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Abstract
Multistream classification poses significant challenges due to
the necessity for rapid adaptation in dynamic streaming pro-
cesses with concept drift. Despite the growing research out-
comes in this area, there has been a notable oversight re-
garding the temporal dynamic relationships between these
streams, leading to the issue of negative transfer arising from
irrelevant data. In this paper, we propose a novel Online
Boosting Adaptive Learning (OBAL) method that effectively
addresses this limitation by adaptively learning the dynamic
correlation among different streams. Specifically, OBAL op-
erates in a dual-phase mechanism, in the first of which we
design an Adaptive COvariate Shift Adaptation (AdaCOSA)
algorithm to construct an initialized ensemble model using
archived data from various source streams, thus mitigating the
covariate shift while learning the dynamic correlations via an
adaptive re-weighting strategy. During the online process, we
employ a Gaussian Mixture Model-based weighting mecha-
nism, which is seamlessly integrated with the acquired cor-
relations via AdaCOSA to effectively handle asynchronous
drift. This approach significantly improves the predictive per-
formance and stability of the target stream. We conduct com-
prehensive experiments on several synthetic and real-world
data streams, encompassing various drifting scenarios and
types. The results clearly demonstrate that OBAL achieves
remarkable advancements in addressing multistream classifi-
cation problems by effectively leveraging positive knowledge
derived from multiple sources.

Introduction
In various real-world scenarios, such as auto-driving sys-
tems, weather forecasts, and industrial production, data is
continuously and sequentially generated over time, which
is referred to as data streams or streaming data (Lu et al.
2018; Zhou et al. 2023b; Wang et al. 2022a). These data
streams are susceptible to changes in their underlying dis-
tribution, resulting in concept drift. Consequently, classifiers
trained on historical data may fail to predict subsequent sam-
ples, leading to a performance decrease (Li et al. 2022; Xu
et al. 2023). Thus, it attracts many researchers to develop
efficient learning techniques capable of analyzing stream-
ing data with concept drift in non-stationary environments.
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To date, prior studies have provided empirical evidence of
the efficacy of concept drift adaptation methods in effec-
tively addressing data streams with dynamic distributions. It
is worth noting that the majority of existing techniques have
been tailored specifically for a single stream with delayed la-
bels (Yu et al. 2022b; Song et al. 2021b). However, it is com-
mon to encounter scenarios where multiple data streams are
generated simultaneously in real-world intelligent systems.
For example, data samples continuously stream from sensors
in manufacturing systems. These data streams, despite being
associated with the same task, often exhibit distinct distribu-
tions due to varying data sources (Zhou et al. 2023a). In ad-
dition, while data collection is straightforward, the labeling
process incurs high time and labor costs, leading to the hy-
brid multiple streams where massive labeled and unlabeled
streams arrive simultaneously (Yu et al. 2022a).

To tackle this scenario, multistream classification has
been proposed, in which a model can be flexibly transferred
from labeled source streams to the unlabeled target stream
while employing online detection and adaptation working
principles. This not only enables the model to adapt to
new and unlabeled data streams but also mitigates the ex-
penses and logistical challenges. The multistream classifi-
cation problem features three major challenges that have to
be tackled simultaneously: 1) Scarcity of labels: this arises
from the absence of labels specifically for the target stream,
while the source streams possess labeled data; 2) Covariate
shift: this implies that any two data streams exhibit distinct
distributions, whether they are different source streams or
a source stream and a target stream; and 3) Asynchronous
drift: the source and target streams are susceptible to inde-
pendent concept drift, which occurs at varying time periods
and results in unique effects on the model performance.

In recent years, several approaches have been proposed to
address the multistream classification problem by using on-
line domain adaptation and drift handling techniques (Chan-
dra et al. 2016; Haque et al. 2017; Pratama et al. 2019; Wang
et al. 2021). However, many of these methods have primar-
ily focused on the single-source stream, potentially imped-
ing model performance due to limitations in the quality of
the source data. Furthermore, such single-source-based ap-
proaches may be prone to overfitting issues. Accordingly,
the multi-source configuration is introduced, which enables
the acquisition of supplementary information from different
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Figure 1: Framework of OBAL. The initialization stage is principally devoted to mitigating the problem of covariate shift, along
with learning the intricate dynamic correlations that exist between various data streams. In the online phase, the core focus is
on the detection and adaptation of asynchronous drift. This stage further integrates the covariate shift alignment and correlation
matrices learned during the initial phase, facilitating a seamless ensemble prediction from the source to the target stream.

source streams, thereby providing more valuable informa-
tion to build a more accurate and robust model (Wang et al.
2022b; Yang et al. 2021). However, leveraging the informa-
tion from each individual source stream exposes a new chal-
lenge: 4) Temporal dynamic correlations between the source
and target streams. In other words, any drift occurring within
each stream has the potential to alter the correlation between
the source and target streams. It is crucial for the predictive
model to adapt promptly, extracting valuable insights from
relevant source streams while avoiding the assimilation of
irrelevant knowledge from other source streams.

To address all issues in the multi-stream classification
task, we propose the Online Boosting Adaptive Learning
(OBAL) method. As shown in Figure 1, OBAL consists
of two stages, the first of which is the initialization phase,
where we propose the AdaCOSA algorithm. The fundamen-
tal principle of AdaCOSA involves an adaptive interaction
between models learned in the original source space and
those acquired in the target space, aiming to align the tem-
poral covariate shift and explore the dynamic relationships
between different data streams based on feedback from the
target domain. This process reinforces positive knowledge
transfer, leading to optimal model migration. The second
stage involves the online processing phase, during which our
primary aim is to detect and adapt to the asynchronous drift
in each data stream in real-time. To achieve this, we em-
ploy the Drift Detection Method (DDM) (Gama et al. 2004)
for labeled source streams, as it offers a stable and accurate
detection approach. Simultaneously, we utilize the Gaus-
sian Mixture Model (GMM) (Oliveira, Minku, and Oliveira
2021) based weighting strategy for asynchronous drift adap-
tation in these streams. For the unlabeled target stream, we
design two sliding windows and continuously monitor their
distribution changes to effectively detect drift occurrences.
Once a drift is detected in the target stream, it signifies that
the dynamic relationships learned in the first stage are no

longer applicable, necessitating a return to the first stage for
reinitialization. The main contributions of our work can be
summarized as follows:

• This paper presents a new online ensemble approach
(OBAL) for multi-source data stream classification. With
the capability to dynamically detect and adapt to con-
cept drift, OBAL demonstrates enhanced effectiveness
and stability. Moreover, it offers effortless extensibility
in managing diverse data streams.

• A novel algorithm (AdaCOSA) is proposed to align the
covariate shift as well as investigate a new dynamic cor-
relation issue between source and target streams. It fur-
ther enhances positive knowledge transfer and prevents
negative transfer effects.

• We design a simple yet effective GMM-based module to
adapt the asynchronous drift. It orchestrates an ensemble
of both historical classifiers and newly trained classifiers
on weighted source samples. By accumulating abundant
source knowledge, the proposed approach achieves im-
proved prediction accuracy for the target stream.

Related Works
Date stream classification has become an increasingly crit-
ical area of research due to the dynamic nature of real-
world data streams, i.e., concept drift. Concept drift refers to
the underlying data distribution changing over time, which
occurs as time t + 1 if joint distribution Pt+1(X, y) ̸=
Pt(X, y). It poses significant challenges for classifiers to
maintain accuracy and adapt promptly. To tackle the con-
cept drift problem, many works have been proposed to en-
sure the effectiveness and reliability of models (Gomes et al.
2017; Miyaguchi and Kajino 2019; Chiu and Minku 2020;
Jothimurugesan et al. 2023). However, most methods are de-
signed for single-labeled stream, which is not suitable for
the multi-stream scenario. To fill this research blank, Chan-
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dra et al. (Chandra et al. 2016) introduce a multi-stream clas-
sification framework that utilizes ensemble classifiers for
each data stream and incorporates Kernel Mean Matching to
reduce the disparity between source and target streams. They
further propose the FUSION algorithm (Haque et al. 2017)
to leverage the Kullback Leibler Importance Estimation
Procedure for density ratio estimation and covariate shift
handling. In addition, some neural-network-based models
are proposed to deal with high-dimensional data (Yoon
et al. 2022). For example, Autonomous Transfer Learning
(ATL) (Pratama et al. 2019) is an online domain adapta-
tion strategy that employs both generative and discrimina-
tive phases, combined with Kullback Leibler divergence-
based optimization. Moreover, Yu et al. (Yu et al. 2022b)
propose a meta-learning-based framework to learn the in-
variant features of drifting data streams and then update the
meta model in an online fashion.

In addition, multi-source stream classification is proposed
to enhance the robustness by considering the complementary
information from different source streams simultaneously.
For example, Du et al. (Du, Minku, and Zhou 2019) intro-
duced Melanie, which employs a weighted ensemble classi-
fier to transfer knowledge from multiple source streams. It
is the first approach capable of simultaneously transferring
knowledge from various source streams with concept drift.
However, Melanie is a supervised method, which cannot be
used for unlabeled data prediction.

Hence, the AutOmatic Multi-Source Domain Adaptation
(AOMSDA) (Renchunzi and Pratama 2022) incorporates a
central moment discrepancy-based regularizer to leverage
the complementary information from multi-source streams,
and employs a node weighting strategy to tackle the covari-
ate shift. AOMSDA is a chunk-based method, which means
it lacks the ability to dynamically detect the changes in data
streams. To address this limitation, Jiao et al. (Jiao et al.
2022) propose a reduced-space Multistream Classification
based on Multi-objective Optimization (MCMO). It seeks
a common feature subset to minimize the distribution shift
and then uses a GMM to detect and adapt asynchronous
drift. However, all these methods determine the correlation
between each individual source and target stream as fixed,
which does not fully exploit temporal dynamic correlations.

Proposed Method
Problem Definition
Multi-source-stream classification involves the presence of
multiple labeled source streams and one unlabeled target
stream. These streams possess interconnected internal rep-
resentations and share a common label space. The objective
of this task is to predict the labels of the target stream by ef-
fectively transferring knowledge from the labeled source to
the target stream, and it can be defined as follows.

Definition 1 Multi-source-stream Classification. It in-
volves N labeled source streams S = {S1, S2, · · · , SN}
and one unlabeled target stream T . Each arrived data sam-
ple at time t is represented by Si(xt, yt), where xt ∈ Dd is
the d-dimensional features, and yt is the true label of the in-
stance which can only be observed in Si, i ∈ {1, 2, · · · , N}.

Algorithm 1: Initialization (AdaCOSA)

Input: The archived data batches DSi, i ∈ {1, 2, · · ·N}
and DT , Maximum iteration Imax.

Output: target classifier fTi, weight vector cwSi.
1: Get the mapped source data D∗

Si according to Eq.3.
2: Set up βn and initialize cwSi.
3: for iter = 1 : Imax do
4: for i = 1 : N do
5: Create source classifiers fSi(x)← {DSi, Y }.
6: Create target classifiers fTi(x)← {D∗

Si, Y, cwSi}
7: Predict the instance from DSi using Fest.
8: Adjust the weight vector cwSi according to Eq.4.
9: end for

10: end for

It aims to build a classification model to predict the class la-
bel of T (xt) using the Si(xt, yt) and T (xt).

As mentioned before, four main challenges must be
addressed simultaneously in the multistream classifica-
tion problem, i.e., scarcity of labels, covariate shift, asyn-
chronous drift and dynamic correlation. These challenges
are defined as follows,

Challenge 1 Scarcity of Labels. This is a major issue in
the multistream classification problem. Labeled samples
are provided only to the source streams Si(xt, yt), i ∈
{1, 2, · · · , N}, leaving the target stream entirely unlabelled
T (xt). Consequently, the challenge lies in achieving accu-
rate predictions in the target stream, where no labeled sam-
ples are available.

Challenge 2 Covariate Shift. Denoting PSi and PT as the
distributions from Si, i ∈ 1, 2, · · · , N and T , all streams
at the same time step are related but with covariate shift,
i.e., PSi(yt | xt) = PSj(yt | xt) = PT (yt | xt) while
PSi(xt) ̸= PSj(xt) ̸= PT (xt)

Challenge 3 Asynchronous Drift. This refers to the obser-
vation of the effect of drift at different times on different in-
dependent non-stationary processes that continuously gen-
erate data from S = {S1, S2, · · · , SN} and T .

• Source Drift: ∃t if PSi(xt) ̸= PSi(xt+1), i ∈
1, 2, · · · , N but PT (xt) = PT (xt+1), the drift only oc-
curs in the source stream.

• Target Drift: ∃t if PSi(xt) = PSi(xt+1), i ∈
1, 2, · · · , N but PT (xt) ̸= PT (xt+1), the drift only oc-
curs in the target stream.

• Concurrent Drifts: ∃t if PSi(xt) ̸= PSi(xt+1), i ∈
1, 2, · · · , N and PT (xt) ̸= PT (xt+1), it means drift oc-
curs in both source and target streams.

Challenge 4 Temporal Dynamic Correlation. The dynamic
interplay between source and target streams leads to vary-
ing relevance, expressed as C(Si(xt), T (xt)). At the time
t, some source streams may possess complementary infor-
mation C(Si(xt), T (xt)) = +, while others may con-
tain negative information C(Si(xt), T (xt)) = −. The
complexity arises as C may change over time, such as
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C(Si(xt), T (xt)) ̸= C(Si(xt+τ ), T (xt+τ )), disrupting the
inherent relationship between the streams.

To address all challenges, we propose the OBAL method
which comprises two stages: initialization (AdaCOSA) and
online processing. Next, we will provide a detailed descrip-
tion of these two stages.

Adaptive Covariate Shift Adaptation (AdaCOSA)
To align the covariate shift PSi(xt) ̸= PSj(xt) ̸= PT (xt)
as well as to explore the temporal dynamic relationship
C(Si(xt), T (xt)) between source and target streams, we
propose an AdaCOSA algorithm. Inspired by the CORrela-
tion ALignment (CORAL) method (Sun, Feng, and Saenko
2016), the covariance between shifting domains can be
aligned by minimizing the distance between the second-
order statistics, which provides a stable and effective solu-
tion. However, the standard CORAL method is incapable
of identifying source instances that are irrelevant to the tar-
get, thereby leading to negative transfer effects (Wang et al.
2019; Yang et al. 2021). Furthermore, it fails to address the
dynamic relationship between the data streams. As a solu-
tion, we propose an adaptive re-weighting strategy to dy-
namically and iteratively adjust the weights of the source
data based on their relevance to the target domain.

Specifically, given any archived source data batch DSi =
Si(X, Y ), i ∈ {1, 2, · · · , N} and the target data batch
DT = T (X), we first assign a correlation weight vector
cwSi = [cw1

Si, cw
2
Si, · · · cw

Ln

Si ], i ∈ {1, 2, · · · , N} to each
source stream, where Ln is the instance number of each
archived data batch. Then we can align the shifting covari-
ance by mapping each weighted source data to the target do-
main using a transformation matrix ASi, and the objective
can be formulated as,

min
ASi

∥∥∥CŜi
− CT

∥∥∥2

F
= min

ASi

∥∥∥A⊤
SiCSiASi − CT

∥∥∥2

F
, (1)

where ∥ · ∥2F is the Frobenius norm. CSi and CT are the co-
variance matrices of cwSiDSi and DT , respectively. CŜi
is the covariance matrix of transformed source features
cwSiDSiA, and

CSi = cov (cwSiDSi) + eye (size (cwSiDSi, 2)) ,

CT = cov (DT ) + eye (size (DT , 2)) .
(2)

Then the aligned source data D∗
Si can be obtained by the

classical whitening and re-coloring strategy (Sun, Feng, and
Saenko 2016) (Please refer to Supplementary S1 for the de-
tailed theoretical analysis),

D∗
Si = cwSiDSiC

−1
2

S C
1
2
T . (3)

Next, we use a supervised method to train the source clas-
sifiers fSi using raw source data {DSi, Y }. In addition, the
covariate-adopted target classifiers fTi can be learned by us-
ing the transformed {D∗

Si, Y }. Finally, we can employ an
average ensemble Fest that combines models derived from
each original source space fSi with those learned in the tar-
get space fTi to re-evaluate the source data iteratively.

Once the predicted label ŷi is obtained, it can be used to
re-estimate the correlation weights of the source instances

Algorithm 2: The learning process of OBAL

Input: Source streams {S1, S2, · · · , SN}, target stream T ,
classifier pool P , initial sample size Ln.

Output: Predicted labels for target stream.
1: DSi, DT ← Read first Ln instances from Si and T .
2: fE(x), cwSi ← initialize according to Algorithm 1.
3: Create DDMSi and GMMSi for source stream.
4: Create GMMT for target stream.
5: Create detection and reference windows Wdet, Wref .
6: while there is incoming data do
7: for i = 1 : N do
8: if DDMSi = True then
9: GMM-based adaptation by Eq.8.

10: Weighted alignment and retrain a new classifier.
11: else
12: Weighted alignment and incrementally update.
13: end if
14: end for
15: Move detection window and calculate µdet, µref .
16: if Eq. 11 = True then
17: Remove all base classifiers and return to line 1.
18: else
19: Predict the target sample.
20: end if
21: end while

because it contains reliable responses from the target do-
main. In each iteration, if the source instance is predicted
mistakenly, this instance may likely conflict with the tar-
get stream. Then the effect of this irrelevant data will be
diminished in the next iteration by decreasing its training
weight. In contrast, accurate predictions indicate a minimal
distance or positive correlation between the source and tar-
get domains, resulting in increased training weights to en-
hance learning. Here, the weight can be updated by,

cwt
Si = cwt

Si · e−βn|ŷi−yi|, (4)

where βn is a hyper-parameter defined as βn =

0.5 ln
(
1 +

√
2 ln Ln

I max

)
. Ln is the total number of samples

of the archived data batch DSi
, and Imax is the maximum

iterations for adaptive re-weighting.
After several iterations, the instances that exhibit a posi-

tive correlation with the target stream will be assigned higher
training weights, whereas the training instances that diverge
from the target stream will receive lower weights. The de-
tailed process is presented in Algorithm 1. After that, the
weight cwSi of each target base classifier can be assigned
based on the learned correlation weight and it is calculated
by cwSi = 1

Ln

∑Ln

t=1 cw
t
Si. Therefore, the final ensemble

fE for the target stream can be formulated as follows:

fE(x) =
cwSi∑N
i=1 cwSi

fTi. (5)

Online Detection and Adaptation
As stated in Challenge 3, asynchronous concept drifts may
occur in either the source or target streams over time. There-
fore, for any given stream, it is necessary to continuously
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SEA Tree RBF Hyperplane Weather Kitti CNNIBN BBC

FUSIONs1 85.04±0.84 76.98±1.11 82.03±1.41 83.29±0.67 71.04±1.50 54.21±2.61 66.76±0.74 61.76±0.09

FUSIONs2 85.78±0.92 76.74±1.00 83.46±1.20 84.05±0.52 70.65±1.32 52.36±2.72 67.54±1.11 61.26±0.43

FUSIONs3 84.31±1.13 75.21±1.07 81.03±1.73 82.17±0.57 72.17±1.17 50.38±2.43 65.34±0.92 59.86±0.19

ATLs1 88.42±1.70 76.43±2.17 84.53±2.01 86.17±1.04 74.57±1.94 52.78±3.78 62.78±1.44 62.78±1.16

ATLs2 88.74±1.75 76.71±1.86 85.21±1.85 87.07±1.21 75.03±2.01 54.01±3.09 65.74±1.76 62.34±0.83

ATLs3 87.62±1.01 76.07±2.42 83.16±2.13 86.01±1.49 74.62±1.77 53.26±3.21 62.65±1.38 60.76±0.77

Melanie 89.18±0.77 78.93±0.61 86.04±0.39 86.38±0.57 77.74±0.89 50.29±1.34 68.79±0.31 68.04±0.01

AOMSDA 90.23±1.42 76.87±3.47 85.26±2.89 87.66±1.74 76.55±1.41 67.79±3.16 69.07±1.40 63.36±1.07

MCMO 87.46±2.12 77.64±1.47 86.26±0.77 84.04±1.42 76.02±3.43 64.82±4.17 68.83±0.89 60.12±1.51

OBAL (ours) 90.98±0.87 78.45±1.01 86.78±0.91 88.01±1.17 79.22±2.07 70.29±3.42 70.71±0.77 66.43±1.42

Table 1: Classification accuracy (%) with the variance of various methods on all benchmarks.

monitor its drifting situation in real-time and promptly per-
form drift adaptation to accommodate the new concept.

Source Stream Processing. For scenarios involving
source drift, existing supervised drift detectors such as DDM
can be employed, which offers more accurate drift detection
because of the leveraging of labels. As a new source sam-
ple Si(xt) arrives, the source classifier predicts its label,
and then the drift detector is updated based on the predic-
tion error. If no drift is detected, we will incrementally train
the target classifier using the weighted mapped S∗

i (x
∗
t, y)

with its corresponding weight cwt
si. Since we have obtained

the optimal weights cwSi = [cw1
Si, cw

2
Si, · · · cw

Ln

Si ] for the
archived data batch during the initialization stage, we can
retrieve the most relevant data from the archived data batch
and assign its weights to the new coming data by indexing
the minimum L2 distance between new coming and archived
data instances. However, once a drift is detected within each
source stream, an adaptation module should be deployed to
handle new concepts. Here, we utilize the GMM to evaluate
the distributions of the old and new concepts. GMM assumes
several mixture components can model all real-world data,
and it is formulated as follows:

P (x) =

K∑
k=1

P (x | Ck) · wk, (6)

where K represents the total number of Gaussians or mix-
ture components, and x is the observed multivariate. wk is a
weight that is determined by the observations that constitute
Ck, and 0 ≤ wk ≤ 1,

∑K
k=1 wk = 1. P (x | Ck) represents

the likelihood of observation x being assigned to mixture
component Ck. It can be calculated by using the mean µk

and the covariance Σk of each mixture component Ck:

P (x | Ck) =
1(

2πd/2
√

|Σk|
) exp

(
− 1

2 (x− µk)
T
Σ−1

k (x− µk)
)
.

(7)
According to the Expectation-Maximization (EM) algo-

rithm, all the parameters of different mixture components
are randomly initialized using the archived data batch Dsi.
Subsequently, it iteratively adjusts the mean and covariance
of the mixture component to maximize the likelihood of
each mixture component. For a newly incoming instance

Si(xt), its importance weight awt
Si

can be calculated by
maximizing the conditional probability of GMM as follows:

awt
Si

= max
k∈{1,2,...,K}

P (Si(xt) | Ck) . (8)

Then, the new coming concept in any source stream can
be adapted to the old concept by multiplying awt

Si
. Thus,

its optimal correlation weight cwt
si with the target stream

can also be obtained from the learned cwSi. Finally, a new
target base classifier will be created and trained by using
weighted mapped S∗

i (x
∗
t, y) with its corresponding weight

cwt
si. Note that old base classifiers are no longer trained with

new samples but are instead preserved within a base classi-
fier pool denoted as P , allowing for their retention. Finally,
the joint predictive probability can be ensembled as,

fE(x) =
wSi∑N

i=1 wSi +
∑|P |

l=1 wP

fTi(x)

+
wP∑N

i=1 wSi +
∑|P |

l=1 wP

fP (x),
(9)

where wP is the weight of l-th classifer in P , and wSi =
1
n

∑n
t=1 aw

t
Si
∗ cwt

Si
.

Target Stream Processing. To detect the drift in the target
stream without utilizing labels, we use the archived target
data batch DT to initialize a GMM model and deploy two
sliding windows to detect the changes over time. Specifi-
cally, we design two sliding windows, i.e., Reference Win-
dow Wref = {T (x1) , · · · , T (xn)} and Detect Window
Wdet = {T (xn+1) , · · · , T (x2n)} , where n is the instance
number within the window and it is set as n = Ln. Then,
the average conditional probability of the reference window
can be calculated by a point estimation of the mean for the
normal distribution,

µref =
1

n

n∑
t=1

max
k∈{1,2,...,K}

P (T (xt) | Ck) . (10)

The confidence interval estimation of the µref is known to be
[µref − zα(σ/

√
n), µref + zα(σ/

√
n)], where σ is the stan-

dard deviation and zα is the significance level which is set as
3 (Kim and Park 2017). The decision is made that the change
has occurred when the point estimation by the mean µref in
the detection window satisfies,

µdet ≥ µref + zα × σ/
√
n. (11)
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Otherwise, Wref and Wdet move step by step to receive new
incoming data, i.e., Wref = {T (xt) , · · · , T (xn+t−1)} and
Wdet = {T (xn+t) , · · · , T (x2n+t−1)}. Once a change is
detected, the historical base classifier becomes ineffective
for classifying target samples. Consequently, all base classi-
fiers are eliminated from the classifier pool, and the model
undergoes re-initialization to adapt to the new concepts. The
learning process is summarized in Algorithm 2.

Experiments
In the experiment, we first empirically demonstrated that
OBAL consistently outperforms current methods, highlight-
ing both robustness and superiority. Second, we validated
the substantial impact of dynamic inter-stream relation-
ships on prediction, emphasizing the effectiveness of the
AdaCOSA by ablation study. Additionally, we confirmed
OBAL’s scalability across various data streams, validating
its consistent predictive performance. Finally, we assessed
parameter sensitivity, time complexity, and algorithmic cost.

Experiment Settings
Benchmark Datasets. We conduct the experiment on four
synthetic datasets (i.e., SEA (Street and Kim 2001), Tree
(Liu, Lu, and Zhang 2020), RBF (Song et al. 2021a), and
Hyperplane (Bifet and Gavalda 2007) ) and four popular
real-world datasets (Weather (Ditzler and Polikar 2012),
Kitti (Geiger, Lenz, and Urtasun 2012), CNNIBN (Vyas
et al. 2014), and BBC (Vyas et al. 2014)), and more detailed
descriptions of each dataset and multistream scenario simu-
lation can be found in Supplementary S3 and Table S1.

Baselines. To demonstrate the superiority of our pro-
posed method, we conducted experiments comparing it with
five state-of-the-art methods. Among them, the FUSION
(Haque et al. 2017) and ATL (Pratama et al. 2019) algo-
rithms are based on single-source streams, while the Melanie
(Du, Minku, and Zhou 2019), AOMSDA (Renchunzi and
Pratama 2022), and MCMO (Jiao et al. 2022) are specifi-
cally designed for the multi-source classification scenario.
For FUSION and ATL, we pair each source stream with
the target stream, resulting in three distinct groups denoted
as {FUSIONs1, FUSIONs2, and FUSIONs3} and {ATLs1,
ATLs2, ATLs3}, respectively.

Results Analysis
Overall Performance. Table 1 compares the classifica-
tion accuracy of OBAL against all baselines on four syn-
thetic and four real-world datasets. Overall, OBAL out-
performs all other unsupervised multistream classification
methods on both synthetic and real-world datasets, while it
performs better than the supervised method (Melanie) on six
out of eight datasets. First, compared to single-source-based
methods (Fusion and ATL), all multi-source-based methods
demonstrate significant improvement. This proves that mul-
tiple labeled source streams can provide more discriminative
and complementary information, resulting in more accurate
and robust predictions. Compared with Melanie, OBAL per-
forms remarkably close to or even surpasses without consid-
ering the target labels. This is because we not only mitigate

Figure 2: The influence of the different number of sources.

the covariate shift but also adaptively adjust sample weights
based on the feedback from the target domain. This effec-
tively avoids negative transfer from irrelevant data, thereby
ensuring better prediction accuracy. Although AOMSDA
and MCMO also consider exploiting the complementary in-
formation among multiple source data streams, they ignore
the underlying correlation between various streams. In con-
trast, OBAL employs an adaptive re-weighting approach to
iteratively decrease the weights of negative transfer sam-
ples and strengthen the weights of positive transfer samples
based on the predictive feedback from the target domain. As
a result, OBAL achieves the best predictive performance.

Ablation Study. To validate the rationality of each com-
ponent and its impact on the overall classification results,
we designed three variants of OBAL. As shown in Table
2, OBALv1 as a baseline design does not consider the syn-
chronous drift and covariate shift adaptations. In this situa-
tion, each stream is assigned a base classifier and it is up-
dated incrementally. Thus, the performance of OBALv1 is
the worst, and significantly lower than that of OBAL on
all datasets. This phenomenon highlights the crucial role
of concept drift adaptation in dynamic environment learn-
ing. OBALv2 considers the synchronous drift in each stream
while ignoring the covariate shift alignment. OBALv3 fur-
ther employs the traditional CORAL strategy to align the co-
variate shift which does not explore the dynamic correlation.
By comparing OBALv2 and OBALv3, it can be seen align-
ing the covariate shift can effectively enhance the perfor-
mance of the target prediction. Furthermore, the final OBAL
highlights the significance of appropriate weights in mitigat-
ing the influence of irrelevant source samples and effectively
addressing the problem of covariance shift.

Influence of Source Numbers. In this section, we exam-
ine the impact of the number of source streams. To ensure a
fair comparison with a fixed target stream, we initially sam-
ple seven streams from all datasets and vary the number of
source streams. Specifically, we evaluate the performance of
OBAL using 1, 3, 5, and 7 source streams, respectively.
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Figure 3: The effect of different parameters on classification accuracy.

This experiment first investigates whether using multi-
source streams improves predictive capability compared to a
single-source stream. From Figure 2, we can observe that the
performance of multi-source streams outperforms single-
stream performance on all datasets. This indicates that multi-
source streams can provide additional complementary infor-
mation to enhance predictive performance. However, as the
number of source streams increases, there may be a decline
in performance. For example, the performance with five
source streams is better than that with seven source streams
on the Tree dataset. This may be because as the number of
source streams increases, the complexity of the model also
increases, which affects its performance. Overall, the per-
formance of OBAL is stable across various sources, which
demonstrates that our proposed method can easily adapt to
different numbers of data streams.

Parameter Sensitivity. In the proposed OBAL, there are
three main parameters affecting the classification perfor-
mance, including the window size of the initialization stage
Ln, the re-weighting steps Imax, and the maximum clas-
sifier pool size |P |. To analyze their impact on the overall
performance, we carry out experiments under various val-
ues of all parameters on all datasets. Here, we set Ln ∈
{100, 200, 300, 400, 500}, Imax ∈ {1, 3, 5, 7, 10} and |P | ∈
{1, 5, 10, 15, 20}. During the experiment, each parameter is
tuned while others are kept fixed, and the various predictive
performances are shown in Figure 3.

Different datasets display varying optimal window sizes
due to their unique drift frequencies and periods. For those
with frequent drifts, a larger window might encompass mul-
tiple concepts, complicating accurate covariate adaptation.
Hence, matching the window size to the dataset’s drift
characteristics is crucial for effective prediction. In the re-
weighting phase, the optimal number of iterations for most
datasets is three. This is because the algorithm tends to over-
fit during the initialization phase with an increasing num-
ber of iterations. Additionally, as the classifier pool size
grows, predictive performance generally improves across
datasets, underscoring the importance of retaining histor-
ical data. However, after a certain threshold, this perfor-
mance enhancement plateaus. Detailed parameter settings
are shown in Table S2 in the supplementary.

OBALv1 OBALv2 OBALv3 OBAL

SEA 79.54 82.48 88.76 90.98
Tree 72.42 74.74 77.01 78.45
RBF 79.78 81.41 84.23 86.78
Hyperplane 81.42 82.35 86.34 88.01
Weather 72.25 74.18 77.43 79.22
Kitti 62.14 64.09 68.24 70.29
CNNIBN 63.12 67.44 69.01 70.71
BBC 58.02 62.77 64.12 66.43

Table 2: Classification accuracy (%) of OBAL variants.

Time Complexity and Execution Time. As detailed
in Supplementary S4, we analyze the time complex-
ity of OBAL, where the overall complexity is given by
O(Lnlog(Ln))O(ImaxN)+O(Ln)+O(N)O(Lnlog(Ln)).
Since N and Imax are both quite small, the complexity
of OBAL primarily depends on the size of Ln. Therefore,
we can adjust the value of Ln to execute OBAL efficiently
within the available resources. Moreover, Table S3 in the
Supplementary compares execution times, revealing that
OBAL ranks second after Melanie, underscoring its com-
petitive runtime.

Conclusion

In this work, we have addressed a significant gap in mul-
tistream classification, where the dynamic relationships be-
tween streams have largely been overlooked. This oversight
can often result in the issue of negative transfer stemming
from irrelevant data. To overcome this challenge, we in-
troduced the Online Boosting Adaptive Learning (OBAL)
method, coupled with the proposed AdaCOSA algorithm,
effectively exploring the dynamic correlation among var-
ious streams. The experiments performed on several syn-
thetic and real-world data streams have shown that our
method effectively navigates the dynamic correlations be-
tween streams, mitigates covariate shifts, and adeptly han-
dles asynchronous drift using a GMM-based weighting
mechanism. The insights gained from this study not only ad-
vance the field of multistream classification but also provide
a promising direction for future research in adaptive learning
across various dynamic data environments.
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