
Abstract Sequential data plays a pivotal role in various real-
world applications, such as traffic flow and source code, and is
characterized by its strong temporal dependencies. Although
deep neural networks (DNNs) achieve promising performance
in sequential data analysis, they usually require large amounts
of labeled data. Multi-source domain adaptation (MSDA)
alleviates this issue by transferring knowledge from multiple
source domains to the target domain. However, existing MSDA
methods often ignore temporal dependencies and adaptive
domain relevance in sequential data. To address these limita-
tions, this paper proposes MSDA4SD, a multi-source domain
adaptation framework based on long short-term memory
(LSTM) networks and a domain-correlation attention-based
weighted maximum mean discrepancy (WMMD) mecha-
nism. MSDA4SD captures temporal features while adaptively
aligning source and target domain distributions to improve
robustness and generalization. Experiments on vulnerabil-
ity multi-classification and traffic flow prediction datasets
demonstrate that MSDA4SD consistently outperforms ex-
isting MSDA methods. Specifically, MSDA4SD improves
the average Accuracy by 0.3%–0.6% in vulnerability multi-
classification tasks, reduces MAE by 10.2%–19.4%, and
decreases RMSE by 8.7%–16.9% in traffic flow prediction
tasks.

Keywords Sequential Data, Multi-source Domain Adapta-
tion, Vulnerability Multi-classification, Traffic Flow Predic-
tion

1 Introduction
Sequential data, comprising a series of elements arranged
in a specific order, plays a pivotal role in various fields [1].
There are various types of sequential data, including time
series (such as traffic flow data) [2–5] and text series (such as
codes) [6], as shown in Figure 1, traffic flow data is numerical
data, while codes are symbolic data. Each element in this
sequence holds a distinct position, establishing a unique
relationship or dependency with its neighboring elements
[7]. This characteristic implies that the state or value of one
element can significantly influence its successors [8]. The
research and analysis of sequential data have attracted great
attention, leading to the development of various technologies
and models[9–12].

Fig. 1 Schematic diagram of sequential data

Traditional methods for modeling sequential data are dif-
ficult to capture the long-term dependencies of sequences.
In recent years, deep neural networks (DNNs) have achieved
tremendous success. DNN models such as convolutional
neural networks (CNN) [13] and recurrent neural networks
(RNN) [14] perform well in processing unstructured data,
such as images, signals, speech, and text. More importantly,
DNN has the ability to process sequential data. DNN can learn
to extract features at different levels of abstraction, capture
context dependencies and patterns in the data. LSTM can
effectively capture temporal dependencies in sequential data
and has shown strong performance in sequence modeling
tasks [15].

However, although DNNs have shown remarkable per-
formance in sequential data processing tasks, training them
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requires a large amount of data, which can be difficult to ob-
tain in some scenarios [16]. In practice, a single dataset may
not be sufficient to achieve high accuracy, especially when
the distribution of the target data differs significantly from
the training data. To address this issue, multi-source domain
adaptation (MSDA) has been proposed as an effective method
to improve the performance of them by leveraging multiple
datasets from different sources [17]. As a branch of domain
adaptation [18], MSDA aims to learn a robust model that
can effectively generalize across multiple domains even when
the data distributions vary among these domains. Despite
the effectiveness of existing MSDA methods, most of them
are mainly designed for image-based tasks and pay limited
attention to the temporal dependencies and contextual rela-
tionships in sequential data. Directly applying these methods
to sequential scenarios may lead to insufficient feature repre-
sentation and suboptimal domain alignment performance. In
addition, different source domains contribute unequally to the
target domain in practical sequential data applications, while
conventional MSDA methods usually treat source domains
equally.

Therefore, we propose a MSDA framework for sequen-
tial data analysis using long short-term memory (LSTM)
networks, called MSDA4SD. MSDA4SD utilizes the ability
of LSTM networks to capture long-term correlations in se-
quential data, while using attention-based MSDA method to
enhance the robustness of the model to transfer domain and
improve its generalization performance. Moreover, to evaluate
the performance of MSDA4SD, we conduct experiments on
two types of typical sequential data: software code data and
traffic flow data. Software code data is often considered as
sequential data with context dependencies, where the order
of lines of code follows a specific structure and each line
depends on the context provided by the preceding lines. On
the other hand, traffic flow data can be viewed as a time series
data that reflects the changes in traffic flow over time, with
each time point being dependent on the traffic conditions
at previous time points[19]. By conducting experiments on
these two types of datasets, we demonstrate the effectiveness
of MSDA4SD in capturing the context dependencies of se-
quential data, and its robustness to adapt to variations in data
distribution across different domains.

2 Related Work
We select two main research directions to discuss, including
sequential data analysis and multi-source domain adaptation
(MSDA). Existing studies on sequential data mainly focus on
spatio-temporal modeling and feature representation learning,

Table 1 Comparison of representative sequential data analysis
studies.

Representative Studies Time-series Textual
References[3,4,20–22] ✓ ×
References[6,23,24] × ✓

while MSDA methods mainly optimize domain alignment
and adaptive source-domain weighting.

2.1 Sequential Data Analysis

Existing studies on sequential data mainly focus on spatio
temporal dependency modeling and sequential feature rep-
resentation learning to improve prediction and classification
performance in different application scenarios, such as traffic
flow prediction and source code analysis. As shown in Table 1,
existing sequential data analysis studies are mainly designed
for either time series or textual sequential data within specific
domains.
2.1.1 Time-series Sequential Data
Time-series sequential data studies mainly focus on temporal
dependency modeling and spatio-temporal feature extraction
for dynamic prediction tasks. Alsarhan et al. [20] proposed
PH-GCN to improve human action recognition through multi-
level granularity representation and pair-wise hyper graph
convolution, demonstrating the effectiveness of structured
feature modeling for sequential scenarios. Ali et al. [3, 4] pro-
posed dynamic multi-graph spatio-temporal learning methods
for citywide traffic flow prediction and reviewed advanced
deep learning and spatio-temporal feature extraction tech-
niques for intelligent transportation systems. Ali et al. [21]
proposed an attention-driven graph convolutional network to
improve deadline-constrained virtual machine task allocation
through adaptive relational feature aggregation. Cao et al.
[22] proposed the Spatiotemporal-aware Trend-Seasonality
Decomposition Network (STDN), a dynamic graph frame-
work that disentangles trend and seasonal components to
capture complex traffic dynamics.
2.1.2 Textual Sequential Data
Textual sequential data studies mainly focus on sequential
semantic representation learning and contextual dependency
modeling for source code analysis. Liu et al. [6] proposed
TAILOR, which leverages Code Property Graphs (CPGs)
combining abstract syntax trees and data flow to explicitly
exploit deep graph-structured code features. He et al. [23]
demonstrated that employing Bidirectional Long Short-Term
Memory (Bi-LSTM) networks to learn sequential features
from source code representations can significantly boost
vulnerability detection accuracy. Sun et al. [24] proposed a
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MSDA4SD: A Framework for Sequential Data Analysis Based on Multi-Source Domain Adaptation 3

Table 2 Classification of representative MSDA studies.
Representative Studies Feature-based Attention-based
References[26–32] ✓ ×
References[33–38] × ✓

novel fine-grained sequence architecture that jointly learns
token and statement representations to extract deep sequential
semantics for software security.

Existing sequential data analysis studies mainly focus on
either time-series or textual sequential data within specific
domains. Cross-domain heterogeneous sequential adaptation
remains insufficiently explored.

2.2 MSDA

As shown in Table 2, existing MSDA studies can be mainly
categorized into feature-based and attention-based methods
[25].
2.2.1 Feature-based MSDA
Zhao et al. [26] proposed a new generalization bound to learn
domain invariant features. Liu et al. [27] aligns at the domain-
level through adversarial learning and weights different source
instances. Align at the class-level by minimizing the distance
between the class prototype and the unlabeled target instance.
Nguyen et al. [28] shared an encoder between the source
domain and the target domain, adopted adversarial learning to
train the encoder, and obtained domain experts for each source
domain through training. Ren et al. [29] mapped each set
of source and target domains into a group-specific subspace
through adversarial learning with metric constraints, and
constructed a series of pseudo-target domains accordingly.
Then, the remaining source domain is effectively aligned
with the pseudo-target domain in the subspace. Peng et al.
[30] used BERT and bidirectional LSTM to extract domain
invariant features and applied width learning to train classi-
fiers. Taghiyarrenani et al. [31] constructed a shared feature
space to generalize linear regression over all domains. Lu et
al. [32] proposed a multisource domain adaptation method
with distribution discrepancy constraints to improve feature
discriminability across multiple domains through joint opti-
mization of domain alignment and classification performance.
Although these methods achieved promising performance in
specific sequential tasks, feature-based methods mainly fo-
cused on reducing feature distribution discrepancies between
source and target domains, which might weaken domain
specific characteristics.
2.2.2 Attention-based MSDA
Dai et al. [33] proposed a Weighting Scheme based Unsuper-
vised Domain Adaptation framework (WS-UDA) to obtain

good target assumptions by combining source assumptions.
Zhao et al. [34] simultaneously considers feature distance and
feature similarity between the source and target. Zuo et al.
[25] trained a domain recognition model to calculate the prob-
ability that the target image belongs to each source domain.
On the basis of domain correlation, moment distance (MD)
and classification loss are weighted to concentrate on the
source domain with higher similarity. Peng et al. [35] dynam-
ically aligns the MD of the feature distribution of the labeled
source dataset, transferring knowledge to the unlabeled target
dataset. Wang et al. [36] proposed a class aware sampling
strategy that selects samples from each domain to achieve
class level conditional alignment, assigns weights to each
sample using sample reweighting, while considering clas-
sification reliability and spatial information correlation. Xu
et al. [37] achieved effective feature transfer by dynamically
aligning spatial and temporal feature matrices. Belal et al.
[38] proposed an attention-based class-conditioned alignment
method for multisource domain adaptation of object detectors
by dynamically aligning category-specific features across
multiple domains. Although attention-based methods consid-
ered the unequal contributions of different source domains,
they might lose domain-invariant features and insufficiently
model temporal dependencies in heterogeneous sequential
data environments [25].

3 Methodology
The principle of MSDA is shown in Figure 2. Existing se-
quential data studies are mainly designed for either time
series or textual sequential data within specific domains. To
simultaneously handle heterogeneous sequential data from
different domains, an end-to-end MSDA framework, named
MSDA4SD, is proposed based on sequential feature modeling
and attention-based domain alignment. In this paper, domain
and dataset are interchangeable, and each dataset is regarded
as a domain.

MSDA4SD includes two phases: training and prediction. In
order to make our description precise, the symbols used in this
paper are defined below. We assume that a group of M source
datasets s1, s2, . . . , sM and a target dataset T are given. To
unify the sample size definitions, let nsj denote the number
of samples in the j-th source dataset sj , nt denote the number
of samples in the target dataset T , ns =

∑M
j=1 nsj denote the

total number of labeled source data, and n = ns + nt denote
the total number of samples across all datasets. The j-th source
dataset is denoted by {(Xsj

i , Y
sj
i )}

nsj

i=1, where Xsj
i represents

the i-th labeled sample and Y
sj
i represents the corresponding

label space. The target dataset T is denoted as {Xt
i}

nt
i=1,
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Fig. 2 The distribution of source and target domains before and
after MSDA

where Xt
i is the i-th unlabeled sample (its corresponding

unseen label space is denoted as Y t). The target dataset T
is divided into a validation set and a testing set in a ratio
of 1:2, which are used for training and testing, respectively.
In addition, we denote {(Xi, di)}ni=1 as the collection of all
samples across domains with their corresponding domain
labels di. Note that each source dataset sj (j ∈ [1,M ])

contains the same number of categories as the target dataset
T , i.e., Y t consists of the same number of categories as any
source dataset Y sj (j ∈ [1,M ]). Similar to single-source
domain adaptation, Y t is not available during training and is
used only for evaluation. As shown in Figure 3, we take two
source domains (si and sj) and the target domain (T ) as an
example. The training phase involves three losses, namely,
Ldc, Ldis, and Lc. The source and target dataset samples are
used as inputs to train the model to obtain a trained MSDA
model.

Firstly, the domain encoder G and domain discriminator D
are used to obtain Ldc. The encoders G and E are two-layer
bidirectional LSTM networks, and their encoding process
is shown in Figure 4. Specifically, the domain encoder (G)
extracts domain-correlation information to adaptively mea-
sure the relevance between the source and target domains.
Concurrently, the embedding encoder (E) focuses on learn-
ing domain-invariant sequential feature representations for
downstream classification and distribution alignment. D is a
common classifier to classify the datasets of samples, and can
be used to measure the similarity of data distribution between
source dataset and target dataset, and Ldc is calculated by:

Ldc = − 1

n

n∑
i=1

d⊤i lnD (G (Xi)) (1)

where di is the domain label.
We use domain discriminator D to calculate the domain

correlation between a batch of target samples and all source
domains, that is, for N target samples, we use D to predict the

probability of their domain categories. D outputs a probability
matrix P ∈ RN×(M+1) to represent the relationship between
the target samples and the domain label.

After obtaining p ∈ RN×(M+1), the first M terms in p

which is related to M source datasets are selected as the
domain correlation matrix Pd ∈ RN×M , and the domain
correlation coefficient matrix w = {w1, w2, . . . , wM} can be
obtained by softmax:

w = softmax (Pd) (2)

In order to make the distribution of a source dataset and the
target dataset similar, the data distribution is aligned between
the source and target dataset to mitigate the distribution
gaps between datasets. In this paper, the maximum mean
discrepancy (MMD) [39] is used to measure the similarity
between two distributions. MMDk(S, T ) can measure the
distance between the distribution of S and T. The square
formula of MMD is defined as:

MMD2
k(S, T ) =

∥∥ES [σ (Xs)]− ET

[
σ
(
Xt

)]∥∥2 (3)

where the feature mapping function σ is defined as the com-
bination of m positive semi-definite kernels ku(u ∈ [1,m]).
E[·] denotes the mean operation, and the other variables
follow the definitions introduced in Section 3.

Traditional MMD treats all source domains equally, which
may introduce negative influence from unrelated source do-
mains in heterogeneous multi-source scenarios. Combining
the obtained domain correlation coefficient w produced by
formula (2), the weighted MMD (WMMD) is proposed and
we define the squared formula for WMMD as:

WMMD2
k(S, T )

=

M∑
j=1

wj

∥∥EXsj [σ (Xsj )]− EXt

[
σ
(
Xt

)]∥∥2 (4)

where wj depicts the j− th component of domain correlation
coefficient matrix w, and the meanings of the other variables
are the same as formula (3). Sequential datasets from different
domains may contain distinct temporal dependencies and
contextual patterns. By assigning larger weights to source
domains with higher relevance to the target domain, WMMD
can better preserve useful sequential characteristics during
distribution alignment while reducing the influence of un-
related temporal patterns. WMMD2

F (S, T ) is equivalent to
Ldis in this paper.

Apart from aligning the target and source distributions,
the representation learning on each source dataset is also
critical for prediction results. Given M source datasets
s = s1, s2, . . . , sM with the provided labelsY sj (j ∈ [1,M ])

for each dataset sj . For the task of vulnerability multi-
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MSDA4SD: A Framework for Sequential Data Analysis Based on Multi-Source Domain Adaptation 5

Fig. 3 Overview of MSDA4SD

Fig. 4 Overview of MSDA4SD encoding process

classification, we choose the cross-entropy loss, which is
calculated using the following formula:

Lc1 = − 1

M

M∑
j=1

nsj∑
i=1

Y ⊤
i lnFC

(
E
(
X

sj
i

))
(5)

For the task of traffic flow prediction, we choose mean square
error loss, which is calculated using the following formula:

Lc2 = − 1

M

M∑
j=1

∑nsi
i=1

(
FC

(
E
(
X

Sj

i

))
− Yi

)2

nsi

(6)

To sum up, the overall loss function of MSDA4SD is:

Ltotal = min
G,D

Ldc + γmin
E

Ldis + min
E,FC

Lc (7)

where γ is the trade-off parameter. Lc refers to Lc1 or Lc2.
During the prediction phase, the previously trained model

will be used for MSDA on target dataset (T ) samples. Specif-
ically, samples are first embedded to obtain feature vectors.
Subsequently, the vectors are input into E and the final vector
is extracted through E. Then, the final vector is passed through
FC layer. For vulnerability multi-classification task, softmax
processing is applied to the output of the FC layer to obtain
prediction results. For traffic flow prediction task, the output
of the FC layer is the prediction result.

The computational complexity of MSDA4SD mainly comes
from the Bi-LSTM encoder and the WMMD module. The
Bi-LSTM encoder processes sequential inputs with lin-
ear complexity with respect to sequence length, while the
WMMD module introduces additional alignment computation
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6

across multiple source domains. Although the attention-based
weighting mechanism increases training cost, the overall
complexity remains manageable for practical sequential data
analysis tasks.

4 Experiment Setup
In this chapter, we perform two typical tasks on two types
of typical sequential data: classification and prediction. We
describe the MSDA datasets we construct, which include
vulnerability multi-classification dataset and traffic flow pre-
diction dataset (Section 4.1). Then, we describe our evaluation
metrics and implementation details (Section 4.2), and finally
introduce the baseline models for comparison (Section 4.3).

4.1 Datasets

Vulnerability Multi-classification Datasets Our datasets
come from the software assurance reference dataset (SARD)
[40], a growing collection of test applications with docu-
mented weaknesses. Our datasets are built from six real-world
Java datasets in test suites at SARD. Each dataset contains the
common 44 classes of vulnerabilities after processing, each
class of vulnerabilities contains multiple samples, and each
sample is a function code with vulnerability. The datasets
are introduced in Table 3, and the vulnerability classes in the
table are sorted by numbers of samples from left to right.
We take each dataset in turn as the target domain, with the
remaining five datasets as the source domains.

Table 3 The statistics of the datasets built

Domain (Dataset)
Vulnerability class All

44CWE-89 CWE-606 . . . CWE-839
Apache Jena 39 (9.2%) 26 (6.1%) . . . 4 (0.9%) 426

Apache Lenya 42 (10.8%) 24 (6.2%) . . . 1 (0.3%) 390
Apache Lucene 38 (9.0%) 27 (6.4%) . . . 4 (0.9%) 422

Apache POI 40 (9.2%) 27 (6.2%) . . . 2 (0.5%) 437
Coffee MUD 41 (9.6%) 27 (6.3%) . . . 2 (0.5%) 428
ElasticSearch 39 (9.1%) 28 (6.5%) . . . 2 (0.5%) 430

Traffic Flow Prediction Datasets Our datasets come from
three real-world public datasets.

TPD1 (Traffic Prediction Dataset 1)①: The TPD1 dataset
is data monitored by cameras on a certain highway section in
the United States, which counts the total number of detected
vehicle types with a 15 minute interval and a one month
statistical period. It contains approximately 3000 pieces of
data in total.

① TPD1 is acquired at https://www.kaggle.com/datasets/hasibullahaman/traffic-
prediction-dataset/data.

TPD2 (Traffic Prediction Dataset 2)②: The TPD2 dataset
is data collected from multiple different locations in the United
States, including data from November 1, 2015 to June 30,
2017, covering 20 months with a time interval of 1 hour. The
amount of data at each intersection is approximately 15000.

TPD3 (Traffic Prediction Dataset 3)[41]: The TPD3
dataset is collected from multiple different locations on the
Hangzhou elevated road, covering a period of 3 months from
October 4, 2015 to January 3, 2016, with a 5-minute interval.
The amount of data at each intersection is approximately
26000.

In both tasks, all source datasets are used as training sets,
and for the target dataset, the validation set and test set are
divided in a 1:2 ratio. Before training, the raw sequential
data are preprocessed through normalization or sequence
cleaning operations, followed by tokenization or feature en-
coding according to different task types. In addition, all input
sequences are unified to fixed lengths through truncation and
padding operations to ensure consistent model inputs for batch
training.

4.2 Evaluation Metrics and Implementation Details

For vulnerability multi-classification tasks, We evaluate and
compare the model performance by four typical metrics,
including F1 for single classes, and Accuracy (Acc), Kappa,
and Matthews correlation coefficient (MCC) for multiple
classes. For traffic flow prediction tasks, we use two metrics
in the experiments: Mean Absolute Error (MAE) and Root
Mean Squared Error (RMSE).

This paper uses the Scott Knott Effect Size Difference
(ESD) statistical test method to rank the model. Scott Knott
ESD is a mean comparison method that uses hierarchical
clustering to divide a dataset into different groups with statis-
tically significant differences [42]. While conducting the Scott
Knott ESD test, this paper also calculates the Cohen effect
d to measure whether the performance difference between
our method and the baseline methods is significant. When
|d| ⩽ 0.2, it is considered negligible (N, negligible); When
0.2 < |d| ⩽ 0.5, it is considered small (S, small); When
0.5 < |d| ⩽ 0.8, it is considered moderate (M, medium);
When |d| ⩾ 0.8, it is considered large (L, large). If the effect
d of one model on another model is positive and greater than
0.2, it indicates that the model has more practical value.

We use bidirectional LSTM (Bi-LSTM) as the encoders for
all the methods involved in this paper. Bi-LSTM has a hidden
layer dimension of 32 and an encoder layer depth of 2. In the

② TPD2 is acquired at https://www.kaggle.com/datasets/fedesoriano/traffic-
prediction-dataset/data.
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MSDA4SD: A Framework for Sequential Data Analysis Based on Multi-Source Domain Adaptation 7

training strategy, we use the AdamW optimizer and set the
initial learning rate to 0.001. The training epochs are set to 30.
For the hyper-parameter γ in formula (7), the optimal value of
this hyper-parameter in valid dataset is 0.005. In addition, we
further analyzed the influence of several key hyperparameters,
including the trade-off coefficient (γ), hidden dimension size,
and learning rate. The validation set was used for parameter
tuning to avoid overfitting on the testing set. Our model is
implemented on the PyTorch platform. Our experiments are
all run on NVIDIA RTX A6000 GPU with 48G memory.

4.3 Baseline Methods

We compare MSDA4SD with the following MSDA methods:
two classical methods MDAN [26] and M3SDA [35], and a
SOTA method ABMSDA [25]. MDAN is a MSDA method
based on adversarial training; M3SDA is a MSDA method
based on moment matching; ABMSDA is a MSDA method
based on attention mechanism. They are all applied in the
field of computer vision.

5 Results
In this section, we conduct experiments and analyze the ex-
perimental results. Specifically, we investigate the following
research questions:
RQ1: How does our method MSDA4SD perform com-
pared with the baseline methods for vulnerability multi-
classification in the dataset build?
RQ2: How does our method MSDA4SD perform compared
with the baseline methods for traffic flow prediction in the
dataset build?
RQ3: Does the WMMD module in MSDA4SD take effect for
the multi-classification task and traffic flow prediction task?

5.1 Answering RQ1

To answer RQ1, we conduct comparison experiments using
our method and all the baseline methods for all the 44 classes
of vulnerabilities in the vulnerability multi-classification
datasets built, and make empirical analysis.

Tables 4, 5, and 6 respectively present the evaluation
metric results for each target dataset on the vulnerability
multi-classification datasets using MSDA4SD and three base-
line methods, with the best results highlighted in bold. For
Acc, the average Acc value achieved by MSDA4SD on all
target datasets is 0.982. Compared with the other three base-
line methods, the relative improvement of the average Acc
value is between 0.6% and 3.5%. For MCC, the average MCC
value achieved by MSDA4SD on all target datasets is 0.981.
Compared with the other three baseline methods, the relative

improvement of the average MCC value is between 0.5% and
3.5%. However, the average Kappa achieved by MSDA4SD
on all target datasets is between 0.981. Compared with the
other three baseline methods, the relative improvement of the
average Kappa value is between 0.6% and 3.6%. According to
the experimental results, the Cohen’s d of MSDA4SD relative
to the baseline methods across all three evaluation indicators
is positive and greater than 0.5. This indicates a statistically
significant performance improvement and a relatively large
difference in practical applications. Consequently, these re-
sults fully demonstrate the high practicality of the MSDA4SD
framework in real-world MSDA scenarios.

Figure 5 shows the ranking results of the Scott Knott ESD
test for all the methods. In the Scott Knott ESD test rank-
ing, MSDA4SD ranks first in all three evaluation metrics,
indicating that the vulnerability multi-classification model
constructed using the MSDA4SD method has significant per-
formance improvement compared to other baseline methods.

We also analyze the comparative experiments of
MSDA4SD and three baseline methods in different data
volume vulnerability scenarios. As shown in Figure 6, the
horizontal axis represents the 44 CWE vulnerability cate-
gories included in this paper, arranged in descending order
of data volume from left to right (as shown by the orange
yellow line in Figure 6). Overall, compared with the baseline
methods, the proposed method MSDA4SD (as shown by the
black line in Figure 6) can achieve the best results in almost
all data volume. In summary, MSDA4SD can also achieve
the best model prediction results in vulnerability scenarios
with different data volume.

The superior performance of MSDA4SD on vulnerability
multi-classification tasks mainly benefits from the adaptive do-
main weighting mechanism introduced by WMMD. Different
source domains contribute unequally to the target domain in
practical MSDA scenarios. The proposed framework dynami-
cally assigns larger weights to more relevant source domains,
which effectively improves feature distribution alignment
across domains. In addition, the Bi-LSTM encoder captures
contextual dependencies in source code sequences, improving
feature representation ability for vulnerability classification
tasks.

5.2 Answering RQ2

To answer RQ2, we conduct comparative experiments and
empirical analysis on the constructed traffic flow prediction
dataset using our method and all the baseline methods.

Table 7 presents the evaluation metric results for each target
dataset on the traffic flow prediction datasets using MSDA4SD
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Fig. 5 Scott Knott ESD ranking results for RQ1 (a) Accuracy ; (b) Matthews correlation coefficient; (c) Kappa

Table 4 Acc results for all the methods on the 44 classes of vulnerabilities

Method
Apache Apache Apache Apache Coffee Elastic

Avg. Cohen’s dJena Lenya Lucene POI MUD Search
MDAN 0.954 0.974 0.980 0.928 0.940 0.980 0.959 1.323 (L)
M3SDA 0.960 0.963 0.973 0.889 0.970 0.940 0.949 1.400 (L)

ABMSDA 0.970 0.963 0.983 0.964 0.993 0.983 0.976 0.543 (M)
MSDA4SD 0.973 0.974 0.987 0.974 0.997 0.987 0.982 -

Table 5 MCC results for all the methods on the 44 classes of vulnerabilities

Method
Apache Apache Apache Apache Coffee Elastic

Avg. Cohen’s dJena Lenya Lucene POI MUD Search
MDAN 0.952 0.973 0.979 0.926 0.938 0.979 0.958 1.356 (L)
M3SDA 0.959 0.962 0.972 0.886 0.969 0.938 0.948 1.410 (L)

ABMSDA 0.969 0.962 0.983 0.963 0.993 0.983 0.976 0.530 (M)
MSDA4SD 0.973 0.974 0.986 0.973 0.997 0.986 0.981 -

Table 6 Kappa results for all the methods on the 44 classes of vulnerabilities

Method
Apache Apache Apache Apache Coffee Elastic

Avg. Cohen’s dJena Lenya Lucene POI MUD Search
MDAN 0.952 0.973 0.979 0.926 0.938 0.979 0.958 1.342 (L)
M3SDA 0.959 0.962 0.972 0.885 0.969 0.937 0.947 1.398 (L)

ABMSDA 0.969 0.962 0.983 0.963 0.993 0.983 0.975 0.512 (M)
MSDA4SD 0.973 0.973 0.986 0.973 0.997 0.986 0.981 -

Fig. 6 Comparison of F1 between MSDA4SD and the baseline methods in scenarios with different data volume vulnerabilities
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and two baseline methods, with the best results highlighted in
bold. Due to the fact that ABMSDA involves label processing
for classification tasks in calculations, and there is no category
information in traffic flow prediction task, this paper sets the
experimental results of ABMSDA to ’-’. For TPD1, the MAE
obtained by MSDA4SD is 41.407. Compared with MDAN and
M3SDA, the MAE decreases by 19.4% and 12.3%. The RMSE
obtained by MSDA4SD is 56.807. Compared with MDAN
and M3SDA, the RMSE decreases by 16.9% and 11.3%. For
TPD2, MSDA4SD achieve a MAE of 4.404. Compared with
MDAN and M3SDA, the MAE decreases by 7.3% and 9.6%.
The RMSE obtained by MSDA4SD is 7.553. Compared
with MDAN and M3SDA, the RMSE decreases by 6.4%
and 2.4%. For TPD3, MSDA4SD achieve a MAE of 7.390.
Compared with MDAN and M3SDA, the MAE decreases
by 8.8% and 21.8%. The RMSE obtained by MSDA4SD
is 10.374. Compared with MDAN and M3SDA, the RMSE
decreases by 7.7% and 13.7%. This fully demonstrates the
practicality of the MSDA4SD framework in multi-source
domain adaptation scenarios.

Table 7 MAE and RMSE results for all the methods in traffic flow
prediction dataset

Models
Datasets TPD1 TPD2 TPD3

MAE RMSE MAE RMSE MAE RMSE
MDAN 51.388 68.350 4.750 8.069 8.101 11.237
M3SDA 47.225 64.018 4.874 7.741 9.447 12.027

ABMSDA - - - - - -
MSDA4SD 41.407 56.807 4.404 7.553 7.390 10.374

Figure 7 shows the visualization results of all the methods
on the traffic flow prediction datasets. In Figure 7, the hori-
zontal axis represents the time interval. The left vertical axis
represents the predicted traffic flow values of the model in the
scenario described in this section. The cyan line represents
the true label, the blue line represents the MDAN prediction
result, the green line represents the M3SDA prediction result,
and the red line represents the MSDA4SD prediction result.
For TPD1, we randomly select the predicted results of one
day for visualization. Given the significant variations in traffic
flow at different time points in TPD1, the model encounters
relatively high prediction challenges, as depicted in Figure
7 (a). From the Figure, it can be seen that the prediction
results of the three methods all deviate from the true labels.
However, the prediction results of MSDA4SD are closer to
the true labels compared to the baseline method; For TPD2,
we randomly visualized the prediction results of a single day
to showcase the performance of MSDA4SD, as depicted in
Figure 7 (b). In most instances, the predictions generated by

MSDA4SD exhibited a closer resemblance to the real labels;
For TPD3, we randomly select the prediction results for three
consecutive days for visualization, as depicted in Figure 7
(c). After 5:00, the prediction results of MDAN and M3SDA
show significant deviations, while the prediction results of
MSDA4SD are closer to the true labels in most moments.
In summary, MSDA4SD can also achieve the best model
prediction results in traffic flow prediction scenarios. The
prediction results of MSDA4SD are closer to the real labels.

The effectiveness of MSDA4SD on traffic flow prediction
tasks can be attributed to its ability to simultaneously model
temporal dependencies and domain discrepancies. Traffic
flow data exhibits strong temporal correlations and distribu-
tion shifts across different locations. The Bi-LSTM encoder
effectively captures long-term temporal patterns, while the
WMMD mechanism alleviates feature distribution differences
between source and target domains. As a result, the prediction
results generated by MSDA4SD are more consistent with the
real traffic flow trends.

5.3 Answering RQ3

To answer RQ3, we conduct ablation experiments on vulner-
ability multi-classification datasets and traffic flow prediction
datasets. Specifically, the ablation experiment uses removing
the WMMD module from MSDA4SD as the baseline method
for performance comparison in MSDA scenarios.

5.3.1 Ablation experiment on vulnerability multi-
classification dataset

Table 8 presents the Acc results using MSDA4SD and baseline
method on each target dataset, with the best results are bolded.
Compared with the baseline method, MSDA4SD achieve the
best model performance on all target datasets. Compared
with the baseline method MSDA4SDw/o WMMD, the proposed
method MSDA4SD has a relative improvement of 1.1% in
average Acc. According to the results of the Cohen effect
size, the Cohen’s d of MSDA4SD relative to the baseline
method in Acc is positive and greater than 1. This value
indicates a relatively large performance difference in practical
applications. Consequently, it demonstrates that the model
performance improvement of MSDA4SD over the baseline
method is statistically significant.

5.3.2 Ablation experiment on traffic flow prediction
dataset

Table 9 presents the evaluation metric results for each
target dataset on the traffic flow prediction dataset using
MSDA4SD and baseline method, with the best results high-
lighted in bold. For TPD1, the MAE and RMSE obtained
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Fig. 7 Visualization results of MSDA4SD and baseline methods on traffic flow prediction dataset. (a) TPD1 (b) TPD2 (c) TPD3
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Table 8 Comparison results of Acc in ablation experiments using MSDA4SD

Method
Apache Apache Apache Apache Coffee Elastic

Avg. Cohen’s dJena Lenya Lucene POI MUD Search
MSDA4SD 0.973 0.974 0.987 0.974 0.997 0.987 0.982 -

MSDA4SDw/o WMMD 0.967 0.971 0.983 0.967 0.956 0.983 0.971 1.068 (L)

Table 9 Comparison results of MAE and RMSE in ablation experiments using MSDA4SD

Models
Datasets TPD1 TPD2 TPD3

MAE RMSE MAE RMSE MAE RMSE
MSDA4SD 41.407 56.807 4.404 7.553 7.390 10.374

MSDA4SDw/o WMMD 49.319 66.692 4.463 7.676 9.954 12.086

by MSDA4SD are 41.407 and 56.807, respectively. Com-
pared with MSDA4SDw/o WMMD, they decreased by 16.0%
and 14.8%, respectively. For TPD2, the MAE and RMSE ob-
tained by MSDA4SD are 4.404 and 7.553, respectively. Com-
pared with MSDA4SDw/o WMMD, they decreased by 1.3% and
1.6%, respectively. For TPD3, the MAE and RMSE obtained
by MSDA4SD are 7.390 and 10.374, respectively. Com-
pared with MSDA4SDw/o WMMD, they decreased by 25.8%
and 14.2%, respectively. This fully demonstrates the practi-
cality of the MSDA4SD framework in MSDA scenarios.

The ablation results further demonstrate the importance
of the WMMD module in MSDA4SD. Without WMMD,
the framework cannot effectively distinguish the relevance
of different source domains, resulting in weaker domain
alignment performance. By introducing weighted domain
adaptation, MSDA4SD achieves better feature distribution
alignment and improves both classification and prediction
performance across heterogeneous domains.

6 Conclusion
This paper proposes Multi-Source Domain Adaptation for
Sequential Data (MSDA4SD) for the processing of sequential
data. Specifically, MSDA4SD uses a domain discriminator to
obtain the attention scores of the source and target datasets,
and combines the attention scores to weight the maximum
mean discrepancy (MMD), reducing the difference in feature
distribution between the source and target datasets. We com-
pare and analyze the performance of MSDA4SD with mul-
tiple baseline methods on vulnerability multi-classification
datasets and traffic flow prediction datasets. The proposed
framework shows good generalization ability across different
sequential data analysis scenarios, including vulnerability
classification and traffic flow prediction. Nevertheless, sev-
eral limitations still exist. The current framework may face
additional challenges when handling very long sequential
dependencies or highly non-uniform domain distributions.

In such scenarios, the effectiveness of domain-correlation
modeling and distribution alignment may be affected. Fu-
ture work will investigate more efficient sequential modeling
strategies for long-range dependencies and explore adaptive
domain weighting mechanisms for more complex heteroge-
neous multi-source environments.
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