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Abstract

Multimodal incremental learning needs to digest the in-
formation from multiple modalities while concurrently
learning new knowledge without forgetting the previously
learned information. There are numerous challenges for
this task, mainly including the larger storage size of mul-
timodal data in exemplar-based methods and the computa-
tional requirement of finetuning on huge multimodal mod-
els. In this paper, we leverage the parameter-efficient tun-
ing scheme to reduce the burden of fine-tuning and pro-
pose the exemplar masking framework to efficiently replay
old knowledge. Specifically, the non-important tokens are
masked based on the attention weights and the correlation
across different modalities, significantly reducing the stor-
age size of an exemplar and consequently saving more ex-
emplars under the same memory buffer. Moreover, we de-
sign a multimodal data augmentation technique to diver-
sify exemplars for replaying prior knowledge. In experi-
ments, we not only evaluate our method in existing multi-
modal datasets but also extend the ImageNet-R dataset to
a multimodal dataset as a real-world application, where
captions are generated by querying multimodal large lan-
guage models (e.g., InstructBLIP). Extensive experiments
show that our exemplar masking framework is more effi-
cient and robust to catastrophic forgetting under the same
limited memory buffer.

1. Introduction
Human perception of the real-world environment acquires
knowledge from multiple senses in a continual and sequen-
tial manner. Recently, multimodal transformers [10, 11,
14, 22, 23, 34] pre-trained on large-scale datasets demon-
strate promising performance across a range of multimodal
tasks, including visual recognition [14, 22], object detec-
tion [10], multimodal sentiment analysis [23, 34], etc. How-
ever, when facing the scenario that the model keeps updated
with the new data coming in sequentially, such strong mod-
els suffer from the issue of catastrophic forgetting which
may lead to severe performance drop of the old knowledge.

Figure 1. Illustration of exemplar replay for a new class “ice bear”.
In the conventional exemplar replay framework, only very few
data samples can be stored in the limited memory buffer due to the
high storage demand. In contrast, our exemplar masking frame-
work preserves the important regions of the image and discards
the non-important ones to reduce the storage space. Moreover,
we propose to preserve the information of discarded regions via
another modality (i.e., text) to retain as much information as pos-
sible. Under the same memory buffer, our framework can store
more samples, contributing to more effective knowledge replay.

Moreover, with the growth in the size of multimodal mod-
els, finetuning the entire model with multimodal data be-
comes increasingly impractical under the limited compu-
tation resources. To this end, we delve into the realm of
multimodal class-incremental learning (MCIL), which is a
more practical learning scenario for AI agents.

In this paper, we tackle two practical challenges: 1)
heavy multimodal model fine-tuning, and 2) catastrophic
forgetting when learning with new data. First, nowadays
it is common to use multimodal models with billions of pa-
rameters [2, 25, 26] as the pre-trained models and trans-
fer it on the downstream tasks with finetuning. However,
as the multimodal model size explosively increases, fine-
tuning the entire models when new data comes inevitably
results in a heavy computation cost, which is even no longer
applicable under the limited computation resources.



To this end, we adopt parameter-efficient tuning (PET)
[8, 15, 16, 18, 40] in our MCIL framework to achieve the
model training efficiency while reducing the negative fine-
tuning effect in retaining the old knowledge.

Second, to further alleviate catastrophic forgetting, ex-
emplar replay proposed by iCaRL [27] has emerged as a
widely-used technique in incremental learning. The core
concept is to retain a limited number of past samples per
class as exemplars, facilitating the retention of previous
knowledge when learning new classes. For our multimodal
setup, as the volume of multimodal data increases, the ca-
pacity of storing complete exemplars in the memory buffer
decreases, which makes it more difficult to keep the old
knowledge. To address this challenge and select more repre-
sentative exemplars within the same buffer size, a few data-
efficient methods [21, 32] are proposed. However, these
approaches still retain redundant information, e.g., non-
essential regions in images, resulting in substantial storage
overhead. In addition, for each type of data in multimodal
tasks, the method to reduce redundant information may vary
accordingly, which is not addressed in the prior work.

In this paper, we design an MCIL framework by account-
ing the property of each data type, thereby optimizing the
space to store exemplars dynamically for each data with
different modalities. Specifically, we propose an exemplar
masking method to select important tokens of exemplars ac-
cording to their attention weights, so only a portion of infor-
mation in representative exemplars for each class is needed
to store (see Figure 1). Our motivation is that, the discrim-
inative tokens with higher attention weights may be more
valuable to be preserved for replaying old knowledge, while
the masked tokens containing non-discriminative informa-
tion can be removed. Moreover, to replay the masked ex-
emplars more effectively, we further interchange the data of
different modalities in the same class as a data augmenta-
tion strategy to improve data diversity.

In experiments, we not only validate our proposed
method in existing multimodal datasets but also create a
multimodal dataset extended from the existing ImageNet-
R [5] dataset in a practical manner for the MCIL task.
We generate captions for the images with multimodal large
lanaguage models (MLLMs) [4]. We conduct extensive ex-
periments to explore different masking and selection strate-
gies to demonstrate that the proposed method is able to
achieve efficient and effective MCIL against other baseline
approaches. Our contributions are summarized as follows:

• We explore multimodal incremental learning in both
data-efficient and memory-efficient manners, which is
practical for AI agents.

• We propose an exemplar masking method for
the exemplar-based incremental learning framework,
which highly reduces the storage space of multimodal
samples via adaptive masking, and thus more samples

are able to be saved in the same memory buffer size.
• To replay the multimodal masked exemplars more ef-

ficiently, we further propose multimodal data augmen-
tation to enrich the old exemplars, encouraging models
to replay the old knowledge effectively.

• We extend the image classification dataset to a multi-
modal one by generating rich captions via MLLMs.

2. Related Work

2.1. Incremental Learning

The ability to learn new concepts without forgetting the
previously acquired knowledge is essential for AI agents.
There are three groups of methods for alleviating the for-
getting issue. Parameter regularization methods [12, 17]
estimate the discrepancy between new and old models, and
then adopt corresponding penalization terms to the objec-
tives. Model-based methods [1, 20, 31, 39] preserve the
model parameters for learning new classes to prevent over-
writing the learned weights for previous classes. Replay-
based methods, as a long-lasting and widely-used method,
assume there exists a limited memory buffer to store a
few old samples (named as exemplars) for replaying pre-
vious knowledge. iCaRL [27] first introduces this paradigm
for class-incremental learning, motivating various works
to improve the performance with a limited replay buffer.
[6, 38, 42] aim at mitigating the issue of biased classi-
fiers, which arises due to the substantial imbalance be-
tween the number of old exemplars and newly acquired
samples. In addition, some approaches share the same high-
level idea as exemplars but with different storing types, in-
cluding topology-based [30], feature-based [9], GAN-based
[29, 37], and prompt-based [35, 36] methods.

Recently, [13, 19, 21, 24, 32] have been proposed to
improve the memory efficiency of the replay-based meth-
ods. Mnemonics [19] distill the current new training sam-
ples into exemplars via a bi-level optimization to store more
representative samples with the same quantity. On the other
hand, numerous works [13, 24] focus on augmenting the
exemplars with augmentation methods like mixup [41] to
diversify the exemplars and avoid the over-memorizing is-
sue. Furthermore, considering the trade-off between qual-
ity and quantity, MRDC [32] adopts JPEG compression
codec to compress the samples into more compact data,
while CIM [21] proposes class-incremental masking based
on the class activation map (CAM) to select the discrimina-
tive regions and downsample other regions. However, these
downasmapled and non-discriminative regions sometimes
do not provide useful information for replaying old knowl-
edge, leading to waste the storage space. Also, these image
compression and downsampling methods cannot be gener-
alized to different modality data for the multimodal incre-
mental learning scenario. Recently, as a pioneer in tackling



Figure 2. Overview of the proposed exemplar masking framework for multimodal class-incremental learning, including exemplar masking,
exemplar selection, and multimodal data augmentation. In the l-th incremental phase, we first apply multimodal data augmentation on the
l-th memory buffer and train the model with both new data and augmented exemplars. After training, we generate the masked exemplars
from new data via the proposed exemplar masking and exemplar selection methods, then combine them with the memory buffer.

MCIL, GMM [3] considers it as a generative task and lever-
ages the strong generative capacity of LLMs to predict new
classes. In our work, we adopt the multimodal transformer
as the backbone where the multimodal data is embedded in
tokens, and we propose an exemplar masking framework to
discard the non-important tokens according to the attention
map.

2.2. Parameter-efficient tuning
As the explosion of the parameters in huge pre-trained
multimodal models, finetuning the entire model on down-
stream tasks is not available under the limited computa-
tion resources. To alleviate the burden of finetuning en-
tire models without hurting the performance, there are var-
ious parameter-efficient tuning (PET) methods to alleviate
this issue. As the pioneer, [7] proposes to transfer the
pre-trained models on downstream tasks with lightweight
adapter modules. Prompt tuning [15] and prefix tuning [16]
propose to insert the learnable tokens (named prompts) into
the input sequence in order to instruct the pre-trained mod-
els performing the downstream tasks. Bitfix [40] adapts
pre-trained models on small datasets with only training the
bias-terms in the layers. SSF [18] modifies the features via a
linear transformation with learnable scale and shift features
for transferring to new data. LoRA [8] injects trainable rank
decomposition matrices into each transformer block to learn
the adaptation on downstream tasks. Compared to finetun-
ing entire models, these PET methods reach a competitive
or even better performance with very few learnable param-
eters (i.e., < 1% total model parameters). In our work, we
adopt the SSF [18] as our PET method for efficient multi-
modal incremental learning in the practical scenario.

3. Proposed Method
In this paper, we focus on multimodal class-incremental
learning based on the exemplar replay framework and pro-

pose an exemplar masking framework for it, as shown in
Figure 2. Without loss of generality, we consider that the
multimodal data is composed of two modalities: text T
and image I . As the typical scenario of incremental learn-
ing, the data of different classes arrive sequentially in each
phase, in which there are in total L incremental phases.
Thus the entire multimodal incremental dataset is denoted
as D = {D1, D2, ..., DL} where Dl indicates the data sam-
ples arriving in l-th phase. Basically, model in the l-th
incremental phase is expected to learn the new classes in
Dnew = Dl while retaining the previous knowledge of the
old classes in Dold = {D1, D2, ..., Dl−1}. Due to limited
size of the memory buffer, we cannot access the entire old
training samples Dold, and thus we only preserve a few rep-
resentative samples Dexp (named as exemplars) from previ-
ous data (i.e., Dexp ⊂ Dold) via the herding algorithm [27].
Overall, the model is trained with available training samples
in Dnew ∪Dexp during the l-th incremental phase.

We adopt the multimodal transformer ViLT [11] as our
backbone model, which is pre-trained on multiple large
image-text datasets. Instead of fine-tuning the entire model,
we adopt parameter-efficient tuning (PET) methods to miti-
gate computational demands, where we utilize the SSF [18]
as our main PET scheme in this paper.

3.1. Exemplar Masking for Replay

The typical manner of keeping several original/complete ex-
emplars of old classes could lead to fewer stored samples
when dealing with multimodal data due to limited memory
buffer. Therefore, it is crucial to maximize the storage effi-
ciency of the memory buffer such that it only preserves use-
ful information of old data for replaying purposes. To this
end, for each exemplar (which is composed of text xT , im-
age xI , and the ground truth class label y) to be kept in the
buffer, we propose to only store its essential tokens while



Figure 3. The overview of our proposed exemplar masking and exemplar selection methods. Given a training sample (xT , xI) of class
c, we first calculate the attention of the class token for the image modality ACLS→I and obtain the image mask MI according to the
threshold τI . Then the masked image regions are preserved in the masked image x̃I while the others are discarded. To preserve contextual
information from the discarded image regions, we calculate the cross attention AI→T between discarded image tokens and text tokens
to obtain the text mask MT via the threshold τT . Hence the masked text x̃T is produced via applying text mask MT on xT . Finally,
we compute the cosine similarity between the feature fc(x̃) of the masked sample (x̃T , x̃I) and the mean µc of the class c, in which the
samples with the top-k highest similarity are selected as the exemplars of class c and preserved without exceeding the memory size.

discarding the non-important ones according to the atten-
tion weight of the class token xCLS

1, as shown in Figure 3.
To be detailed, given the attention map ACLS of the class
token xCLS, we separate it into ACLS→T and ACLS→I for
the text and image modalities respectively, followed by us-
ing them to create the masks for masking the text xT and
image xI . As the image modality requires a larger storage
space, we first consider masking the image tokens.
Masking image exemplars. Before moving to the phase
l+1, the model has learned to recognize samples of the new
classes Cnew(l) added in the phase l, in which some selected
exemplars of classes Cnew(l) will be replayed in the next
phase for retaining the knowledge. Therefore, the attention
maps produced by the model are expected to focus more on
the image content related to classes Cnew(l), meaning that
the image tokens with higher attention weights involve the
most information about Cnew(l). To effectively mask out
the non-discriminative tokens and preserve the informative
tokens, we find that the mean of the image attention map
ACLS→I serves as a suitable threshold τI for producing the
mask of image modality MI = {mI(i) | i = 0, 1, ..., NI},
where NI is the number of image tokens:

τI =
1

NI

NI∑
i=0

ACLS→I(i), (1)

mI(i) =

{
1, ACLS→I(i) ≥ τI ,
0, otherwise. (2)

Setting the threshold for masking to the mean of atten-
tion weights rather than a fixed value allows for dynamic
adjustment based on input content. This adaptive threshold
enhances flexibility of our method across various datasets.

1We note that our backbone is ViLT, where the input exemplar is tok-
enized through the transformer blocks to have the resultant class token.

Masking text exemplars. Although some image regions
are discarded due to low attention weights (i.e., being less
important in the image domain), they may still provide con-
textual information which is beneficial for recognizing the
target classes (e.g., the background with an “ice lake” could
be helpful to recognize the class “ice bear”). Hence, we
would still like to maintain the contextual information hid-
den behind masked image tokens in our replay buffer.

To this end, we instead store such information via a
memory-efficient manner by leveraging the corresponding
text tokens. As the second modality, text tokens are en-
couraged to preserve not only the text-related information
but also the discarded information from the image modality
according to the attention weights across two modalities.
To be specific, we first calculate cross-attention weights
AI→T (i) of text tokens with respect to image tokens (i.e.,
the attention from image tokens to text tokens), especially
on the attention of masked image tokens (i.e., with mI(i) =
0). Then we compute the threshold τT as follows for ex-
tracting the text tokens that are more relevant to the masked
image tokens, i.e., producing the mask of text modality
MT = {mT (i) | i = 0, 1, ..., NT }:

τT =
1

NT

NT∑
i=0

1

NmI=0

NI∑
j=0

I(mI(j) = 0)AI→T (j, i), (3)

mT (i) =

{
1, AI→T (i) ≥ τT ,
0, otherwise. (4)

where I(·) is an indicator function and AI→T (j, i) is the
cross-attention value of text token i on the image token j,
while NT and NmI=0 are the number of the text tokens and
the masked image tokens respectively.

Eventually, the multimodal exemplar after applying our



masking strategy as masked exemplars becomes:

x̃T = MT ⊗ xT , x̃I = MI ⊗ xI , (5)

where ⊗ is the element-wise multiplication. Please note that
we leverage the attention map from the backbone model in-
stead of applying additional models to identify the impor-
tant regions to be preserved.
Selection of masked exemplars. In the typical setting of
replay-based incremental-learning methods, the herding se-
lection strategy is adopted to select k exemplars in which
they are the most representative samples of the target class
according to the class center/mean. Specifically, the first
few samples being closest to the class center are selected
based on the feature space extracted by the model. In the
proposed method, we adopt the herding strategy used in
iCaRL [27] as well, but we use the cosine similarity for
measuring the distance between the class mean and masked
training samples (i.e., the samples after applying our mask-
ing operation), in which the masked training samples with
the top-k highest similarity to their respective class mean
are selected as exemplars (see the right side of Figure 3).

3.2. Multimodal Data Augmentation
Although our exemplar masking method helps store more
exemplars for the old/learned classes in the replay buffer of
fixed size, there still exists the imbalance issue between the
old and new classes. That is, the amount of exemplars used
to replay the knowledge of old classes is much less than the
training samples of new classes. Moreover, using the same
exemplars for replaying old classes in different incremen-
tal phases would cause the over-memorizing issue (i.e., the
model only memorizes the exemplars and does not gener-
alize to other data samples of the same class), as described
in [13]. To this end, we propose a simple yet effective data
augmentation technique upon the exemplars to enrich the
training samples of replaying old classes, thus alleviating
both class-imbalance and over-memorizing issues.

As mentioned previously, for a multimodal data sample,
the masked image mainly represents the object of the corre-
sponding class, while the masked text provides complemen-
tary and auxiliary information. Hence, our multimodal data
augmentation interchanges either the images or text descrip-
tions between an arbitrary pair of exemplars from the same
class (see the right side of Figure 2). This creates numerous
diverse training samples to replay the old knowledge.

3.3. Training Objective
In the incremental phase l, we would have the masked ex-
emplars D̃exp of old classes Cold(l) that are seen from pre-
vious phases, as well as the training samples Dnew of new
classes Cnew(l) arriving at phase l. Our objective function
for multimodal class-incremental learning is based on the
cross-entropy function, where its optimization in the phase

l is driven by the available training data D̃exp ∪Dnew. Here,
each training sample is composed of the multimodal data x
(i.e., image and text) and the corresponding class label y.
The LCE loss for every training sample is defined as:

LCE(x, y) =

Cl∑
c=0

−δc=ylog(pc(x), c), (6)

where Cl =
∣∣Cold(l)

∣∣+ ∣∣Cnew(l)
∣∣ denotes the total number of

classes in the current incremental phase l and pc(x) is the
output prediction on the class c. Please note that, in order
to avoid the catastrophic forgetting caused by overriding the
previously learned classifier weights, we adopt the masked
logit trick [35, 36]. This operation masks the logits of old
classes for training samples of new classes, while masking
the logits of new classes for exemplars of old classes.

4. Experimental Results
Dataset. The evaluation of multimodal class-incremental
learning is based on the well-known multimodal classifica-
tion dataset UPMC Food-101 [33] and a newly proposed
dataset proposed (denoted as MM-ImageNet-R) , which is
stemmed from the ImageNet-R [5] but has the carefully-
designed multimodal extension (i.e., extended from only
having image modality to having both text and image
modalities). Specifically, given an image from ImageNet-R,
we derive its text description automatically by querying the
multimodal large language model, InstructBLIP[4]. with
the following prompts: “What’s in this image? Please use
100 words to describe the image content in detail.”
Incremental setting. We follow the common incremental
setting in [27], where the dataset is equally split into L sub-
sets without overlapping classes for L incremental phases.
The default memory buffer size is set to support 5 raw multi-
modal samples per class. We adopt the average incremental
learning accuracy Ā =

∑L
l=1 A

l as our evaluation metric,
where Al is the accuracy of all the seen classes at the end of
l-th incremental phase. We will make the datasets, source
codes, and models available to the public.

4.1. Quantitative Results
In our experiments, we mainly focus on two critical prop-
erties: 1) the data efficiency of the stored exemplars, and 2)
the parameter-efficient methods for multimodal incremen-
tal learning. The compared baselines include: 1) finetun-
ing the entire model (denoted as FT) in each incremental
phase, and 2) the parameter-efficient tuning (PET) method
(i.e., SSF [18] is adopted in experiments) that only learns
the additional few parameters in each incremental phase.
Both of them are based on the conventional exemplar-replay
framework. Moreover, in order to compare with other data-
efficient exemplar-replay methods on the scenario of multi-
modal incremental learning, a baseline is built by following



the concept of CIM [21] which selects the important image
regions according to the CAM map and downsamples the
non-discriminative image regions by 4 times (i.e., half on
both width and length) to compress the size of exemplars.

We summarize quantitative results of our proposed meth-
ods on MM-ImageNet-R and UPMC Food-101 in Table 1.
We draw several observations:

1) SSF reaches a comparable performance with FT and
the required parameters for training are less than 0.3% of
total model parameters, showing that SSF (i.e., a parameter-
efficient tuning method) is more applicable with limited
computation resources.

2) In comparison to baselines, our exemplar masking
framework without multimodal data augmentation (denoted
as Ours w/o MDA) improves performance as the replay-
ing is benefited from having more exemplars thus becomes
more effective. In addition, with the multimodal data aug-
mentation (denoted as Ours), the performance is further
boosted to achieve the best across two training schemes
(i.e., by FT or SST).

3) When the number of incremental phases L increases,
the model variants adopting our multimodal data augmen-
tation improve more, e.g., in Table 1, “FT + Ours” im-
proves “FT + Ours (w/o MDA)” by 1.96% for L=20 on
MM-ImageNet-R, showing that our model is less sensitive
to the forgetting issue under the long-term incremental case,
with the help from more diverse exemplars generated by our
multimodal data augmentation.

4) Although applying CIM to baselines also improves
the performance, the gain is not optimal when compared
with ours. The reason is that the non-important regions are
preserved in low-resolution and still require additional stor-
age space, leading to inefficient memory usage. In contrast,
our exemplar masking framework discards non-important
regions but still preserves the contextual information of dis-
carded regions in another modality (i.e., text), which makes
storing exemplars more efficient and replaying exemplars
more effective.

4.2. Qualitative Results

In Figure 4, we visualize the masked exemplars and the cor-
responding attention map. For the masked texts, we high-
light the words related to the target objects (with the yellow
color box) and the words related to the contextual informa-
tion from the discarded regions (with the melon color box).
As shown in Figure 4, the attention map ACLS→I focuses
on the region of the target objects, and thus the important re-
gions related to objects are selected by our proposed exem-
plar masking method and preserved as the masked images
(e.g., faces and bodies of the target animals). Moreover, the
masked texts driven by our exemplar masking method in-
deed preserve words related to the class object and descrip-
tions related to the discarded regions, both of which are ben-

eficial for the recognition of the corresponding classes. For
example, as shown in the first row of Figure 4, the word “po-
lar bear” and “animal” are related to the ice bear while the
word “snowy ice langscape”, “girl”, and “water” are related
to the discarded image regions that indicate the environment
where the bear is.

4.3. Comparison with Other CIL Methods
To better validate the effectiveness of our proposed method,
we then provide additional comparisons with: 1) another
data-efficient exemplar-based method MRDC [32], which
adopts JPEG to compress images in order to reduce the
storage size, and 2) three state-of-the-art unimodal incre-
mental learning approaches, L2P [36], DualPrompt [35],
and EASE [43], which also adopt pre-trained models and
perform parameter-efficient fine-tuning. Note that none of
the above methods are originally designed for multimodal
scenarios, so we adapt their implementations to our set-
ting and tune the training hyperparameters if needed for
fair comparisons. As results shown in Table 2, we show
that simply adapting unimodal methods (L2P, DualPrompt,
and EASE) has suboptimal performance even compared to
our SSF baseline, demonstrating that the multimodal in-
cremental learning is a more challenging task and requires
more careful designs. Moreover, our exemplar masking
framework consistently outperforms other data-efficient al-
gorithms (MRDC, CIL), showing that our proposed frame-
work can efficiently store more exemplars in the limited
memory buffer and thus replay exemplars more effectively.

4.4. Ablation Studies
To validate our designs for the proposed exemplar mask-
ing framework, we conduct several ablation studies, includ-
ing masking references, masking thresholds, and the usage
of memory. We also discuss different masking methods in
the supplementary materials. We define the “preserved ra-
tio” to represent the proportion of the preserved tokens after
masking, and “# of exemplars” indicates the actual number
of masked exemplars stored in the memory buffer with the
capacity of 5 raw multimodal samples per class. All the
ablations are conducted under the default setting, which is
evaluated on the MM-ImageNet-R dataset with the number
of incremental phases L = 10.
Masking references. In this paper, exemplar masking pre-
serves the important tokens and discards the non-important
ones according to the masking reference. In addition to
adopting the attention map as masking reference, we fur-
ther experiment with several design choices, such as 1) En-
tropy, 2) class activation map (CAM), 3) GradCAM [28],
and 4) Random masking. To be specific: 1) The entropy
of attention weights for each token is calculated, where the
high entropy indicates that the token attends to others more
equally, while the low entropy implies that the token only



Table 1. Average incremental accuracy on our MM-ImageNet-R and UPMC Food-101 datasets with different numbers of incremental
phases L=5, 10, 20. The memory size is 5 raw multimodal samples/class. Ours stands for our overall exemplar masking framework, while
MDA stands for multimodal data augmentation.

Methods # of
Parameters

MM-ImageNet-R UPMC Food-101
L=5 L=10 L=20 L=5 L=10 L=20

FT

112M

79.72 77.31 75.22 86.43 81.61 76.97
FT + CIM [21] 80.33 78.41 76.46 87.15 82.68 78.98

FT + Ours (w/o MDA) 82.06 79.39 76.23 88.03 84.54 79.49
FT + Ours 82.97 80.72 78.19 88.08 85.91 80.53

SSF

206K

80.58 77.03 75.26 86.66 81.62 76.91
SSF + CIM [21] 80.97 78.21 77.23 86.39 83.48 79.25

SSF + Ours (w/o MDA) 81.80 79.05 77.14 87.20 83.03 79.79
SSF + Ours 82.76 80.55 78.64 86.73 84.51 80.68

(a)

[CLS] the image displays an animation - style character art, with a young girl
standing next to an antlered animal . it is likely a polar bear , but its features
appear distorted in the painting, giving a surrealistic feel to the piece. a girl
stands close to the polar bear, looking intently at it. in the background, thereis
a snowy ice landscape or a reflectionof the girl on the water . the painting is de-
signed as a children’s book cover and could possibly be used as a coloring page.
[SEP]

(b)

[CLS] the image depicts a small white dog , likely dressed up in a plush costume
or outfit featuring a white fur texture, standing on a hardwood table . the toy
dog , which appears to be realistic and cute, is sitting in a particular position, most
likely playing with or interacting with some other object or object. the image
also includes a hand, seen on the right side of the table , looking as if it might
be interacting with the dog. apart from the dog and hand, there’s an unidentified
object sitting on the edge of the table , possibly nearby the dog . [SEP]

(c)

[CLS] this image features a wooden shelf displaying several small figurines of
dolls and miniature objects, including a piano , a bench , and a chair. the is filled
with various playful items like dolls, tea cups, and flowers. the overall display gives
an impression of creativity, care, and attention to detail. [SEP]

Input Image xI Attention Map ACLS→I Masked Image x̃I Masked Text x̃T

Figure 4. Examples of the masked exemplars and the corresponding attention maps from different classes, including (a) ice bear, (b) poodle,
and (c) grand piano. We denote colors for the masked text in red and the discarded text in gray, while also highlighting the important words
related to contextual information as well as class-related information .

Table 2. Average incremental accuracy on our MM-ImageNet-R
dataset with different numbers of incremental phases L=5, 10, 20.
The memory size is 5 raw multimodal samples per class.

Methods MM-ImageNet-R
L=5 L=10 L=20

L2P [36] 68.17 69.21 66.23
DualPrompt [35] 77.66 75.57 70.47

EASE [43] 78.06 76.84 73.91
SSF 80.58 77.03 75.26

SSF + MRDC [32] 80.77 78.66 76.13
SSF + CIM [21] 80.97 78.21 77.23

SSF + Ours 82.76 80.55 78.64

focuses on specific few tokens; 2) CAM is based on the ac-
tivation value from the last layer of the model, reflecting the
response of each token to the given class; 3) GradCAM fur-
ther considers the gradient of the target class flowing into
the last layer of the model, highlighting the important to-
kens for predicting that class; 4) Random masking simply

draws some random tokens to discard them. Note that the
first three design choices follow the same procedure as our
proposed method (i.e., using attention maps as the mask-
ing reference) to first compute the mean of their respective
maps and threshold the maps by the resultant mean to con-
struct the final masks.

In Table 3, using the attention map in our proposed
method reaches the best performance, indicating that the at-
tention map is more suitable for reflecting the importance of
input tokens. The reason is that the attention map is a more
meaningful way that indicates the class token learned by
accumulating the information from text and image tokens.
Masking threshold. The value of the masking threshold
determines the amount of preserved tokens, which also af-
fects the numbers of the stored exemplars directly. With
the higher threshold, the preserved tokens are fewer and
thus the number of exemplars increases, and vice versa. We
validate our method on 5 different threshold values (τI for



Table 3. Ablation study of adopting different design choices as the
masking reference (see the first paragraph of Section 4.4 for more
details). The memory size is 5 raw samples per class.

Masking
Reference

Preserved
Ratio

# of
Exemplars Ā

Attention Map 0.34 14.08 80.55
Entropy 0.48 9.78 79.89
CAM 0.38 11.91 79.36

GradCAM 0.45 10.68 79.66
Random 0.35 14 79.58

Table 4. Analysis of the masking threshold (either τI or τT ), where
µ and σ are the mean and the standard deviation of the attention
map (either ACLS→I or AI→T ).

Masking
Threshold τ

Preserved
Ratio

# of
Exemplars Ā

µ+ 0.5× σ 0.21 21.34 80.24
µ+ 0.25× σ 0.27 16.67 81.03

µ 0.34 14.08 80.55
µ− 0.25× σ 0.46 10.18 80.18
µ− 0.5× σ 0.66 7.1 78.82

τi = 0.005, τt = 0.001 0.38 12.60 79.89
τi = 0.004, τt = 0.001 0.42 11.26 79.86

Table 5. Comparisons under the same memory size (raw samples
per class) or a similar number of exemplars.

Methods # of
Exemplars

Memory
Size Ā

SSF 5 5 77.03
14 14 79.79

SSF + CIM 9.91 5 78.21
SSF + Ours 14.08 5 80.55

ACLS→I and τT for AI→T ) in Table 4. We find no obvi-
ous difference in performance when the threshold is equal
to or higher than the attention mean, while the performance
drops with a much lower threshold. This phenomenon il-
lustrates our key motivation: replaying with fewer but more
important tokens per exemplar yet saving more exemplars
is the better way to alleviate the forgetting issue. We also
compare our masking threshold based on the mean of the
attention maps with the fixed pre-determined threshold for
image τi and text τt, as shown in the last two rows in Ta-
ble 4. We observe that even with a similar number of exem-
plars and preserved ratio, the model with a fixed masking
threshold performs worse. This highlights that dynamically
determining the masking threshold based on attention maps
is more effective in preserving important regions given var-
ious input contents.
Discussion on memory. In Table 5, we find that under
the same memory size (i.e., 5 raw multimodal samples per
class), our proposed exemplar masking framework saves
more exemplars in buffer for replaying the old knowledge,
thus improving the performance by a large margin. Fur-
thermore, we observe that even with a similar number of

Figure 5. Experimental results under the different constraints of
the memory buffer size. Our proposed method preserves more ex-
emplar samples under the same limited storage space and improves
the baseline by a large margin.

exemplars, our method “SSF+Ours” with 14.08 masked ex-
emplars per class still outperforms the “SSF” baseline based
on conventional exemplar replay, which has 14 exemplars
per class. More importantly, our memory demand for sav-
ing such amount of masked exemplars is 2.8 times smaller
than the “SSF”. This observation implies that there is no
need to save the entire multimodal samples for replaying old
knowledge, as most regions are redundant and do not bring
significant benefits. Specifically, we calculate the storage
reduction for the exemplars in the first incremental phase.
Given the MM-ImageNet-R dataset, the raw exemplar data
occupies 3.60 MB, while the masked exemplars use only
1.29 MB, saving 64.17% (2.31 MB) of storage.

Furthermore, we compare the performance of baselines
with different memory buffer sizes in Figure 5. As the
CIM [21] still requires storage space for non-discriminative
tokens, the number of exemplars is limited and thus cannot
reach the optimal performance. In contrast, under the same
memory size, our exemplar masking framework preserves
more exemplars without keeping the redundant tokens and
thus outperforms baselines.

5. Conclusions
In this paper, we propose a data-efficient exemplar masking
framework with the parameter-efficient tuning method for
multimodal incremental learning. Our method involves
masking exemplars based on attention weights, preserving
valuable discriminative tokens while discarding less im-
portant ones. This technique allows us to store a greater
number of masked exemplars within the same memory
buffer. In addition, we have developed a multimodal
data augmentation strategy that facilitates the exchange
of multimodal data within the same class, enhancing
both generalization capabilities and replay performance.
Moreover, as a practical application, we extend the existing
image dataset to a multimodal dataset by creating captions
via captioning models and refining it with large language
models. Extensive experiments and ablation studies demon-
strate the efficiency and effectiveness of our framework.
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