of EC-based and our OOD-based continual
learning methods. (a) The EC-based method adds new clas-
sification heads when every new task arrives. (b) The OOD-
based method adds only one OOD head for all old classes.
The detailed training and testing process of the OOD-based
method can be found in following sections.

Here, we will first briefly introduce OOD based and
Extended Classifier (EC) based continual learning methods.
Then, we will use a toy example to illustrate why OOD-based
methods outperform EC-based methods in continual learning.

The EC-based methods [64], [65] as in illustrated in Fig. 2
(a) add new class-specific classification heads when new tasks
arrive. These new heads are trained alongside the existing ones
to recognize all classes seen so far. During testing, this single
classifier incorporating all heads is used for classification.

In contrast, our OOD-based method operates differently.
As shown in Fig. 2 (b), when a new task is introduced,
only one OOD classification head is added, which is used to
recognize all old classes. During testing, samples are evaluated
to determine whether they belong to the current task or
previous tasks. If they belong to the previous tasks, they are
tested using the classifier from the previous tasks until their
task ID is identified.

Next, We will present a toy example with CIFAR100, BO-
20 setting(dividing the 100 classes equally to 20 tasks) to
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Fig. 3: Visualization of the difference between EC-based and OOD based continual learning methods. We use the first two
tasks in CIFAR100 BO-5 setting as the toy example. (a) is the t-SNE visualization after training the first 5 classes. (b) and (c)
is the following 5 classes distribution using EC-based and OOD based methods respectively. Best viewed in color.

demonstrate the superiority of our OOD-based method. Firstly,
in continual learning, traditional methods continuously expand
classification heads as tasks increase to accommodate the in-
creasing number of classes. Linear classifiers need to delineate
new feature spaces for the incoming classes in the feature
space, inevitably affecting the learned feature distribution and
leading to catastrophic forgetting. In contrast, OOD-based
continual learning methods maintain a constant number of
classification heads for each task. The model focuses on learn-
ing the feature distribution of new classes in new tasks while
treating all old classes as a single class. This significantly
simplifies the variation in the feature space, thereby reducing
forgetting. As shown in Fig. 3, EC-based methods need to
incorporate the five new classes into the feature space learned
from the previous five classes in subsequent tasks, making
misclassification more likely. On the other hand, OOD-based
methods only need to expand one OOD classification head (for
all old classes). By sufficiently learning the feature distribution
of new classes, old classes can still be recognized, achieving
a balance between stability and plasticity.

Furthermore, due to device limitations and privacy concerns,
storing (or only retaining a small portion of) old class samples
in continual learning scenarios is generally not feasible. In
EC-based methods, the imbalance between the large number
of samples from new classes and the small number (or
absence) of samples from old classes can easily lead to bias
in the classifier, resulting in a tendency to classify samples
as belonging to new classes and consequently forgetting old
knowledge. In contrast, OOD-based methods classify all old
classes as a single class (OOD class), significantly reducing
the imbalance between new and old classes. This approach
exhibits strong robustness to an increasing number of tasks
(decreasing number of samples per old class) while mitigating
the issue of catastrophic forgetting.

IV. METHOD

In this section, we first present the problem definition
of CIL. Then, we introduce the method of applying OOD
detection for task identification to implement CIL, followed by

how to use the CLIP zero-shot classification to further improve
OOD detection accuracy, thereby improving the performance
of CIL. The whole pipeline of our proposed method can be
found in Fig. 4.

A. Preliminaries

Class incremental learning for image classification The
goal of CIL is to learn a sequence of tasks 7' so that the
model can uniformly identify all classes contained in these
tasks. Given a sequence of tasks D = {D;},_,, where D; =
{(xf,yf)}fitl is the dataset of task ¢, x! € X} is an input
sample and y! € ) is its corresponding label, |V;| = N is
the number of classes each task contains. The category spaces
of all tasks are disjoint (i.e., J; N Yy = (), Vt # ¢'). During the
training of task ¢, all training samples of the current task are
available and only a few training samples of all previous tasks
are stored in the exemplar set V for use.

From Task incremental to Class incremental for image
classification In addition to CIL, TIL has been widely
studied. Similar to CIL, TIL is also asked to identify test
samples from a specific class in a task k after being trained
on a sequence of tasks . However, unlike CIL, which does
not provide the task ID prior to test samples, TIL provides the
ground-truth task ID for each test sample.

Inspired by this, some recent works [19]-[21] introduce
a set of independent classifiers for each task, and employ
an OOD detection mechanism to judge whether the testing
sample belongs to a certain task without specifying a task ID.
In order to achieve high-quality OOD detection, their OOD
detection module either uses off-the-shelf OOD methods or
uses exemplar samples to train the classification head of each
task that adds an additional OOD output head. At the same
time, in order to ensure the accuracy of intra-task classification
for each task, they introduce some parameter isolation methods
of TIL to overcome the problem of catastrophic forgetting.
Although these methods have achieved improved results, the
OOD detection accuracy and intra-task classification accuracy
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Fig. 4: During training task t (¢ > 1), we fine-tune a classifier with (/N 4 1) heads, where N is the number of classes included
in the current task (ID) and 1 represents all classes encountered by the model previously (treated as an OOD class), with all
saved exemplars labeled as one class. After training, the classifier is fixed and appended to a classifier list. During testing, we
extract the last classifier from the saved list and perform inference on the test image. If the result res; shows that it belongs
to an OOD class (indicating that it does not belong to the task corresponding to the current classifier), we discard the current
classifier and extract the next classifier from the saved list to continue inference until we encounter a classifier that outputs an
ID class. At this point, we input the test image into the CLIP zero-shot classifier and obtain the result ress. If res; and ress
belong to the same task, we obtain the final classification result res; for the test image. Otherwise, we continue selecting the

next classifier and repeat the above process.

are still difficult to guarantee under the incremental training
of a moderate number of tasks from scratch.

B. OOD task identification

Pre-trained image-text backbone for CL. For the purpose
of improving OOD detection and intra-task classification per-
formance, it is a good choice to introduce a large-scale Image-
Text pre-trained model. CLIP [23] has demonstrated strong
adaptability capability on many downstream tasks, thanks to
the generalization representation obtained by training with the
contrastive loss on up to 400M Image-Text pairs. Specifically,
CLIP is a two-stream network consisting of two encoders (£,
ET) that map image and text data to multi-modal feature space
respectively. Given a testing image, zero-shot image classifica-
tion can be performed by computing cosine similarity between
its visual feature embedding and text feature embedding of all
the candidate classes.

Learning an OOD classifier for image classification with
data In this section, we elaborate on how to build a
CIL model with OOD detection by employing the visual
encoder of a pre-trained CLIP. As mentioned above, a large-
scale pre-trained CLIP already provides a good enough visual
representation, so we use the frozen CLIP visual encoder as
the backbone network for CIL training to avoid catastrophic
forgetting. In order to implement OOD detection-based CIL,

we learn a separate classifier for each task and store them in
a classifier list C sequentially after training. Given a sequence
of tasks D, for the first task of CIL, we fine-tune a linear
classification layer f (;®;) with standard cross-entropy loss
based on the backbone network with all the training samples
in Dy = {(zp, Ym) : m € [M]}:

1

M
Lo= 57> H(ym: f (2m; 1)) ()

m=1

where M is the number of samples in D1, z,, € R? is
extracted feature embedding of x,, by using the frozen E',
®; € R¥N js the parameters of first linear classification layer
in L. d = 512 denotes the dimension of the feature obtained
by CLIP image encoder, while /N is the number of classes
in one task (we assume that each task has an equal number
of classes, also known as BO setting). (-, -) is cross-entropy
loss.

For the " (t > 1) task, since we need to take all classes
of samples other than the current task as OOD samples,
we treat all the OOD samples as the same extra ODD
class y"”d, then we fine-tune the linear classification layer
f (;®;) with the extra OOD class with following loss with
all the training samples in Dy = {(2y, Ym) : m € [M]}: and
V= {(zv,y0) :v €[V]}:



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

Algorithm 1 Training algorithm
Input: X*

.l t—1
Input: z,,...,z}

> training examples in current task
> exemplars from previous tasks

> random initiate new classifier
S Piq) > saved classifier list

require: ¢,
require: C;_1 = (®q,..

XO0D « RELABEL(z),...,27 1)
®; «+ UPDATE(X99P X! ®,)
x! + HERDING(X?)
Co=(P1,..., P4 1,P)

return ¢

> Eq.2
> exemplar selection
> append to list

A

Algorithm 2 Testing Process
Input: z

> image to be tested

> saved classifiers
> CLIP encoders
> category names

require: & = (¥4, ...
require: E7, ET
require: W = {W,}/_,

, ®7)

> iterate back to front

for t =T..2,1 do
: > results from classifier

1:
2 res) <+ f(B! (zes); Pt)
3 if res; = OOD then

4: continune > OOD: loop back
5 resy ¢ ZERO-SHOT (e, W, ET, ET)

6 if same-task(res;, res;) then

7

return res; > ID: return prediction

1
Ls= M—I—V(X_:l?—[(ym’f(zm;q)t))
= @)
+ZH (y00d7 f (Z’U; q)t)))
v=1

where M is the number of samples in Dy, V' is the number of
samples in the exemplar set V, z, € RY is extracted feature
embedding of z, by using the frozen E!, &, ¢ R¥*NV+1)
is the parameters of t'" linear classification layer in L.
Algorithm 1 describes one training process of a specific task
corresponding to OOD-based continual learning.

After incremental training for all the tasks, we can use
TIL-like testing form for CIL testing and the task ID is
automatically determined by the OOD detection module rather
than manually specified: given a testing sample Xy, wWe
extract a classifier for each task from the classifier list C in the
order of back to front and classify @i, if @ 1S recognized
as OOD in a classifier, it is considered that the sample does
not belong to this task, and the next classifier is used for
classification until the sample is recognized as one of the class
in that task (ID) and this class is used as the final result.

Zero-shot OOD detector with image-text pertaining models
Although it is a simple and efficient practice to add an
additional channel to each classification head to detect OOD
samples that do not belong to this task, the accuracy of OOD
detection is still not satisfactory and eventually results in sub-

optimal classification performance. To alleviate this problem,
we add an additional OOD module that takes advantage of the
powerful zero-shot recognition capability of CLIP.
Specifically, we design a two-level OOD sample detection
mechanism based on fine-tuned visual classifier and CLIP
Image-Text zero-shot classifier. During the testing stage, the
testing sample @y is firstly conducted classification / OOD
detection by using visual classifiers popped up from C in
the order of back to front. If x.y is recognized as OOD
by a visual classifier, we will abandon the current classifier
and continue to iteratively select the next classifier until we
encounter a classifier that identifies the current test image as
one of the ID class. Once xy is recognized as ID, we will
conduct further CLIP zero-shot classification: given the text
label W = {W,},_, of each class in D = {D;}]_,, since
our CIL testing takes visual classifier from the classifier list
in the order of back to front, for the current task ¢, we only
provide text labels for all the classes that the model has seen
while training this task (i.e. YW = {W;}{_, ). This text label
is prepended by a prompt to generate the input of text encoder
ET, prompt usually has the form of “a photo of a [CLASS]”.
The final output of ET can be defined as {w;}.*}. The final
zero-shot prediction probability can be computed as:

. ex cos (w;, 2. T
p(y - | 33test) _ thp( ( 5 test)/ )
> j—1 exp (cos (wj, Ztest) /T)

3)

where zi.s; € R is extracted feature embedding of x;cs: by
using the frozen E' and 7 is a temperature scaling parameter
used to control the sharpness of the output.

If the zero-shot classification result also indicates that the
test image belongs to the task corresponding to the current
classifier, we will use the classification result obtained by this
visual classifier as the final prediction result. Otherwise, we
continue to iterate and select the next classifier, and repeat the
above operation.

Algorithm 2 gives a detailed description of the testing
process of our proposed model. In line 2, we obtained the
result res; of the current classifier. We proceed to the next line
3 only when we encounter a classifier that predicts the current
sample as an ID class. Otherwise, we go back to line 1 and
continue extracting the next classifier. In line 5 we make the
CLIP zero-shot prediction reso, with label names corresponding
to the task ID predicted by the visual classifier. In line 6 we
compare the two results obtained from two modules, if these
two results both indicate the test sample belongs to current
task, we return the final prediction res;. Otherwise, we go
back to lines 1-2 and select the previous classifier to continue
the whole process again.

V. EXPERIMENTAL RESULTS

In this section, we first describe the implementation details
and baselines, and then we compare our method with the
competing methods. An ablation study is followed to under-
stand our method from different perspectives. All results are
averaged among three experiments under different class orders,
detailed results can be found in the supplementary material.
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TABLE I: Results of our method and other state-of-the-art methods on CIFAR-100 under different settings. “# tasks” denotes
the number of tasks. * means we replaced the ImageNet-21K pre-trained model with CLIP image encoder for fair comparison.
In the methods column, italic bold text represents parameter-growing, while the others indicate parameter-static.

CIFAR-100 BO CIFAR-100 B50
# tasks # tasks
Method | Backbone | No. Para (M) 5 10 20 5 10

avg | Tast avg | last avg | Tast avg | last avg | Tast
iCaRL [6] 71.1  59.6 | 653 509 | 612 449 | 651 56.0 | 586 495
LUCIR [66] 62.8 469 | 58.7 429 | 582 41.1 | 643 527 | 599 482
BiC [67] 73.1 615 | 68.8 53.6 | 665 47.8 | 66.6 551 | 603 487
WA [68] ResNet 11.2 72.8 603 | 69.5 537 | 67.3 482 | 640 528 | 579 48.1
PODNet [36] 66.7 51.5 | 58.0 40.7 | 540 358 | 673 560 | 640 51.7

RPSNet [44] 705 60.8 | 68.6 56.2 - - - - - -

DER [18] 76.8 673 | 754 644 | 741 626 | 732 660 | 72.8 65.6

Dytox [41] conViT 11.0 - - 729 60.0 | 722 57.0 - - - -
Continual-CLIP [69] 740 66.7 | 75.1 66.7 | 759 66.7 | 69.7 66.7 | 69.5 66.7
Linear Probe 788 729 | 802 724 | 789 694 | 789 712 | 776 723
L2P* [64] | ViT-B/16 85.9 78.1 657 | 792 675 | 792 684 | 772 683 | 765 69.2
DualPrompt* [65] 786 72,6 | 803 694 | 806 702 | 796 563 | 625 32.8
CODA-Prompt™* [70] 68.3 338 | 71.1 429 | 693 396 | 76.6 513 | 643 325
Ours 81.1 755 | 843 742 | 84.0 739 | 828 763 | 83.0 75.6
Ours (order 1) VIT-B/16 36.1 813 772 | 836 776 | 83.0 729 | 842 760 | 82.1 757
Ours (order 2) ) 824 751 | 85.0 734 | 823 750 | 825 756 | 81.8 735
Ours (order 3) 82.1 744 | 830 743 | 841 758 | 828 785 | 834 744

TABLE II: Results of our method and other state-of-the-art methods on ImageNet-Subset under different settings.

ImageNet-Subset BO ImageNet-Subset B50
Method Backbone | No. Para (M) 5 ‘ # tla gks ‘ 20 5 #ta‘sks 10

avg | last | avg [ Tast | avg [ Tast | avg [ last | avg | last
iCaRL [6] 78.1 652 741 585 69.0 509 | 60.7 447 573 444
End2End [3] 755 640 70.1 530 683 489 | 61.0 521 585 522
UCIR [66] 760 640 705 553 647 478 | 772 682 669 56.8
PODNet [36] ResNet 11.2 782 662 723 572 667 489 | 803 735 79.0 70.8
UCIR-DDE [66] 772 658 717 568 662 400 | 788 68.1 684 579
RM [71] 755 622 704 532 654 457 | 569 418 577 373
DER(w/o P) [18] - - 772 66.7 - - - - 782 749

DyTox+ [41] conViT 11.0 - - 7712 617 - - - - - -
Continual-CLIP [69] 848 753 850 753 86.6 753 | 792 753 793 753
Linear Probe 794 645 818 674 84.0 720 | 814 672 831 720
L2P* [64] | ViT-B/16 85.9 81.7 765 803 752 80.1 757 | 749 742 723 72.6
DualPrompt* [65] 754 61.1 80.7 674 839 742 | 742 498 62.1 224
CODA-Prompt* [70] 51.6 249 641 348 69.8 440 | 65.1 288 573 20.0
Ours 849 776 83 774 856 772 | 8.2 785 85.0 785
Ours (order 1) VIT-B/16 36.1 835 771 844 762 871 79.0 | 854 773 832 784
Ours (order 2) ’ 857 769 851 756 86.6 758 | 844 775 843 715
Ours (order 3) 858 785 866 785 878 773 | 8.6 770 847 793

A. Experimental setup

Implementation details We conducted all experiments on a
Linux cluster with 4 V100 GPUs. We tested the model on
CIFAR-100, ImageNet-Subset [66] and 5-Datasets [72]. 5-
Datasets is a special benchmark designed for cross datasets
evaluation of continual learning. It contains five datasets con-
sisting of CIFAR-10 [73], MNIST [74], Fashion-MNIST [75],
SVHN [76] and notMNIST, with each dataset containing ten
classes, treated as a single task, for a total of five tasks.

The B50 setting refers to the model first being trained on
a larger dataset with 50 classes, followed by adding 5 or 10
new classes for each task. The other setting, BO, keeps the
number of classes per task constant, dividing the 100 classes
equally into 5, 10, or 20 tasks. We used the pre-trained CLIP
image encoder and followed the original CLIP text prompt

by using “a bad photo of [CLS]”. The classifier consisted of
an MLP with only one hidden layer. We used Adam [77] as
the optimizer, and we trained each task equally for 10 epochs
with a learning rate of 0.01 and weight decay of 0.0002. For
all settings, we chose to fix the exemplar size at 2000 and set
temperature scaling parameter 7 to 2. In the CLIP zero-shot
OOD detector module, we follow the approach of Continual
CLIP [69], whereas we go deeper into the classifier list, the
number of classes that zero-shot needs to distinguish decreases
and the accuracy of zero-shot increases accordingly which
helps us to better identify task IDs.

Competing methods We compare our method against
10 traditional baseline methods, iCaRL [6], LUCIR(LUCIR-
DDE) [66], PODNet [36], RM [71], DER [18]. The baseline
Linear Probe and our approach are based on the same pre-
trained model, and a Linear Probe classifier head expands
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Fig. 5: Detailed comparison results of our method with the state-of-the-art on CIFAR-100.

with each task, and it directly uses the classifier head for
classification. In addition, we also conducted a compari-
son with prompt-based methods L2P [64], DualPrompt [65]
and CODA-Prompt [70]. These methods all employ a back-
bone pre-trained on ImageNet-21K and have been tested
on CIFAR-100 and ImageNet-Subset. As mentioned in the
literature [78], using NMC alone, without any additional train-
ing, the ImageNet-21k pre-trained ViT model achieves better
results than L2P on all five datasets. Thus, we replaced the pre-
trained model with CLIP image encoder for fair comparison
for these three methods.

We divided the baseline into two parts: parameters-growing
and parameters-static. DER [18] continuously replicates and
expands the backbone throughout the learning process, while
DualPrompt [65] assigns an expert prompt for each new task,
which we classify as parameters-growing and indicate in the
table with italicized bold text. Methods that only extend the
classifier simply are considered parameters-static.

B. Comparison to state-of-the-art methods

Evaluation on CIFAR-100 As shown in Table I, our results
consistently outperform the baselines in every setting. In the
BO-5 tasks setting, we achieved about 8.2% improvement over
DER at the last task. Note that the prompt-based methods per-
form much less than expected with the CLIP image encoder.
We argue that most of the performance gains of these methods
may come from the ImageNet pre-trained backbone instead of
the design of the prompt pool. Additionally, we can see that
in settings with a greater number of tasks (B0-20, B50-10),

TABLE III: Results of our method and other state-of-the-art
methods on 5-Datasets.

Method | Backbone | Para | Acc
ER 11.0 | 80.32

BiC ResNet | 110 | 78.74
L2P 859 | 81.84
DualPrompt | ViT-B/16 | 85.9 | 77.91
CODA-Prompt 85.9 | 64.18

Ours VIiT-B/16 | 86.2 | 87.31

the extent of our model’s improvement over SOTA is slightly
reduced because the more tasks there are, the longer our OOD
testing chain becomes, making errors more likely. However,
due to our zero-shot OOD detector, which not only assists
in identifying task ID but also guarantees the lower bound
of our model, we can maintain remarkably high performance
even when dealing with a large number of tasks.

Evaluation on ImageNet-Subset Experiments on ImageNet-
Subset (Table II) also demonstrate the effectiveness of our
model. In each setting, our results are significantly higher
than the SOTA. It is worth noting that our model maintains
an average and last result of around 85 and 77 respectively
across all five settings, which other models cannot match.
This proves that although more tasks and a longer prediction
chain can introduce more errors, the impact of these errors on
performance is much smaller than the bias introduced to the
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TABLE IV: Experiments of the Few-shot Class Incremental setting on CIFAR100.

Method 0 1 2 3 4 5 6 7 8 PD|
iCaRL [6] 64.10 5328 41.69 34.12 2793 25.06 2041 1548 13.73  50.37
EEIL [3] 64.10 53.11 4371 35.15 2896 2498 21.01 17.26 15.85 48.25

LUCIR [66] 64.10 53.05 4396 3697 31.61 2673 21.23 16.78 13.54  50.56
TOPIC [79] 64.10 5588 47.07 45.16 40.11 3638 3396  31.55 29.37 34.73
CEC [46] 73.07 6888 6526 61.19 58.09 55,57 5322 51.34 49.14 2393
F2M [45] 7145 68.10 6443 60.80 57.76 5526 53,53 51.57 4935 22.06
MetaFSCIL [50] 7450 70.10 66.84 6272 59.48 56.52 5436 5256 4997 2453
Entropy-reg [80] 7440 7020 66.54 6251 59.71 56.58 5452 5239 50.14  24.26
L2P* [64] 91.22 88.35 82.80 7034 68.66 6434 60.78 58.32 5489  36.33
DualPrompt* [65] 91.08 8796 84,55 7131 6845 6452 6120 5931 5467 3641
CODA-Prompt* [70] 93.55 8991 86.54 76.65 7191 67.12 6452 62.89 5932 3423
Ours 88.93 8586 83.14 80.57 78.04 7641 74.02 7196 71.04 17.89

classifier in previous methods as the number of tasks increases.
This demonstrates the superiority of our OOD-based method.

Evaluation on multiple runs The last three rows of Table I
and Table II present the results of our method under different
class orders. Although the performance varies slightly across
different orders, our method consistently shows significant
improvements over the comparison methods. This indicates
that our OOD-based approach is not dependent on a fixed
learning sequence.

Evaluation on 5-Datasets Since each task in the 5-Datasets
benchmark represents a different dataset, it is necessary to
follow a unified training order for fair comparison with other
baselines. We followed the settings of DualPrompt [65], using
the sequence SVHN, MNIST, CIFAR-10, NotMNIST, and
FashionMNIST. The last task accuracy was used as the eval-
uation metric. As shown in Table III, our model significantly
outperforms other methods. This is primarily due to our OOD
detection approach, which is better suited to scenarios involv-
ing different datasets, resulting in a substantial improvement in
task recognition accuracy and achieving near-zero forgetting.

Experiments on few-shot settings We also conduct exper-
iments in a few-shot setting on CIFAR100 (Table IV), where
the first task includes all data from all 60 classes and the sub-
sequent 8 tasks each contain 5 classes with only 5 samples per
class. The competing methods are all EC-based or prototype-
based methods including iCaRL [6], EEIL [3], LUCIR [66],
TOPIC [79], CEC [46], F2M [45], MetaFSCIL [50], Entropy-
seg [80] and prompt-based method L2P [64], DualPrompt [65]
and CODA-Prompt [70]. It can be observed that our method
may not initially outperform some EC-based methods, but as
the number of seen classes increases (much-crowded feature
spaces), our advantage becomes more prominent. In the last
task, we achieved a performance of 71.04, at least 10 points
higher than the EC-based methods.

C. Running Time analysis

By maintaining the CLIP image encoder as a fixed com-
ponent, a single pass through the image encoder suffices for
subsequent classifier determination. Furthermore, the subse-
quent classifier consists of just one hidden layer with minimal

parameters, resulting in a negligible increase in computational
overhead and memory consumption. In Table V, we present
a comprehensive comparison of model parameters, inference
latency, and accuracy in a B0-10 ImageNet-Subset setting.
This includes the number of initial parameters, the final
parameters after training, and the trainable parameters for
various methods. The results unequivocally demonstrate that
our approach imposes minimal additional latency when com-
pared to recent methods. Remarkably, our method achieves
significant performance improvements with only a modest
increase in parameters.

D. Successful and failed cases

Here we discuss common failure cases in OOD classifica-
tion and how integrating CLIP can improve overall accuracy.
Using the CIFAR100 B0-20 setup as an example, the model,
having learned three tasks (15 classes), encounters an “aquar-
ium fish” during testing.

Without CLIP (left side of Fig. 6), an imbalance between in-
distribution (ID) and OOD samples leads to misclassification,
where the model incorrectly assigns images to the wrong task
(ID). This happens due to limited exemplar memory in the first
classifier, causing “early stops.” With CLIP assistance (right
side), both CLIP and the classifier must agree on whether a
sample belongs to an ID class before final classification. If not,
the sample moves to a previous classifier. CLIP’s zero-shot
classification, which uses class names, improves task identi-
fication. While CLIP helps with task assignments, the fine-
grained classification is still handled by the classifier, leading
to more accurate results. This combination significantly boosts
overall model accuracy.

In Fig. 7 we present successful and failed cases under
both the 5-Datasets and CIFAR100 BO-10 settings. In the 5-
Datasets benchmark, since the final accuracy for SVHN is only
72%, many errors appear as misclassifications within the same
task. It can be observed that in the incorrect predictions, the
image content often resembles the misclassified result. In the
correct predictions, the distribution gap between tasks is large,
demonstrating that our method can accurately predict tasks. In
CIFAR100, errors typically occur when the textual and visual
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TABLE V: Comparison of the number of parameters and the
inference latency. We conducted all experiments on a 3090
Ubuntu machine, using the official code for DER, DyTox,
and L2P. We measured parameters in millions and latency in
seconds. The latency was reported for a batch of 128 images
with size (3, 224, 224).

Method I Initial para  Final para  Trainable para Latency  Accuracy
DER 11.22 112.27 11.22 1.35 77.2
DyTox 11.01 11.02 11.02 1.83 77.2
L2P 85.9 85.9 0.12 0.63 80.3
Ours | 86.19 88.89 0.27 1.86 85.3

meanings overlap, such as between ‘otter’ and ‘beaver, or
‘mouse’ and ‘shrew, causing both the CLIP zero-shot and
OOD incremental classifier to fail simultaneously.

E. Merits of the OOD-based method

As discussed in the Motivation section, Our OOD-based
method does not require continuously expanding classification
heads with the increase of tasks, therefore it needs to insert
the features of new classes into the feature space already well
learned from old classes. Therefore, 1) the model does not

require too many adjustments thus the fine-tuning process is
fast. 2) It is not sensitive to the number of exemplars because
we treat all exemplars as belonging to the same class, greatly
reducing the issue of class imbalance of traditional exemplar-
based methods. We will now demonstrate these points through
two experiments.

We conducted experiments on CIFAR100, with a BO-10
setting, comparing our OOD-based method with two Extension
Classifier (EC) based methods: Linear Probe and L2P. Firstly,
as shown in Fig. 8 (a), Our method achieves comparable
performance even with just one epoch training, and its per-
formance gradually improves with the increase of epochs. On
the other hand, the EC-based methods show poor performance
with a small number of epochs (under-fitting), and as the
number of epochs increases, they tend to overfit to the classes
of the new task due to class imbalance, leading to catastrophic
forgetting and suboptimal performance.

Additionally, in Fig. 8 (b), it can be observed that the
performance of EC-based methods significantly drops when
the number of exemplars is low (500, 1000), indicating their
classifiers heavily rely on the rehearsal memory. In contrast,
our method exhibits strong robustness to changes in the
number of exemplars, demonstrating that our performance
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Fig. 9: The task prediction performance of our method and other ablation settings on CIFAR-100 BO-10. “Only CLIP” denotes
we solely use CLIP for OOD detection. “Only Classifier” denotes we only use visual classifiers for OOD detection without
CLIP as an assistant. We also trained a ResNet32 network from scratch for OOD detection, which is shown in “Resnet From

Scratch”.

stems from the proposed OOD-based classification method
rather than exemplars.

F. Ablation study

Ablation study on two OOD task identification modules In
this section, we discuss the effectiveness of each module we
proposed. Firstly, we tested the simple classifier-based OOD
detection without using CLIP as assistance (Only Classifier).
In addition, we solely used CLIP for OOD detection. Specif-
ically, We trained ten completely isolated classifiers for ten

tasks, and during testing, we first used the zero-shot result
to determine its task ID and then used the classifier saved
from that task for classification (Only CLIP). As shown in
the Figure 10, using Only Classifiers or Only CLIP for OOD
detection is not effective enough. However, combining the two
components results in at least 2% improvement on both the
last task and average accuracy.

We argue that the pre-trained image encoder in CLIP is
also a fundamental component for achieving high performance
in our model. As validated by literature [24], CLIP has
demonstrated its ability in detecting OOD samples on its own.
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TABLE VI: The performance comparison on CIFAR-100 BO-10 setting between training a separate task recognizer [25] and

our method.
task ‘ 2 3 4 5 6 7 8 9 10
Additional OOD 94.9 83.4 73.5 70.9 67.9 63.3 59.7 58.3 51.1
Ours 88.0 84.0 80.9 78.3 77.0 75.1 74.3 71.7 70.4
the lower limit of the overall model accuracy in settings with
100 CIFAR100 BO-10 tasks a large number of tasks. We believe that continual learning
—— OnlyCLIP based on pre-trained models is of great research value, and the
e cratch OOD-based method can maximize the use of the pre-trained
%0 —%- Ours model’s characteristics. In future work, it is worth exploring
how to use existing OOD methods to design more reasonable
. 801 training and testing continual learning methods.
60
50 4
0 1‘0 2b 3‘0 4‘0 5‘0 Gb 7‘0 8‘0 9‘0 160

Number of classes

Fig. 10: The performance of our method and other ablation
settings on CIFAR-100 BO-10.

Here, we tested training a ResNet32 network from scratch for
OOD detection based continual learning, but found that the
performance was much worse than finetuning a pre-trained
model. As shown in Fig. 9 and Fig. 10, the method without
pre-training performs very poorly in the later tasks, achieving
only 47% on the last task.

Comparison to other OOD implementation  We also
explored other OOD detection-based continual learning meth-
ods [25]. We trained a task-specific classifier for each task
and a task recognizer treating all classes within each task as
the same class. During testing, we first used this recognizer
to identify which task the test image belongs to, and then
used the corresponding task-specific classifier to make the final
classification result.

We report the accuracy of two OOD modules in Table VI.
It can be observed that the classifier directly trained on task
ID shows a rapid performance decline as the number of
tasks increases. On the last task, the OOD accuracy is only
51.1%, which implies even lower accuracy for the model itself.
In contrast, our method leverages the high performance of
CLIP zero-shot and the outstanding generalization of the CLIP
image encoder.

VI. CONCLUSION

In this work, we proposed an OOD detection-based ap-
proach to transform CIL into TIL, while utilizing the CLIP
pre-training model to further improve the accuracy of task
recognition. We found that during the continual learning
process, the pre-trained backbone can prevent the model from
drifting to the current task, and the zero-shot OOD detection
can improve the performance of ID recognition while ensuring
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