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Abstract

Continual egocentric activity recognition aims to un-
derstand diverse first-person activities from the multimodal
data of a wearable device captured in streaming environ-
ments, which is an emerging and challenging task. Existing
continual learning methods ignore the dynamic change of
multiple modalities’ correlation and hardly learn discrim-
inative representations for the sequentially isolated activ-
ity classes from different stages. In this paper, we pro-
pose a Confusion Mixup Regularized Multimodal Fusion
Network (CMR-MFN) to address this issue. Firstly, CMR-
MFN is composed of a ternary-modality-input dynamic
expansion architecture, which progressively grows addi-
tional branches for in-stage class recognition. Each in-
put owns a frozen modality-specific backbone to avoid for-
getting caused by parameter shifts. Secondly, CMR-MFN
captures the dynamics of multimodal inputs via learnable
self-attention layers. We augment unknown classes by lin-
early mixing up the samples from two known classes and
assigning a biased weight to one of them, which makes the
unknown class samples confusing toward the known class
with a higher weight. By learning from the current and aug-
mented training data together, we regularize the multimodal
fusion representation to distinguish the in-stage classes
from their confusing samples of unknown classes, which im-
plicitly pushes the out-stage classes’ samples far from the
in-stage classes’ ones when they are similar to each other.
Experiments show that the proposed method significantly
outperforms state-of-the-art methods for multimodal con-
tinual egocentric activity recognition. Our code is available
at https://github.com/Hanna-W/CMR-MFN.
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1. Introduction

Multimodal egocentric activity recognition [12, 11, 23,
36] refers to the task of recognizing and understanding hu-
man activities from a first-person perspective using multi-
ple modalities of data, such as visual, audio, and inertial
sensor data [19, 18, 17, 21, 20]. This field of research fo-
cuses on developing algorithms and models that can ana-
lyze and interpret the actions and behaviors of individu-
als captured through wearable devices, like head-mounted
cameras or smart glasses. However, in practical applica-
tions, the training data is typically acquired in stages rather
than being obtained all at once as in the traditional training
paradigm. Therefore, continual egocentric activity recogni-
tion is highly desirable in practical applications. In this pa-
per, we explore a multimodal continuous learning method
for egocentric activity recognition.

The main challenge of Continual Learning (CL) is how
to strike a balance between acquiring new knowledge and
preserving old knowledge, which is also known as the
stability-plasticity dilemma [7]. The root of this problem
lies in two aspects: data isolation and unified architec-
ture [28], which force the model to overfit the data at the
current stage and lead to catastrophic forgetting. More intu-
itively, catastrophic forgetting is the result of confusion be-
tween the representations of data from different stages in the
feature space [44]. This problem becomes more serious for
multimodal data, which may confuse with each other when
even only one modality is overlapped in the feature space.
The current continual learning methods primarily focus on
single modality data and do not take into account the rep-
resentation discriminability of fusing multiple modalities in
streaming environments. As a result, multimodal continual
learning becomes even more challenging.

Most of the existing methods attempt to tackle the afore-
mentioned issues of data isolation and unified architecture
through rehearsal and dynamic architecture. Rehearsal-
based works [16, 32, 10, 37, 42, 44, 45, 43] involve the
storage of prototypes or exemplar instances from previous
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Figure 1. Top: In-stage classes have discriminative representa-
tions. Bottom: Traditional training hardly learns discriminative
representations for isolated in-stage and out-stage classes, while
CMR-MEFN training will alleviate the confusion between in-stage
and out-stage classes.

tasks, which are subsequently replayed during the training
of new tasks. Unfortunately, this is particularly true in the
context of first-person behavior recognition, where privacy
considerations are paramount. Recent approaches based on
dynamic architecture [34, 26, 35, 15] have demonstrated
impressive performance by incorporating new modules for
learning new tasks while preserving the knowledge of old
ones. Thereby, designing based on dynamic architecture
enables better handling of a growing training distribution
while maintaining the learned parameters associated with
previous classes fixed.

To address these issues, in this paper, we aim to present
a multimodal continuous learning method that incorporates
three properties: 1. rehearsal-free: The method does not
rely on the use of any replay samples or prototypes during
the training process; 2. dynamic expansion: The method
utilizes a network architecture that dynamically expands; 3.
generalized multimodal fusion: The method incorporates a
learnable fusion network that is capable of acquiring more
discriminative multimodal representations.

To this end, we initially employ a dedicated pre-trained
transformer backbone for each modality and keep them
frozen as a strong prior. Then we adopt the strategy of stage
isolation which allows each stage to independently learn the
fusion network and classifier. This approach enables the fu-
sion network and classifier to achieve the optimal perfor-
mance in their stage as shown at the top of Fig. 1. Each
fusion network consists of a self-attention layer, enabling it
to learn better feature representations by dynamically cap-
turing the intrinsic connections among different modalities.
However, traditional training would lead to stage-level over-
fitting. As shown in the bottom-left of Fig. 1: the data out-
side the stage may not learn a discriminative representation
and it is easy to overlap with the data in the stage. Hence,

inspired by Mixup [39], we synthesize confusing samples
by linearly combining any two known categories and giving
a higher weight to one of them. Through the joint training
of the current and augmented data, regularization is applied
to the representation learning of the multimodal fusion net-
work so that the learned multimodal representation can ef-
fectively distinguish the in-stage and out-stage data.

In conclusion, we propose a rehearsal-free multimodal
continuous learning method for egocentric activity recogni-
tion called CMR-MFN, our main contributions are summa-
rized as follows:

e We design a dynamic expansion fusion architecture to
ensure the data within each stage can learn the optimal
multimodal representation.

* We introduce a called confusion mixup regularized
multimodal fusion network that can capture the dy-
namic change of correlation from different modalities
and help alleviate the confusion between the in-stage
data and out-stage data in the feature space.

e Our method significantly outperforms SOTA unimodal
methods on existing multimodal continual learning
benchmarks for egocentric activity recognition.

2. Related Work
2.1. Multimodal Egocentric Activity Recognition

Given the wide range of modalities through which ego-
centric activities can be represented, an increasing amount
of research is dedicated to exploring the multimodal domain
for first-person activity recognition. Audio data provide
complementary information to appearance and motion in
visual data. TBN [12] draws inspiration from TSN [27] and
utilizes a temporal binding window to fuse audiovisual fea-
tures. This approach combines modalities before temporal
aggregation, using shared modality and fusion weights over
time. [11] presents MTCN, a transformer-based model that
learns to focus on surrounding activities and model mul-
timodal temporal context. Inertial sensors data from ac-
celerometers and gyroscopes have been used for egocentric
activity recognition, allowing recognition beyond the lim-
ited field of view of vision-based sensors. A hierarchical
fusion framework is presented in [23, 36], utilizing LSTM
and CNN based on motion sensor data and photo streams at
different levels, respectively. MKL [2] is proposed to adap-
tively weigh the visual, audio, and sensor features, addition-
ally, feature and kernel weighting and recognition tasks are
performed simultaneously. [9] introduces a first-view mul-
timodal framework based on knowledge-driven approaches,
GCN and LSTM.
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2.2. Continual Learning

Regularization-based methods can be categorized into
two aspects based on parameter regularization and knowl-
edge distillation. Parameter regularization-based meth-
ods [13, 38, 1] aim to retain previous class knowledge by
penalizing changes to former classes during model updates.
In [13], the importance of parameters is assessed using the
Fisher information matrix, and significant parameters are
restricted in their updates. However, conflicts arise due
to the differing importance matrices for each task, which
subsequently impacts the effectiveness of the algorithm.
On the other hand, knowledge distillation-based methods
[14, 5, 40, 30] employ implicit regularization by applying
knowledge distillation techniques to continuous learning.
BiC [30] and WA [40] propose effective solutions to address
the issue of classifier bias that arises after distillation.

Rehearsal-based methods primarily rely on utilizing
old-task data to mitigate catastrophic forgetting. [16, 30, 40,
8] allocate specific memory to store exemplars of past tasks,
allowing access to a portion of the old data which is then re-
played to reinforce previous knowledge during the learning
of new tasks. Furthermore, some approaches [31, 32, 22]
involve generating old-task data using separate generative
models for replay, rather than directly storing the original
data. However, it is important to consider that storing large
amounts of old-task data can be memory-intensive and may
raise privacy concerns. Additionally, generative models of-
ten face challenges such as instability and inefficiency dur-
ing training. To address these issues, some researchers have
focused on leveraging class-representative prototypes of old
data. For example, [45] adopts a prototype selection strat-
egy while [44] focuses on prototype augmentation. In ad-
dition, [43] proposes classAug on the basis of prototype
augmentation to prevent the bias of prototype representa-
tion.

Dynamic-networks-based methods design dynamic
modules to satisfy evolving training distributions without
task identifiers. [34] continuously expands feature extrac-
tors, which are subsequently fed into a unified classifier.
Furthermore, the network undergoes pruning after model
learning. Similarly, [6] introduces a task dynamic strategy
based on the transformer architecture, where task tokens are
continuously expanded without requiring any hyperparam-
eter adjustments to control network expansion. Another no-
table contribution is made by [29], which proposes a novel
framework for continual learning through prompt tuning.
Additionally, [26] presents a two-stage learning paradigm
that utilizes dynamic expansion modules and compression
models based on the gradient boosting algorithm. How-
ever, conflicts can arise between different modules during
dynamic expansion. To address this, [25] introduces a uni-
fied energy-based theory and framework to mitigate con-
flicts in the expansion process.

3. Proposed Method
3.1. Problem Definition

Continuous learning aims to enable the model to learn a
continuous stream of information, only accessing the cur-
rent stage samples during training, and effectively catego-
rizing the test samples from all previously learned stages
during testing. Let {D!,D?,.., DT} be continuous data
stream, where{1,2,..,T} is the sequence of stages. The

incoming data at stage ¢ is denoted as D' = {x}, yi}é\f:tl’
which have N! labeled samples of this stage. Specif-
ically, the model receives =, = {v},a},gl} as the in-
put of multimodal data, where v}, af, g} represent the vi-
sual signal (R), acceleration signal (A) and gyroscope sig-
nal (G), respectively. vy is the corresponding label for
x} which is expressed in the form of one-hot encoding:
yi = [l1,l2,- -+ ,lx], where k is the number of category,
l; = 1 when it belongs to class ¢ otherwise [; = 0. For
class incremental learning, y; is selected from )* where
V* represents the label space of class groups without over-
lapping classes. In the ¢-th incremental step, the model
learns knowledge from the available training samples DY,
and then is expected to perform well on all seen classes

Vt=Ut_ Vi
3.2. Overview of Framework

In this paper, we present a rehearsal-free multimodal
continual learning approach. The framework of our method
is shown in Fig. 2. During the training phase, we use
frozen pre-trained transformers to extract features for each
modal input. Before multimodal fusion, we introduce con-
fusion samples generated by mixup in current training data
to regularize multimodal fusion network learning. Then we
train the fusion network and classifier independently at each
stage. During the testing phase, the test samples choose the
prediction result by selecting the highest score from all clas-
sifiers.

The detail of the feature extractor is shown in Fig.3. At
step ¢, for the visual data, we uniformly sample 8§ RGB
frames v}, from the video. Subsequently, we feed them into
the feature extractor F,, yielding the RGB feature f!. Re-
garding the inertial sensor data, considering that both the ac-
celerometer and gyroscope provide three-dimensional data
aj and g}, three spectrograms are generated after STFT,
whereafter individually passed to the corresponding feature
extractors F,, and F, to obtain their respective features f!
and f;. For simplicity, for image frames that contain time
information, we employ pre-trained TimeSformer [3] as the
backbone, while for the spectrograms derived from inertial
sensor data, we utilize pre-trained ViT-B/16 [4].

In the following sections, we will first provide a com-
prehensive introduction to the confusion mixup strategy,
which effectively addresses the confusion between in-stage
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Figure 2. Framework of CMR-MFN. The method involves several steps during training: feature extraction for each modality, addition of
generated confusing samples and independent training of the fusion network and classifier at each stage. In the inference phase, the test
samples select the highest score from all classifiers as the prediction result.
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Figure 3. The specific architecture of the feature extractor.

and out-stage data caused by data isolation. Additionally,
we will present the self-attention based multimodal fusion
process. By independently training the fusion network and
classifiers, they can achieve optimal performance at their
respective stages without being influenced by other stages.

3.3. Confusion Mixup

In the training phase, only the data from the current stage
is available, while all previously learned classes are seen
during testing. Traditional training methods would lead to
overfitting at the stage level, causing confusion in feature
space between in-stage and out-stage data and resulting in
catastrophic forgetting. Typically, these confusing out-stage
data exhibit similar characteristics to a specific category

within the stage. To address this issue, we explore the use of
mixup to synthesize similar samples based on available data
and regularize the fusion network to learn more generalized
multimodal representations.

Specifically, at stage ¢, the incoming data D! contains a
total of k classes. For each class n, we assign a confusion
class n 4+ k. During training, we fuse the embedding of
the pair (z!, xz) from two different classes a and b in the

ini ; [ A A A
mini-batch as a confusion sample z* = { votasfy g

Fin = AT () + (L= M) Fon(mf), (1)

where m € [v,a, g] and X is sampled from Beta(a, ). In
contrast to the setting described in [43], we impose a re-
striction on the sampling of A, confining it to the interval
of [0.5,1]. As shown in Fig. 4 and 5, our confusion mixup
ensures that the synthesized samples of the new class are
closer to one class of the original data.

And the sample generated by Eq. 1 would be labeled as:

v =i, - o), )

where [, is equal to 1 and the others are equal to 0. We
represent the synthetic data set as D while the correspond-
ing label set as V' Therefore, the original k-class problem
in the current stage is transformed into a 2k-class problem.
Furthermore, in order to maintain sample balance, the num-
ber of each synthesis will align with the batch size. In our
all experiments, « is set to 0.2.

ala+k7 o
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Figure 4. The illustration of mixup under different A settings, tak-
ing RGB as an example. We randomly select two samples from
class a and class b, generate 50 new samples through mixup, and
plot them in a 2D space for visualization.
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Figure 5. The distance distribution between the synthetic samples
and a specific original sample. The y-axis is the count of mixup
samples, and the x-axis is the cosine distance to the class a.

3.4. Self-attention based Multimodal Fusion

Following data augmentation through confusing mixup,
we employ a self-attention layer [24] as the fusion net-
work to fuse the features from different modalities, de-
noted as SA. SA consists of three parts: query @, key
K, and value V. The input Z = [f,||fallfy], Where ||
denotes the concatenation of the features for each modal-
ity, will be projected into the same space, represented as
Q,K,V] = WRZ WKZ WV Z]. The final output of
SA(Z) can be computed as follows:

SA(Z) = Softmax ( @K

T
V. 3
Wh) : 3)

where dj, represents the embedding dimension, and A in-
dicates the number of attention heads. Moreover, training
a single fusion network by fine-tuning parameters allows it
to accommodate new tasks but possibly results in forgetting
the knowledge acquired from previous ones.

To this end, we introduce expandable multimodal fu-
sion networks. Initially, we have only one fusion network
denoted as SA;. As we progress to each new stage, we

propose expanding the parameter space by creating a new
fusion network while retaining the previous ones. Corre-
spondingly, we extend the classifier at each new stage. This
implies that at step ¢, we train a new fusion network S.A; in-
dependently, along with a corresponding classifier H;. Our
expansion would add approximately 0.7% new parameters
in each stage. Additionally, the incremental learning pro-
cess only involves training these new parameters, leading to
a significantly faster model training.

3.5. Optimization Objective of CMR-MFN

By combining the aforementioned techniques, we obtain
a complete loss function of CMR-MFN which consists of
two terms:(1) the cross entropy loss L. of the original data
D, (2) the cross entropy loss £/, of the synthetic data D*".
The total loss is presented as follows:

L= Lo+ L. @)

During the training process of stage t, L. and L/, can be
calculated as:

L:ce = ce(Ht(SAt(f(Dt)); yt)y (5)
Ly = Foo(Hi(SA(F(DV)); YY), (6)

where F. represents the standard cross entropy function.

When the testing phase at stage ¢, the test sample
{x,y} € UL_, D' traverses through a series of fusion net-
works {SAy,SAs,..,SA;:} and the corresponding classi-
fiers {H1, Ha, .., H+ }. It should be noted that the additional
class nodes generated by confusion mixup in the classifier
will be discarded. Thus, the output of each classifier can be
formulated as:

Py, (y | x) = Softmax(H;(SA;(F(x)))[: k). (7)

Ultimately, we integrate the outputs from all the classi-
fiers and select the category with the highest confidence as
the final prediction result:

§ = argmax Py .. n,(y | 2), 9€ Y. )

4. Experiments

4.1. Benchmarks & Implementation

Benchmarks. We evaluate our model on UESTC-
MMEA-CL [33]. UESTC-MMEA-CL is the first multi-
modal dataset for continual egocentric activity recognition.
It contains 30.4 hours of video clips, accelerometer data and
gyroscope data. UESTC-MMEA-CL comprises 32 daily
activities including basic human movements, indoor work
tasks, leisure activities, etc. The standard continual scenario
in UESTC-MMEA-CL has 8 steps and 4 steps. Thus we
compare performances on 4 classes per step and 8 classes
per step on UESTC-MMEA-CL.
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Figure 6. (a) Results of CMR-MEN with different modal inputs on UESTC-MMEA-CL with 8 steps. (b) Results on UESTC-MMEA-CL

with 8 steps. (¢) Results on UESTC-MMEA-CL with 4 steps.

Comparison Methods. We compare our proposed
method against the state-of-the-art CL methods. Com-
parison methods include rehearsal-free methods LwF [14],
EWC [13] and ESN [28], as well as rehearsal-based
methods iCaRL [16], BiC [30], WA [40], Coil [42] and
DyTox [6]. DyTox and ESN are recently published
transformer-based methods. Besides, we use joint training
performance as the upper bound for CMR-MFN. For fair
comparison, we use the same ImageNet pre-trained trans-
former backbone for all comparison methods and CMR-
MEN. Specifically, all comparison methods rely on visual
single-modal input with the RGB backbone being Times-
former, which is identical to CMR-MFN’s. Moreover, we
adopt the same settings as in the original work for DyTox
and ESN, which are specially designed based on ViT. To
ensure uniformity, we replace our RGB backbone with ViT-
B/16, referred to as CMR-MFN*. In addition, we equip our
approach with a rehearsal buffer called CMR-MFN-R for a
fair comparison with rehearsal-based methods.

Implementation Details. For inertial sensor data pro-
cessing, to address the outliers in the acceleration and gy-
roscope signals, we employ a median filter with a kernel
size of 5. Additionally, we mitigate the bias drift in the
gyroscope signals by subtracting the mean value. We ex-
tract 10.32s of inertial sensor data from a video and con-
vert them into spectrograms using the STFT with a sam-
pling frequency of 25Hz, window length of 4, overlap rate
of 2, and nfft of 256. Finally, we generate two-dimensional
spectrograms of size 224 x 224. For more training details,
we implement our methods in PyTorch and PyCIL [41] with
a single NVIDIA RTX 3090 GPU. All data streams (R, A,
G) are trained by the Adam optimizer with a weight decay
of 0.0005 and a learning rate of 0.001. The batch size is set
to 16 and the dropout is 0.5. All networks are trained for 50
epochs, and the learning rate is decayed by a factor of 10 at
epoch 10 and 20.

4.2. Metrics

Following [33], we use average accuracy and average
forgetting as evaluation metrics, which are defined as fol-
lows: _

Average Accuracy (AA) Define aj,(j < k) as the accu-
racy evaluated on task j after training task k. Thus average
accuracy on task k can be calculated as Aj, = 1 2?21 aj..

Average Forgetting (F) Forgetting denotes the knowl-
edge forgetting degree about the task throughout the learn-
ing process. It is defined as the difference between the max-
imum accuracy during the learning process and the current
accuracy, which can be formulated as

fi= (@ — ag), ©)

max
lel, - k—1

thus average forgetting on task k can be calculated as Fj, =
1 k=1 ¢j

=1 =1 Ji-

4.3. Quantitative Results

We conduct experiments based on UESTC-MMEA-CL.
The performance curves are illustrated in Fig. 6, while Ta-
ble 1 and Table 2 report the average accuracy and average
forgetting for 4 and 8 incremental tasks, respectively. Ad-
ditionally, Table 3 displays the results of transformer-based
methods.

Average accuracy. In Fig. 6 (a), we can clearly see that
by incorporating the inertial sensor modality accelerometer
and gyroscope, the multimodal prediction accuracy signifi-
cantly surpasses the accuracy of the single modality, start-
ing from task 2. However, as the number of modalities
increases, the rate of improvement starts to diminish. Fi-
nally, CMR-MFN(ALIl) achieves an accuracy of 67.4% for 4
class-incremental learning, which is over 18% higher than
the accuracy obtained with the single RGB modality. Com-
pared to other methods, CMR-MFN(AII) also demonstrates
state-of-the-art performance in average accuracy, both with

3565



Methods Memory Size AA(T)  F(]) Methods Memory Size AA(1)  F(])
iCaRL 71.5 30.97 DyTox 150 63.6 16.11
o B
Coil 5653 38.67 CMR-MFEN*(All) 73.02 19.91
CMR-MEN-R(AII) 78.27 5.47 Upper-bound - 95.29 1.22
LFTF }égi 2222 Table 3. Results of transformer-based methods on UESTC-
W ’ ’ MMEA-CL for 4 class-incremental learning.
EWC 61.32 36.32
CMR-MFN(R) 0 49.47 16.52
CMR-MFEN(R+A) 63.07 18.3 lizing exemplars. Even in the absence of exemplars, our
CMR-MFN(R+G) 06.26 1891 method exhibits superior performance compared to most
CMR-MFEN(ALD 67.4 19.96 methods, showcasing its ability to resist catastrophic for-
Upper-bound - 94.6 1.9 getting.

Table 1. Results on UESTC-MMEA-CL for 4 class-incremental
learning.

Methods Memory Size AA(T) F()

iCaRL 79.26 24.52

BiC 82.98 16.8

WA 150 73.63 31.97

Coil 72.64 28.89
CMR-MEFEN-R(A) 84.27 6.4

FT 29.86 91.13

LwF 74.24 17.94

EWC 75 26.76
CMR-MFN(R) 0 67.4 5.49
CMR-MFN(R+A) 81.69 7.74
CMR-MFN(R+G) 80.09 8.34
CMR-MFEN(AII) 83.51 8.85
Upper-bound - 95.14 1.22

Table 2. Results on UESTC-MMEA-CL for 8 class-incremental
learning.

and without exemplars. Remarkably, our rehearsal-free
method outperforms individual exemplar-based methods
significantly, particularly with 8 incremental tasks. Specifi-
cally, CMR-MFN(AII) exhibits a 0.53% superiority over the
best performing exemplar-based method BiC.

Average Forgetting. From Table 1 and Table 2, it can
be observed that, similar to the average accuracy, the av-
erage forgetting also exhibits an increasing trend as modal
input rises. This is because CMR-MFN(R) has a limited
ability to acquire new knowledge, resulting in less forget-
ting. Nevertheless, CMR-MFN-R(AII) also reaches 5.47%
in average forgetting, which is in close proximity to the up-
per limit of 1.9%. CMR-MFN-R(All) demonstrates signif-
icantly lower average forgetting compared to methods uti-

4.4. Ablation Study

To the efficacy of our proposed model, we conduct
a series of ablation experiments on the UESTC-MMEA-
CL dataset, and all experimental results are based on the
ternary-modality-input. The performance improvement of
our proposed model can be primarily attributed to two es-
sential components: the learnable multimodal fusion and
the confusion mixup strategy.

The Effect of learnable multimodal fusion. To demon-
strate the functionality of the learnable multimodal fusion,
we compare it with the baseline, which solely employs a
fusion network to concatenate the multimodal data. As ev-
ident from Table 4, the multimodal fusion network with a
self-attention layer brings a 19.3 % improvement on the av-
erage accuracy, while the average forgetting decreases by
2.66 %. Additionally, in Fig.7 (a) and (b), it is evident that
the learnable multimodal fusion networks enhance the ag-
gregation and discriminative capacity of representations.

The Effect of confusion mixup. To demonstrate the
superiority of the confusion mixup strategy, we compared
CMR-MEFEN’s performance against the model that solely uti-
lizes the learnable multimodal fusion. As shown in Table
4, the confusion mixup strategy led to a 3.65 % improve-
ment on the average accuracy. Fig. 7 visually presents the
impact of the confusion mixup strategy on the representa-
tion from the feature space. Specifically, in subfigure (b),
the orange ellipse area and the black ellipse region over-
lap to a large extent, indicating that it is challenging to
differentiate between in-stage and out-stage data. For in-
stance, the classes “wash_hand” (in-stage) and “wash_dish”
(out-stage) display substantial similarity at stage 3, leading
to significant confusion when employing solely multimodal
fusion networks. As the number of learning tasks increases,
the likelihood of encountering similarities between classes
from different stages also rises, exacerbating the confusion
between classes. Conversely, in subfigure (c), the mixup
strategy effectively enhances the discriminative capability

3566



. « wash_dish
LY ) g . ¢ « play_card
o3 ° « drinking
R ., ‘ + eating
— . s
& LR
o .
- » . , .
n i \
! i
»* ! 1
. 1
® i :
1
.
L Y ! 1
! o * E i
H ]
« wash_dish 1 1
« play_card : : >
«  drinking 1 1 =
« eating 1 ! o
% moving_sth 1 i
* sitstand L\ &/ Q
writing M - =
o % cut_fruits =
) —~ =
s Rl — By Z8
E . /‘""1" ~ /] I3
[72] o »\' ] \.(_-: 2 =
 Eia (W = =
. i =
| =
! =
1
1
7 A + wash_dish !
- A s « play_card 1
ot ok SRk 1
A ,3& g il i
v s " '-"fﬁﬁ.‘\* ’ 1
i LG e i
e ) T e -
B { B S A
Lol - A P Ay Sk T cooking
-] ‘n 3 e 1% ~ o8 - v 4 take_drop_sth
1] 3 *° o 1, ANa "V, A wash_hand
E 3 M L . ’a‘\’\\. \‘~ J s *::i‘ X 4 brush_teeth
8 e ~_ - t,&«
@ o YER o
oy 3 uix
e X
*
(b) (© (d

Figure 7. The influence of our model on representations. Each stage encompasses four classes, visually represented by the orange dotted
elliptical area indicating the in-stage classes and the black dotted ellipse area representing the out-stage classes. (a) Baseline. (b) Learnable
multimodal fusion. (c) CMR-MFN. (d) Partial enlargement. We can clearly see that CMR-MEFN results in a better distinction between

in-stage and out-stage classes.

of the in-stage classes from the out-stage classes. In more
detail, subfigure (d) clearly shows that CMR-MFN effi-
ciently reduces the overlap between the “wash_hand” and
wash_dish classes. Furthermore, when incorporating the
confusing samples into the data within stages, such as the
classes “’cooking” and “’brush teeth”, where the representa-
tions in subfigure (b) already exhibit the ability to distin-
guish classes from different stages, the discriminatory ca-
pacity of the representations remains unaffected. This is
evident in subfigure (c), where there is virtually no negative
impact. The same observation holds true for stage 2.

5. Conclusion

In this paper, we propose a novel and effective method
of CMR-MFN for continual egocentric activity recognition.
CMR-MEN incorporates a ternary-modality-input dynamic
expansion architecture with learnable self-attention layers.
Furthermore, we employ a confusion mixup strategy to reg-
ularize the multimodal fusion representations. Exhaustive
experiments conducted on the latest UESTC-MMEA-CL

Componets
Learnble Confusion | AA(T) F()
Fuison Mixup
X X 4445  22.60
v X 63.75 19.94
v v 674  19.96

Table 4. Ablation study of our method on UESTC-MMEA-CL.

database demonstrate that our proposed method is signifi-
cantly better than state-of-the-art approaches for continual
egocentric activity recognition.
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