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Abstract

Continual learning aims to learn a model from a contin-
uous stream of data, but it mainly assumes a fixed number of
data and tasks with clear task boundaries. However, in real-
world scenarios, the number of input data and tasks is con-
stantly changing in a statistical way, not a static way. Al-
though recently introduced incremental learning scenarios
having blurry task boundaries somewhat address the above
issues, they still do not fully reflect the statistical proper-
ties of real-world situations because of the fixed ratio of
disjoint and blurry samples. In this paper, we propose a
new Stochastic incremental Blurry task boundary scenario,
called Si-Blurry, which reflects the stochastic properties of
the real-world. We find that there are two major challenges
in the Si-Blurry scenario: (1) intra- and inter-task forget-
tings and (2) class imbalance problem. To alleviate them,
we introduce Mask and Visual Prompt tuning (MVP). In
MVP, to address the intra- and inter-task forgetting issues,
we propose a novel instance-wise logit masking and con-
trastive visual prompt tuning loss. Both of them help our
model discern the classes to be learned in the current batch.
It results in consolidating the previous knowledge. In ad-
dition, to alleviate the class imbalance problem, we intro-
duce a new gradient similarity-based focal loss and adap-
tive feature scaling to ease overfitting to the major classes
and underfitting to the minor classes. Extensive experi-
ments show that our proposed MVP significantly outper-
forms the existing state-of-the-art methods in our challeng-
ing Si-Blurry scenario. The code is available at https:
//github.com/moonjunyyy/Si-Blurry

1. Introduction

Continual learning involves constantly learning from a
stream of data while having limited access to previously
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seen information. In this scenario, unlike humans who can
retain and apply their prior knowledge to new situations,
modern deep neural networks face a challenge of catas-
trophic forgetting [30, 11]. To overcome this challenge,
various approaches are being explored [32, 31, 13, 21, 8].
However, these traditional continual learning scenarios have
clear task boundaries, where one can distinguish tasks with
input data, unlike in the real-world. In real-world applica-
tions, clear task boundaries are often absent and access to
data is limited to small portions at a time. This is referred
to as online learning with blurry task boundaries [3].

There are many cases of class emerging or disappearing
like the stock market or e-commerce. To address this, the
i-Blurry scenario [18] has been recently proposed, which
combines disjoint continual learning and blurry task-free
continual learning. Although i-Blurry somewhat alleviates
the above issue, it does not fully capture the complexity of
real-world data, because i-Blurry has the fixed number of
classes between tasks. Figure 1(a) shows the i-Blurry sce-
nario that contains the static number of classes in each task.
In the real-world scenarios, the number of classes and tasks
vary dynamically as illustrated in Figure 1(c) and 1(d). That
is, as samples of a specific class continuously disappear or
appear in the data stream, distribution of the data is dynam-
ically changing.

To reflect the dynamic distribution of the real-world
data, we propose a novel Stochastic incremental Blurry (Si-
Blurry) scenario. We adopt a stochastic approach to imitate
the chaotic nature of the real-world. As shown in Figure
1(b), our Si-Blurry scenario is capable of effectively sim-
ulating not only newly emerging or disappearing data but
also irregularly changing data distribution. In the Si-Blurry
scenario, we find that there are two main reasons for perfor-
mance degradation: (1) intra- and inter-task forgettings, and
(2) class imbalance problem. First, the continuous change
of classes between batches causes intra- and inter-task for-
gettings, which make the model difficult to retain previously
learned knowledge. Second, ignorance of minor classes
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(a) Visualization of i-Blurry scenario [18]. (b) Visualization of our Si-Blurry scenario.

(c) Nomalized search history from December 28, 2021, to December
28, 2022, NAVER Search Trend API : https://www.ncloud.com/
product/applicationService/searchTrend.

(d) Example of task generated from real-world data.

Figure 1. Comparision of (a) i-Blurry scenario, (b) Si-blurry scenario, and (c), (d) real-world data. (a) i-Blurry scenario
consists of the static number of classes in each task. all the tasks have the same number of disjoint classes and blurry classes.
(b) The Si-Blurry scenario has an everchanging number of classes. The disjoint classes and blurry classes are different with
each task. It denotes the unpredictable traits of the real-world. (c) and (d) show the stream of real data. Comparing (a), (b),
and (d), Si-blurry is alike real-world task configuration.

and overfitting to major classes worsen the class imbalance
problem in the Si-Blurry scenario. Minor class ignorance
occurs by insufficient consideration of a few samples which
belong to minor classes in training, and overfitting on major
classes makes the model biased to a large number of sam-
ples that belong to major classes or disjoint classes.

To deal with the aforementioned problems, we propose a
novel online continual learning method called Mask and Vi-
sual Prompt tuning (MVP). We propose instance-wise logit
masking and contrastive visual prompt tuning loss to alle-
viate intra- and inter-task forgettings by making classifica-
tion easier and allowing prompts to learn the knowledge
for each task effectively. Moreover, we propose a gradi-
ent similarity-based focal loss to prevent the problem of mi-
nor class ignorance. This method boosts learning of the ig-
nored samples of minor classes in a batch, so that the sam-
ples for minor classes can be considered intensively. We
also propose adaptive feature scaling to address the prob-
lem of overfitting to major classes. This method measures
the marginal benefit [7] of learning from a sample and pre-
vents our model from learning already sufficiently trained
samples.

We summarize our main contributions as follows:

• We introduce a new incremental learning scenario,
coined Si-Blurry, which aims to simulate a more re-
alistic continual learning setting that the neural net-
works continually learn new classes online while a task
boundary is stochastically varying.

• We propose an instance-wise logit masking and con-
trastive visual prompt tuning loss to prevent the model
from intra-task and inter-task forgettings.

• To solve the class imbalance problem, we propose a
new gradient similarity-based focal loss and adaptive
feature scaling for minor-class ignorance and overfit-
ting on major classes.

• We experimentally achieved significantly high per-
formance compared to existing methods, supporting
that our proposed method shows overwhelming perfor-
mance and solves the problems of Si-Blurry in CIFAR-
100, Tiny-ImageNet, and ImageNet-R.
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2. Related Work
2.1. Disjoint Continual Learning

Class Incremental Learning (CIL) [12] assumes that each
task contains distinct classes not overlapping with another
and that the class observed once in a task never appears
again in subsequent tasks. CIL is categorized into the (1)
regularization-based method, (2) replay-based method, (3)
parameter isolation method, and (4) prompt-based method.
The regularization-based method uses previous knowledge
for regularizing the network while training new tasks [23,
17, 4, 27, 42]. The replay-based method stores a few sam-
ples from the old task and replays them in the new task
to mitigate catastrophic forgetting [34, 38, 2, 6, 29]. The
parameter isolation method expands the network or con-
sists of sub-networks in a single network for each task
[37, 43, 1, 36, 44]. The prompt-based method proposed in
natural language processing (NLP) for transfer learning at-
taches a set of learnable parameters, named prompt, to the
frozen pre-trained model [40, 39, 15].

2.2. Blurry Continual Learning

Blurry Continual Learning [33, 3] assumes no new
classes appear after the first task even though classes over-
lap across the tasks. A blurry setup has some requirements.
First of all, each task is streamed sequentially. Second, the
major class of each task is different. Last, a model can lever-
age only a small portion of data from the previous task. A
blurry setup seems realistic. However, a blurry scenario has
a shortage to apply real-world scenarios in that observing
new classes is commonplace in a real-world scenario. i-
Blurry [18] proposes a more realistic setting that considers
a blurry scenario with a class-incremental setting. However,
the i-Blurry scenario also has a limitation of properly re-
flecting the real-world scenario due to: (1) the same number
of new classes appearing in every task, and (2) new classes
and blurry classes having the same proportion in every task.
This is why we propose a stochastic incremental blurry sce-
nario, which focuses on the stochastic property critical to
real-world scenarios.

2.3. Class Imbalance in Continual Learning

Class imbalance, known as the long-tail problem, is that
the classes are not represented equally in the classification
task. Class imbalance is common in the real-world and
it can cause inaccurate prediction performance in classifi-
cation problems. In continual learning, the replay-based
method suffers severe catastrophic forgetting due to the in-
equality between stored old samples and streamed new sam-
ples [42]. To address this problem, existing methods con-
sider gradient information to get the knowledge of prior
tasks during training [29, 2], episodic memory management
to enhance model performance by sampling effective sam-

Figure 2. A configuration example of the proposed Si-
Blurry scenario.

ples [5, 28, 41], and calibration of the bias [42]. However, in
a blurry scenario, incoming samples per class are different
and this causes a class imbalance problem. Class imbalance
in a task leads to bias for disjoint classes and major classes
which exacerbates the training of the minority classes.

3. Stochastic Incremental Blurry Scenario
3.1. Scenario Configuration

In a real-world scenario, the quantity of input data and
tasks tends to change a stochastic manner. To simulate this,
we propose the Stochastic incremental-Blurry (Si-Blurry)
scenario. From [18], we divide the classes into two cate-
gories using disjoint class ratio: disjoint classes and blurry
classes. As shown in Figure 2, we randomly assign each
blurry class and disjoint class to each blurry task (TB) and
disjoint task (TD) by the disjoint class ratio. In blurry tasks,
we gather the sample of blurry sample ratio and randomly
distribute it to each task. This makes the classes on each
task overlap, which blur explicit task boundary. Each task
with a stochastic blurry task boundary TB+D consists of
TB and TD. Figure 1(b) shows an example of the distribu-
tion of Si-Blurry. Because the Si-Blurry task is stochastic,
the batches get more diverse and imbalanced. As a result,
there are lack of explicit task boundaries and the data imbal-
ance, which pose significant challenges to formal continual
learning methods. We define two problems that are exacer-
bated on Si-Blurry in the following subsections.

3.2. Intra- and Inter-Task Forgettings

First, intra-task forgetting can be interpreted as inter-
batch forgetting. This problem also presents in joint train-
ing but is largely addressed by randomizing the sample or-
der in each batch. However, in online learning scenarios,
each sample is only presented once, making it impossible
to apply this strategy. Additionally, the stochastic nature of
Si-Blurry creates more diverse batches, thereby intensify-
ing the issue of intra-task forgetting. Intra-task forgetting
can severely limit the ability of the model to learn and gen-
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Figure 3. Illustration of the process of the proposed method. Firstly, a pre-trained ViT is used to extract features, and a key
is compared with the feature by cosine distance to select the matched prompt and learnable mask. We use the prompt tuning
[39] method with deep prompting [15]. And the selected mask is multiplied element-wise to logit. To train the key, we use
a contrastive manner and weighted key to prevent key grouping. After the forward pass, the weight vector of the label class
in the classification head and feature are compared to measure the marginal benefit of the sample. In the backward path, we
compare the mean of the gradient vector in the batch and the gradient vector of each sample to measure the ignored sample.
Finally, by scaling the feature and the cross-entropy loss, we effectively handle the forgetting and class imbalance problems.

eralize well in the face of evolving and dynamic data distri-
butions.

Inter-task forgetting, which refers to the phenomenon of
losing previously learned knowledge of a task due to the
changes in class distribution, is a major challenge in on-
line continual learning. Si-Blurry, a scenario proposed to
simulate the complexity of real-world data in a stochas-
tic manner, does not have clear task boundaries like those
in conventional continuous learning, making it difficult to
handle this problem. The stochastic change in class dis-
tribution in Si-Blurry exacerbates this problem. Effective
strategies need to be devised to enable the model to learn
the knowledge continually from data with varying class dis-
tributions, without losing previously acquired knowledge,
and any catastrophic forgetting.

3.3. Class Imbalance

Minor-class ignorance and overfitting to major classes
cause the class imbalance problem. The issue of minor-
class ignorance arises when the number of samples in a
batch varies and this issue causes an imbalanced weighted
loss. The loss imbalance leads to the negligence of the mi-
nority of samples in a batch, resulting in their poor represen-
tation while training the model. Overfitting to major classes
is, conversely, a phenomenon where a class with a large
number of samples deteriorates the model performance by
acquiring unnecessary knowledge relating to generalization
performance.

These are particularly important issues in the context of

Si-Blurry, where no explicit task boundaries exist, and con-
tinual learning requires a model to capture the knowledge
from a wide range of samples. Finding a solution to this
problem is essential for ensuring that the model remains ef-
fective in recognizing and classifying all samples, regard-
less of the number of samples per class, and that it continues
to learn and improve over time.

4. Mask and Visual Prompt Tuning (MVP)

4.1. Preliminary and Problem Formulation

The Si-Blurry scenario considers learning a model with
only a few samples because it cannot access the whole cur-
rent training data. When given the accessible data B =
{xi, yi}Ni=1, where xi ∈ X , yi ∈ Y , we reshape the samples
to a flattened patch shape RL×(S2×C) to feed into the pre-
trained model f : RL×(S2×C) → RL×D which is frozen,
where L, S, C, and D represent the token length, patch
size, channel, and embedding dimension, respectively. A
linear classifier W ∈ RD×|Y| is trainable.

Previous studies demonstrate the effectiveness of using
knowledge from the pre-trained model and tuning the small
size of parameters [40, 39] for continual learning. To this
end, we adopt the prompt tuning method [22] for online
continual learning. Similarly to DualPrompt [39], we uti-
lize a pre-trained Vision Transformer (ViT) as a feature ex-
tractor for the query. We match the query with the key to
apply the contrastive visual prompt tuning loss and select
the prompt.
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4.2. Instance-wise Logit Masking

Existing prompt methods assume the explicit task
boundary and require information on the task boundary for
training, which is not feasible in Si-Blurry, where no ex-
plicit task boundary exists. The cross-entropy loss is highly
effective in optimizing classification models, but it requires
a proper comparison target to acquire sufficient knowledge.
Unlike traditional joint training, the absence of comparison
constantly leads to forgetting in online continual learning.
To address this problem causing intra- and inter-task forget-
tings, we propose a new instance-wise logit masking tech-
nique.

To complement the prompt-based continual learning ap-
proach and further enhance the performance of the model,
we introduce a learnable mask paired with prompts that
helps the model to learn more intra-relevant and easier
learning goals. Since the key-value mechanism is used to
select each prompt, where a feature extracted by the pre-
trained model serves as a query, each prompt can be re-
sponsible for a certain region of the feature space in which
classes have similar extracted features. As illustrated in Fig-
ure 3, we apply the mask to logit using an element-wise
product and train the mask, and then calculate cross-entropy
loss which makes the mask divide the tasks into easier clas-
sification tasks. The logit masking provides the model with
a scaled gradient during back-propagation, which protects
the knowledge that has been sufficiently trained and encour-
ages the learning of classes to be learned.

4.3. Contrastive Visual Prompt Tuning Loss

The logit mask assumes that each key enables the
prompts to learn similar knowledge. We empirically find
that the existing prompt-based method [40] converges to a
single point, which renders the query selection mechanism
inaccurate and meaningless. Moreover, the keys are up-
dated continuously, which causes forgetting. To overcome
these challenges and leverage the benefits of prompt-based
continual learning, we propose a novel loss function, called
Contrastive Visual Prompt Tuning Loss. We formulate this
loss term as follows:

sp =

P∑
p=1

B∑
q=1

exp
(
δ
(
kp,qq

)
/(Cp + 1)

)
,

sn =

P∑
p=1

P∑
q=1

exp (δ (kp,kq) /(Cp + 1)),

LCV PT = −log
sn

sp + sn
, (1)

where δ is cosine distance, P denotes the size of the prompt
pool, qn ∈ RD indicates the query feature, kn ∈ RD de-
notes the key of nth prompt, and Cn means the count of
selection of nth prompt. In LCV PT , (Cp + 1) plays a role

of the temperature to control the softness. If Cn is large,
the effect of loss to key lessens. As illustrated in Figure 3,
the LCV PT increases the distances between keys. Also, as
the prompt learns, the keys become heavier to ensure con-
sistency in key selection. The instance-wise logit masking
coupled with LCV PT can prevent inter-task and intra-task
forgetting by ensuring that each prompt divides its respon-
sible region and preserves the knowledge.

4.4. Gradient Similarity-based Focal Loss

Since the blurry setup has a task that comprises of imbal-
anced classes, it is challenging for the model to extract the
knowledge of all the observed classes in the blurry setup.
Due to the stochastic nature of Si-Blurry, we cannot guar-
antee a minimum number of samples for minor classes. To
mitigate the aforementioned minor class ignorance, we pro-
pose a Gradient Similarity-based Focal loss LGSF (GSF
loss). It focuses on the loss from ignored samples lever-
aging ignore scores Scoreign. The ignore score Scoreigni

denotes how much a sample xi is ignored by other samples
during training. We use cosine distance in between a gradi-
ent vector from each sample ∇Wyi

(f(xi)) ∈ RD and the
averaged gradient vector ∇Wyi

(f(B)) ∈ RD from acces-
sible data B to yield an ignore score for a sample xi. We
formulate ignore score and GSF loss as:

∇Wyi
(f(B)) = 1

|B|
∑

(x,y)∈B

∇Wyi
(f(x)),

Scoreigni = δ (∇Wyi
(f (xi)), ∇Wyi

(f(B))), (2)

LGSF =
1

|B|

|B|∑
i=1

(
Scoreigni

)γ

· LCE (ŷi, yi) , (3)

where (x, y) ∈ B is a training sample, LCE is a cross-
entropy loss, and Wyi

is the weights of corresponding label,
respectively. Eq. 2 represents ignore score for a sample xi.
When the Scoreign has a high value, it implies the model is
hard to extract the knowledge from the sample, whereas the
low Scoreign means vice versa. Leveraging Scoreign, we
can emphasize the loss from the ignored sample and cap-
ture more knowledge of minor classes than before as illus-
trated in Figure 3. Eq. 3 represents GSF loss which con-
siders the amount of ignorance. In [24], the focal loss dy-
namically scales cross-entropy loss considering confidence
in the correct class. Our proposed GSF loss also dynami-
cally scales cross-entropy loss. However, our loss scales the
cross-entropy loss considering ignore score. Ignore score is
the degree of ignorance that is conceptually different from
confidence. GSF loss can mitigate the class ignorance prob-
lem which minor classes highly suffered, and enables bal-
anced class learning.
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4.5. Adaptive Feature Scaling

In online learning, the model cannot access all the data of
the current task but access a few samples. In our novel Si-
Blurry scenario, each task has a class imbalance problem.
When the model access training data, there are no or few
samples of minor classes. It makes the model overfit to ma-
jor classes and newly streamed disjoint classes. To mitigate
the overfitting problem caused by the class imbalance, we
propose Adaptive Feature Scaling (AFS) which expands or
contracts the feature vector considering the marginal benefit
score ScoreMB . Using the ScoreMB , the model can learn
new knowledge from the accessible data while preserving
the knowledge from inaccessible prior data.

As prior works [9, 25, 26] suggest, the similarity be-
tween the feature vector and the weights from the last fully
connected layer relates to the prediction when the model is
trained by cross-entropy loss with softmax function. We
propose a marginal benefit score ScoreMB that represents
how similar the feature vector is with the weights of the cor-
responding label. Leveraging this, we estimate the marginal
benefit from the given instance and adjust the model up-
dates by the given instance. We can calculate ScoreMB as
follows:

ScoreMB
i = δ (f (xi) ,Wyi

) + m, (4)

hi =
f(xi)

ScoreMB
i

, (5)

ŷi = W (hi) (6)

where m is a margin, and hi is a scaled feature vector by
ScoreMB

i . When the ScoreMB has a high value, it im-
plies the given sample has a large marginal benefit. The
ScoreMB reduces the feature vector to increase the ex-
pected loss value. Enlarged expected loss makes the model
learn enough knowledge from the given sample. In contrast,
when the ScoreMB has a low value, it implies the given
sample has a little marginal benefit for the model. In this
case, a feature vector is expanded to decrease the expected
loss value. The model is less trained due to the curtailed
expected loss. We estimate the marginal benefit that can be
extracted from a sample and scale up and down the feature
vector considering the marginal benefit.

To overcome the class imbalance problem, we propose
two components that seem similar: gradient similarity-
based focal loss (GSF) and adaptive feature scaling (AFS).
Although GSF and AFS look similar, their main roles are
different. GSF emphasizes learning minor classes to tackle
the class imbalance problem in the task. AFS regularizes
learning major classes to address the overfitting problem.

Finally, we train our model in an end-to-end manner. The
total loss for our method is defined as:

Ltotal = (1− α)LCE + αLGSF + LCV PT , (7)

where LCE is cross entropy loss with instance-wise logit
masking. We use hyperparameter α for the balanced train-
ing and γ at the gradient similarity-based focal loss to scale
the ignore score.

5. Experiments

5.1. Experimental Details

Datasets. We conducted experiments on three datasets:
CIFAR-100 [19], Tiny-ImageNet [20], and Imagenet-R
[14] with 60,000, 100,000, and 30,000 samples, respec-
tively, and 100, 200, and 200 classes. For the Si-Blurry
scenario, we set a disjoint class ratio to 50% and a blurry
sample ratio to 10%. We evaluated each method on five
independent seeds to empirically search the difficulty of
Si-Blurry.

Baselines. We compared our method with the state-of-
the-art methods, including replay-based methods such
as ER [35], Rainbow Memory (RM) [3], and CLIB
[18], regularization-based method LwF [23], replay-
regularization combined method EWC++ [17], and
prompt-based methods L2P [40] and DualPrompt [39].
We used finetuning and linear probing as lower-bound of
our scenario. We implemented all methods with the fixed
pre-trained Vision Transformer [10], but the EWC++ and
finetuning conducted full finetuning.

Implementation Details. We used Adam optimizer [16]
to train our MVP with 0.005 learning rate. For the existing
methods [35, 3, 18, 23, 17, 40, 39], we re-implemented
them by following the setting (e.g., learning rate) of
original papers in order to compare the performance with
our MVP in the Si-Blurry scenario. We set the batch size
to 32. For training our MVP, we set α to 0.5 and γ to 2.0.
We empirically observed that our method is robust to α
and γ. Please note that although our MVP is designed to
be memory-free, it also can use a memory buffer if it is
needed. To this end, we adopt the replay buffers capable
of storing 500 and 2,000 samples. We call our MVP with
replay buffers “MVP-R”.

Evaluation Metrics. To evaluate the online learning per-
formance, we used two metrics, AAUC and ALast. AAUC

metric, proposed in [18], measures the performance of any-
time inference. Anytime inference assumes that inference
queries can occur anytime during training with exposed
classes. ALast measures the inference performance after the
train is ended. In the real-world, the model needs to offer
the proper services whenever a client is needed. In this point
of view, Evaluating performance by ALast and AAUC is ap-
propriate to benchmark the performance in the real-world.
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Buffer
Size Method CIFAR-100 Tiny-ImageNet ImageNet-R

AAUC ALast AAUC ALast AAUC ALast

0

Finetuning 19.71±3.39 10.42±4.92 15.50±0.74 10.42±4.92 7.51±3.94 2.29±0.85
Linear Probing 49.69±6.09 23.07±7.33 42.15±2.79 21.97±6.43 29.24±1.26 16.87±3.14

LwF [23] 55.51±3.49 36.53±10.96 49.00±1.52 27.47±7.59 31.61±1.53 20.62±3.67
L2P [40] 57.08±4.43 41.63±12.73 52.09±1.92 35.05±5.73 29.65±1.63 19.55±4.78

DualPrompt [39] 67.07±4.16 56.82±3.49 66.09±2.00 48.72±3.41 40.11±1.27 29.24±4.63
MVP (Ours) 68.10±4.91 62.59±2.38 68.95±1.33 52.78±2.08 40.60±1.21 31.96±3.07

500

ER [35] 65.57±4.77 60.68±1.15 59.46±1.81 40.60±2.71 40.31±1.33 28.85±1.43
EWC++ [17] 34.54±5.19 25.62±3.35 55.05±1.75 34.88±3.65 18.62±1.00 11.36±2.40

RM [3] 40.86±3.32 23.94±0.61 31.96±0.80 7.43±0.27 18.31±1.09 4.14±0.18
CLIB [18] 69.68±2.20 67.16±0.72 60.11±1.53 48.97±1.48 37.18±1.52 29.51±0.98

MVP-R (Ours) 76.06±4.22 79.32±1.28 76.52±0.73 65.19±0.58 49.07±1.47 44.17±1.72

2,000

ER [35] 69.86±4.08 71.81±0.69 66.75±1.13 55.07±1.28 45.74±1.35 38.13±0.32
EWC++ [17] 47.75±5.35 46.93±1.44 64.92±1.21 53.04±1.53 30.20±1.31 21.28±1.88

RM [3] 53.27±3.00 65.51±0.55 47.26±1.13 44.55±0.37 27.88±1.29 24.25±0.99
CLIB [18] 71.53±2.61 72.09±0.49 65.47±0.76 56.87±0.54 42.69±1.30 35.43±0.38

MVP-R (Ours) 78.65±3.59 84.42±0.44 80.67±0.75 74.34±0.32 52.47±1.45 50.54±2.08

Table 1. Average accuracy of continual learning methods on Si-Blurry scenario. For the comparison, we adopt the CIFAR-
100, Tiny-ImageNet, and ImageNet-R datasets. Note that MVP-R indicates our MVP with a memory buffer.

Method Components Memory = 0 Memory = 2,000
Mask Cont AAUC ALast AAUC ALast

Baseline - - 67.07±4.16 56.82±3.49 75.26±5.02 80.72±0.83

MVP (Ours)
✓ 67.64±3.81 58.52±3.28 77.83±0.35 84.26±0.04

✓ 66.37±4.59 58.63±1.18 76.67±1.98 83.32±0.40
✓ ✓ 68.08±6.46 60.20±3.28 77.85±0.04 84.28±0.15

Method Components Memory = 0 Memory = 2,000
GSF AFS AAUC ALast AAUC ALast

Baseline - - 67.07±4.16 56.82±3.49 75.26±5.02 80.72±0.83

MVP (Ours)
✓ 67.45±5.21 56.11±3.20 77.34±2.16 83.75±0.53

✓ 67.45±3.78 57.93±2.11 77.86±2.09 84.31±0.20
✓ ✓ 67.66±3.47 58.28±2.95 78.28±3.67 84.41±0.21

Table 2. Ablation studies of instance-wise logit masking and the contrastive visual prompt tuning for alleviating inter and
intra-task forgetting. ‘Mask’ and ‘Cont’ represent instance-wise logit masking and contrastive visual prompt tuning, respec-
tively. The lower table represents the ablation study of gradient similarity-based focal loss and adaptive feature scaling. GSF
and AFS denote gradient similarity-based focal loss and adaptive feature scaling, respectively.

5.2. Results on the Si-Blurry Scenario

We compared our MVP to other online CL methods in
the Si-Blurry scenario. The results are shown in Table 1.
In the Si-Blurry scenario, our MVP method outperformed
all other comparison methods. On CIFAR-100, our method
without a memory buffer outperformed EWC++ and RM,
where they used a memory buffer size of 500. Furthermore,
our method with a memory buffer size of 500 overwhelmed
other methods with large margins. On Tiny-ImageNet, our
MVP also outperformed other methods. Note that the RM

Score was especially low on Tiny-ImageNet. We believe
that the RM method trains the model highly focusing on
samples stored in a memory buffer and Tiny-ImageNet con-
tains 100,000 training images. The limited memory buffer
could not cover the vast number of samples. So RM method
suffered from overfitting. On ImageNet-R, all comparison
methods scored low performance whether a memory buffer
was used or not. Nonetheless, MVP showed a standing-out
performance score. The score gap between MVP and other
methods got bigger when the memory buffer was used. Our
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Method Components Memory = 0 Memory = 2,000
Mask Cont GSF AFS AAUC ALast AAUC ALast

Baseline - - - - 67.07±4.16 56.82±3.49 75.26±5.02 80.72±0.53

MVP (Ours)
✓ ✓ 68.08±6.46 60.20±3.28 77.85±0.04 84.28±0.15

✓ ✓ 67.66±3.47 58.28±2.95 78.28±3.67 84.41±0.21
✓ ✓ ✓ ✓ 68.10±4.91 62.59±2.38 78.65±3.59 84.42±0.44

Table 3. Ablation experiment coupled with the best condition for inter and intra-task forgetting and class imbalance. ‘Mask’
and ‘Cont’ represent instance-wise logit masking and contrastive visual prompt tuning and GSF and AFS denote gradient
similarity-based focal loss and adaptive feature scaling, respectively.

method MVP got an outperforming score without memory
and performed much better when memory is used.

5.3. Ablation Study

Table 2 shows an ablation study on CIFAR-100 for the
proposed components in our method. We set the ablation
study whether using a memory buffer or not. We set the
Dual Prompt as a baseline for both cases. The ablation study
showed that each component of our method was beneficial
to the performance.

As shown in the upper table from Table 2, instance-
wise logit masking and contrastive visual prompt tuning
loss scored a better performance without memory than the
performance of the baseline in both AAUC and Alast. More-
over, using both of them scored better performance than
the performance of each component. It implies instance-
wise logit masking and contrastive visual prompt tuning
loss makes a complementary performance. Instance-wise
logit masking helps to enhance accuracy by making the task
easy by masking irrelevant classes. So, the model can learn
representative knowledge more efficiently.

We also investigated the GSF loss and AFS in the lower
table from Table 2. Using both GSF and ASF scored the
highest performance among the performance of the lower
table. It showed that Each of GSF and AFS can alleviate
class imbalance. In addition, using both of them was more
helpful to class imbalance considerably. The lower table
implies that class imbalance is a crucial problem for predic-
tion performance in Si-Blurry.

In Table 3, We compared the set of components for the
inter and intra-task forgettings (instance-wise logit masking
and contrastive visual prompt tuning loss) with the set of
components for the class imbalance (GSF and AFS). When
we used all the components, we observed the performance
improvement from 67.07±4.16 to 68.10±4.91 in AAUC and
from 56.82±3.49 to 62.59±2.38 in ALast. This showed that
our methods are synergistic.

5.4. Comparison between i-Blurry and Si-Blurry

The comparative analysis, as illustrated in Table 4, en-
compasses a comprehensive evaluation of the best and worst

performance metrics for both existing methods and our
proposed approach across two distinct scenarios: i-Blurry
[18] and Si-Blurry. In the context of the i-Blurry sce-
nario, the results underscore the superiority of our proposed
MVP method, outperforming other existing methodologies
in both the best and worst case scenarios. This demonstrates
the consistency and robustness of our method in i-Blurry
settings. Notably, our method even surpasses the state-of-
the-art CLIB method, establishing its prowess in challeng-
ing real-world scenarios.

Furthermore, the insights drawn from our evaluation ex-
tend beyond the i-Blurry scenario. Our approach yields
improved performance not only in the i-Blurry context but
also in the Si-Blurry scenario. It is worth highlighting that
while some existing methods exhibited a decline in perfor-
mance within the Si-Blurry scenario, it is indicative of the
increased complexity and realism inherent in Si-Blurry, ren-
dering it a more intricate challenge than the i-Blurry sce-
nario. The robust performance in both i-Blurry and Si-
Blurry scenarios underscores the adaptability and effective-
ness of our method in tackling varying levels of complexity
and realism.

5.5. Disjoint Sample Ratio

We tested our method at various disjoint class ratios.
We compared the performance of the model in the extreme
cases of disjoint only and no disjoint, following experiment
of [18]. Table 5 demonstrated that the MVP method main-
tained a robust and high performance across various disjoint
class ratios. This suggested that our method is capable of
achieving excellent results in both existing blurry and class
incremental learning scenarios.

5.6. Blurry Sample Ratio

We tested our method at various blurry sample ratios,
following the experiment of [18]. Table 6 refers that the
MVP method maintained robust high performance while the
blurry sample increased to half. Considering these results
with the results from Table 6, we could conclude that our
method has the ability to improve performance in a vari-
ety of data distributions that we might encounter in the real
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Case i-Blurry Si-Blurry
CLIB [18] DP[39] MVP-R (2,000) CLIB [18] DP [39] MVP-R (2,000)

Best case 72.56 67.51 84.69 72.91 61.68 84.89
Worst case 71.86 62.57 83.68 71.78 53.68 83.80

Average 72.12±0.38 64.90±1.96 84.44±0.43 72.09±0.49 56.82±3.49 84.42±0.44

Table 4. The analysis of continual learning methods between the i-Blurry scenario and our Si-Blurry scenario on the CIFAR-
100 [19] dataset. ‘MVP-R (2,000)’ indicates our method with a memory buffer size of 2,000. The worst and best case denote
the lowest and highest score respectively among the 5 independent runs, and the average score is the ALast score.

Disjoint Class Ratio 0 50 100
AAUC ALast AAUC ALast AAUC ALast

DualPrompt [39] 68.85±2.77 72.31±9.19 67.07±4.16 56.82±3.49 71.45±1.67 48.68±3.47
MVP (Ours) 67.86±2.62 73.83±8.34 68.10±4.91 62.59±2.38 73.35±2.63 53.40±5.49

Table 5. We compared the performance of MVP and DualPrompt at different disjoint class ratios. Experimental results show
that MVP can be robust to changing disjoint class ratios.

Blurry Sample Ratio 10 30 50
AAUC ALast AAUC ALast AAUC ALast

DualPrompt [39] 67.07±4.16 56.82±3.49 70.58±2.05 59.47±7.38 68.08±5.56 49.93±2.82
MVP (Ours) 68.10±4.91 62.59±2.38 71.10±2.10 63.02±6.68 70.58±2.05 59.47±7.38

Table 6. We compared the performance of MVP and DualPrompt at different blurry sample ratios. Experimental results show
that MVP can be more robust to a number of blurry samples than the existing method.

world. This showed that the MVP method has the ability to
effectively solve real-world problems.

6. Conclusion
In this paper, we found that the previous CL scenarios

fall short in their efforts to reflect reality. We designed
a new scenario, Si-blurry, to simulate the complexity of a
real-world data stream. In the Si-Blurry scenario, we could
find two main branches of problems that degrade online
learning performance: intra-task and inter-task forgetting,
and class imbalance. To mitigate these problems in the Si-
Blurry scenario, we proposed a Mask and Visual Prompt
tuning (MVP) consisting of instance-wise logit masking,
contrastive visual prompt tuning loss, gradient similarity-
based focal loss, and adaptive feature scaling. Our method
in the Si-Blurry scenario outperforms the existing CL meth-
ods. We believe that the Si-Blurry scenario is a step-forward
scenario that reflects the real-world scenario.

Although our MVP shows a standing-out performance,
it has some limitations. Different from prior work [40], we
selected only one prompt from the pool to facilitate mask
learning and prevent the key converging problem. How-
ever, selecting multiple keys can achieve knowledge sharing
and reduce the risk of missed selections. It suggests further
work to train instance-wise masks taking these advantages.
Also, batch-wise calculation of the ignorance score makes
the method sensitive to batch size. Batch-agnostic online

learning is suggested as another further work.
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