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ABSTRACT

oncept drift has always been a major challenge in data stream mining research,
because the difference in data distribution caused by drift will affect the
prediction performance. The adaptive learning of concept drift can help solve
this problem. Currently, many adaptive learning frameworks for concept drift have been
developed to make efficient and accurate predictions on data streams, but most of these
studies focus on single data stream and rarely consider multiple data streams. In the
multi-stream environment, the drift situation is more complicated, and the correlation
between data streams needs to be taken into account. And the relationship between

drifts also need to be further discussed.

In this research, we focus on the concept drift problem on multiple data streams and
consider a novel, practical problem, termed Autonomous Learning for Multiple Data
Streams under Concept Drift (ALMCD). To solve ALMCD problem, this thesis aims to
develop a set of algorithms targeted to five orthogonal problems to improve the real-time
prediction performance on multi-stream: 1) How to identify the concept drift problem on
multiple data streams; 2) How to recognize the drift relationship between multiple data
streams according to the concept drift in each data stream; 3) How to solve concurrent
drift in multiple data streams with considering the drift relationship between streams;
4) How to solve delayed drift in multiple data stream with considering the relationship
between streams; and 5) How to design autonomous learning algorithms for multiple

data streams under concurrent/delayed drift.
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To address Problem 1 and 2), this thesis develops the theoretical foundation for
concept drift in multi-stream environments and provides detailed definitions (Chapter 3).
These definitions ensure a focused analysis of adaptive learning for multi-stream concept
drift, starting from concurrent drift scenarios. In Chapter 4, we refine the definition of
inter-stream correlations in multi-stream environments and further identify their role

in constructing multi-stream adaptive frameworks.

To address Problem 3), building on the relevant definitions, we develop a novel
Bayesian network-based multi-stream adaptive framework. This framework tackles the
challenge of concurrent drift in multi-stream environments by learning and transferring

drift information from base streams (Chapter 3).

To address Problem 4, this thesis presents a novel adaptive framework designed
for large-scale multi-stream environments. Both frameworks are constructed based
on graph neural networks, where the graph structure is designed to represent inter-
stream correlations. The first framework employs multi-model rolling online learning to

maintain adaptability to new data distributions (Chapter 4).

To preliminarily address Problem 5, this thesis proposes a novel concept drift self-
adaptation framework for multi-stream based on dynamic graph regularization. It
enhances adaptability by considering the dynamic adjustment of the graph structure and
imposing graph-based regularization constraints on the online autonomous adaptation

learning process (Chapter 5).

To further address Problem 5, we consider more challenging multi-stream scenar-
ios and the autonomous learning capabilities of models. In Chapter 6, we develop a
multi-stream adaptive framework based on continuous graph learning, driven by a small
amount of historical data. The adaptive graph generator operates during both model
initialization and online adaptation phases, while the adaptive diffusion attention mod-

ule captures changes in inter-stream correlations. Chapter 7 introduces a multi-scale
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adaptive convolutional graph, leveraging convolutional structures at multiple scales to
construct highly generalizable correlation graphs. A drift-matching module is incorpo-
rated to proactively predict potential recurring drift patterns and prevent catastrophic
forgetting.

In summary, this thesis addresses the problem of multi-stream concept drift by
leveraging the identification of inter-stream correlations. It proposes a set of effective
algorithms to enhance the generalization and learnability of the initialized model while
fully utilizing the advantages of correlation structures to facilitate autonomous online

adaptive learning.
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CHAPTER

INTRODUCTION

1.1 Background

The widespread use of mobile devices and the rapid expansion of information networks
have led to an unprecedented increase in the generation of data [1]. With the ubiquitous
presence of information perception and sensor networks, the speed at which data is
generated has accelerated [2]. This information is often represented as streams, which
are continuously updated [3, 4]. As a result, streaming data mining has become one of
the most prominent areas of research in recent years [5]. The challenge of overcoming
the inherent uncertainties in these streams and obtaining accurate real-time predictions

has garnered increasing attention [6].

Traditional machine learning algorithms assume that the data stream is stationary,
meaning that key statistical properties remain relatively constant over time. For sta-
tionary data streams, the training set and the test set are assumed to follow the same
probability distribution [7]. Therefore, the model that learns the probability distribution

of the historical data can forecast the target variables for future data [8]. However, this
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CHAPTER 1. INTRODUCTION

assumption of stationarity is limited in real-world applications, where data streams are

often non-stationary and subject to concept drift [9].

Concept drift describes the phenomenon of changes in statistical variables or data
distribution in an unstable data stream, and this phenomenon will occur unpredictably
over time [10]. When the relevance of the newly generated data and the old data is
greatly weakened, some inductive methods in a stationary data environment will not
be able to adapt, resulting in poor or even completely deviating forecast results from
the actual trend [11]. In diverse fields such as social networks, financial systems, trans-
portation, and medical monitoring, concept drift is a frequent occurrence, driven by
rapidly changing topics, evolving products, fluctuating markets, and the dynamic effects

of various unforeseen events.

Concept drift refers to the unpredictable changes in statistical variables or data
distribution within an unstable data stream over time [10]. Such drifts weaken the rele-
vance between newly generated data and historical data, rendering traditional inductive
methods designed for stationary environments ineffective. This often leads to inaccurate
or entirely misaligned predictions compared to actual trends [11]. Concept drift is par-
ticularly common in fields like social networks, financial systems, transportation, and
medical monitoring, where rapidly evolving topics, shifting markets, product changes,

and unexpected events drive continuous data variability.

Concept drift poses enduring challenges in detection, quantification, and adaptation
within machine learning [12]. Drift detection focuses on identifying when drift occurs,
often by monitoring learner error [13] or analyzing specific statistical measures [14].
Quantification involves determining the time, severity, and affected area of the drift.
While most detection algorithms can estimate drift timing and severity, pinpointing the
affected area often depends on the nature of the predictor [15]. Drift adaptation aims

to integrate the statistical information from new data into the predictor to maintain or
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1.2. MOTIVATION

enhance prediction accuracy. This is typically achieved through two strategies: retraining
the model on new data to adjust to the changing distribution or incrementally updating
the existing predictor using the new data [16, 17].

Over the past decade, concept drift learning has gained increasing attention, leading
to the development of numerous detection and adaptive algorithms tailored to diverse sce-
narios. However, despite the growing interest, comprehensive studies on drift-handling
techniques remain limited. This scarcity is partly due to the wide-ranging nature of

concept drift, which spans multiple research domains.

1.2 Motivation

So far, the concept drift handling techniques have been validated in many single data
stream cases [4, 18]. However, handling multiple data streams with concept drift is still
an unsolved question. In addition, data streams in real scenarios basically do not exist
independently, and data mining on multiple related data streams is the real dilemma
[19]. Taking a traffic scene as an example, the bus routes of different lines in a city may
overlap or intersect. The operating information of these lines is concurrent in time, and
there is a certain degree of dependency between each other. Although many existing
methods applicable to single streams can be applied repeatedly to multiple streams, this
approach is rough and inefficient. The correlations between streams will be ignored, and
isolated modelling cannot guarantee the synchronicity of tasks across multiple streams.
Little research has been dedicated to addressing this gap. Consequently, in this paper,
we focus on a more realistic and challenging problem named Autonomous Learning
for Multiple Data Streams under Concept Drift (ALMCD). We consider a concept drift
learning scenario across multiple streams, where the complex inter-stream correlation
is taken into account and utilized as part of the model’s driving mechanism to aid

prediction and adaptation. In this process, the dynamic structural changes in inter-
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CHAPTER 1. INTRODUCTION

stream correlation will be learnable, enabling the model to automatically capture data
distribution changes caused by drift.

To solve the ALMCD problem and achieve better learning performance for multi-
stream in practical scenarios, there are five orthogonal problems that need to be solved: 1)
how to identify the concept drift problem on multiple data streams; 2) how to identify the
concept drift problem on multiple data streams; 3) how to recognize the drift relationship
between multiple data streams according to the concept drift in each data stream; 4)
how to solve delayed drift in multiple data stream with considering the relationship
between streams; 5) how to design autonomous learning algorithms for multiple data
streams under concurrent/delayed drift. This thesis presents a thorough analysis of the

aforementioned challenges and proposes solutions to address them.

1.3 Research Questions and Objectives

To handle the mentioned problems of autonomous learning for multiple data streams
under concept drift and fill the research gaps, this research has the following research

questions (RQ):

1.3.1 Research Questions

This research has five main Research Questions (RQ) as follows:

RQ1: How to identify the concept drift problem on multiple data streams?

When concept drift is discussed in the context of a single data stream, it typically
refers to changes in the data distribution over time. However, when multiple data
streams are involved, the problem becomes more complex. It is necessary to examine
whether there are inter-stream drift dependencies—that is, whether the drift in one
stream is influenced by the drift in another. If such dependencies exist, further analysis

is required to understand various aspects of the drift, including the order of occurrence,
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1.3. RESEARCH QUESTIONS AND OBJECTIVES

the magnitude of change, and the presence of common drift patterns across streams.
Accurately identifying the types of drift is essential for developing effective adaptive

learning algorithms.

RQ2: How to recognize the drift relationship between multiple data streams according

to the concept drift in each data stream?

When discussing concept drift across multiple data streams, we focus on the scenario
where there are drift relationships among the streams. In this context, there are typically
two types of drift: concurrent drift and delayed drift. Concurrent drift occurs when the
drifts in multiple data streams happen simultaneously due to the influence of a common
factor, resulting in shared patterns of change across the streams. Delayed drift, on the
other hand, refers to situations where the drift in one stream occurs after the drift
in another. In this case, knowledge from streams where drift occurs earlier can be
leveraged. Recognizing the drift relationships between multiple data streams is essential

for tailoring the learning algorithm to the specific drift patterns.

RQ3: How to solve concurrent drift in multiple data streams with considering the

drift relationship between streams?

Concurrent drift refers to the simultaneous occurrence of drift across multiple related
data streams, with these drifts exhibiting strong similarities. While it is true that
some prediction tasks can be addressed by applying single-stream adaptive methods
to multiple streams, when rapid response and simultaneous predictions for multiple
streams are required, methods capable of handling drift across streams need to be
designed. These algorithms must consider how to establish connections between data
streams that can be differentially mapped. Exploring how to effectively utilize these
connections and integrate adaptive learning of concept drift across multiple data streams

is an intriguing area of research.
RQ4: How to solve delayed drift in multiple data streams with considering the
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CHAPTER 1. INTRODUCTION

relationship between streams?

The key difference between delayed drift and concurrent drift is that, in the case of
delayed drift, there is a time gap between the occurrence of drift across multiple related
data streams. Since the drifts do not occur simultaneously, we cannot synchronously
map the drift at a particular moment when predicting across multiple streams. However,
this time gap provides an advantage, as it allows us to leverage drift information from
streams that have already experienced drift to predict those that have not yet drifted.
Therefore, we must design algorithms that can utilize knowledge from streams where
drift has occurred earlier. This also implies that our algorithms need to explore the
details of the relationships between the drifts.

RQ5: How to design autonomous learning algorithms for multiple data streams under
concurrent/delayed drift?

Concurrent drift and delayed drift, influenced by various factors, are the main types
of drift observed across multiple related data streams. However, adaptive algorithms
often struggle to meet the prediction demands of practical applications. The presence
of non-ideal drift environments presents an even greater challenge. Drift types evolve
over time, and additional uncertainties, such as noise and frequency differences be-
tween data streams, must also be accounted for. Therefore, we need to design a set of
autonomous learning algorithms capable of automatically adapting to different types of

drift (concurrent and delayed) across multiple data streams.

1.3.2 Research Objectives

To answer these research questions, we set up the corresponding Research Objectives
(RO):
RO1: Develop a set of algorithms to identify the concept drift problem on multiple data

streams and recognize the drift relationship between multiple data streams according to
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1.3. RESEARCH QUESTIONS AND OBJECTIVES

the concept drift in each data stream (to answer RQ 1 and RQ 2).

When we do research on the concept drift of single data stream, we only need to focus
on the nature of the current data stream itself. But for the concept drift on multiple data
streams, we need to discuss whether there is a dependency between the data streams. If
the data streams are not independent of each other, then we consider the relationship
between drifts on multiple streams. We can further divide drift into two main types:
concurrent drift and delayed drift. Therefore, it is necessary to develop a set of algorithms
to mine the relationship between drifts to help us build efficient multi-stream adaptive

prediction frameworks.

RO2: Develop a set of algorithms to solve concurrent drift in multiple data streams

with considering the drift relationship between streams (to answer RQ 3).

Concurrent drift emphasizes that drift occurs on multiple data streams at the same
time. In this case, the drifts is caused by a factor, and they would have certain common-
alities. Simply copying the adaptive method for the single data stream to multiple data
streams is difficult to meet the prediction requirements of practical applications, and will
cause a large number of repeated calculations. To solve this problem, we need to develop
a set of algorithms by mining the relationship between drifts and building connections
between data streams. This enables the algorithms to efficiently learn and map when
drift occurs, avoiding repeated model training and giving online predictions for multiple

streams simultaneously.

RO3: Develop a set of algorithms to solve delayed drift in multiple data streams with

considering the relationship between streams (to answer RQ 4).

When there is a time difference between the drifts that occurs on multiple data
streams, we call it delayed drift. This means that the drifts of part of the data stream
would happen earlier. In this case, we cannot map the drift content to all streams

simultaneously when drift occurs. To solve this problem, we need to design a set of
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algorithms to make full use of the knowledge from streams where their drift occurs
earlier, so as to help other data streams to make predictions. At this time, the algorithms
need to further explore the details of the relationship between drifts.

RO4: Develop a set of autonomous learning algorithms for multiple data streams
under concurrent/delayed drift (to answer RQ 5).

Real scenes are more complex and changeable. Often the scenarios we encounter
are not limited to a single drift type, and the previous drift type may also change over
time. Therefore, the single adaptive algorithm can only handle an idealized multi-stream
environment. In addition, there are some uncertain factors that may interfere with
the prediction task, such as noise. To solve this problem, we need to develop a set of
autonomous learning algorithms for multiple data streams under concurrent/delayed
drift. The algorithms can automatically switch and adjust to accommodate the different

types of drift on multiple streams.

1.4 Research Contribution

The main contributions of this thesis are summarised as follows:

Contribution 1. A novel adaptation framework using Bayesian neural networks is
proposed for the concurrent drift problem in multiple data streams.

1) This study identifies the concept drift in multi-stream and discusses the relation-
ships between drift based on different drift types.

2) This study is the first to build a concurrent drift adaptation framework for multiple
data streams.

3) This study embeds Bayesian-based connectors to adapt to concurrent drift, named
BNN-connector. It takes less time to update the connector than updating the predictor,
the computational cost has been largely decreased when predicting multiple data streams

simultaneously.
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4) This study uses a single-stream adaptation method to update predictors for the base
stream. Connectors can continuously learn the drift information from the base stream

and use the learned information to correct the prediction results for other streams.

Contribution 2. A novel self-adaptation learning framework for multi-stream using
graph neural network, termed SAGN is proposed to handle different types of drift in

multi-stream.

1) This study develops a theoretical foundation for the correlation in multi-stream
and its changes. The correlation contains the dependencies between streams and the
correlation between drifts. Compared to previous research, it does not need to assume

the source/target stream.

2) This study designs an online adaptation strategy for the GNN to handle different
types of concept drift which is implemented locally in sub-graphs. An advantage of
this design is that globally it maintains the correlation in multi-stream. The proposed
dynamic validation set and GNN pool rolling mechanism are to work in tandem to

achieve this process.

3) The proposed SAGN can overcome the concept drift problem in multi-stream while

preserving the correlation between streams.

Contribution 3. A novel concept drift self-adaptation framework for multi-stream based
on dynamic graph regularization, named MSGR, is developed to solve the concept drift
adaptation learning problem further.

1) The graph-based regularization assigns dynamic learning weight for sub-graph
updating according to the drift detection result, which can help the model adapt to the
concept drift in multi-stream more effectively and targeted.

2) This study learns a correlation graph structure by our designed novel graph
convolutional layer to capture the deep dependencies between streams. This graph

structure is realized by embedding a sampling graph from a multi-stream historical data
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distribution and calculating an adaptive transition matrix based on each node pair.

Contribution 4. A novel continuous graph learning-based self-adaptation framework for
multi-stream concept drift, called CGLM. Designed for lifelong learning environments,
CGLM demonstrates robust adaptive performance even when only limited historical

data is available for model initialization.

1) This study designs a novel graph convolutional layer embedded in an Adaptive
Graph Generator (AGG). This approach captures deep spatio-temporal relationships
between streams without pre-defined graphs. We employ distinct continuous graph
learning mechanisms tailored for both non-drift and drift scenarios, ensuring high-

performance dynamic self-adaptation to concept drift.

2) The Adaptive Diffusion Graph Attention Module (AGDAT) is designed to capture
local correlation changes for drift self-adaptation. Initially, AGG constructs a dynamic
feature graph based on the newly arriving samples. Subsequently, AGDAT applies a
multi-head diffusion attention mechanism to this feature graph, enabling adaptive
sub-graph weight updating for the original correlation graph while maintaining global

correlation stability.

3) when only small-scale data is available for model initialization, our proposed
CGLM can achieve significant improvement over state-of-the-art baseline methods. This
also demonstrates that CGLM maintains stable performance over long-term updates.
Additionally, our method maintains leading prediction performance as the training data

volume increases.

Contribution 5. A novel multi-scale adaptive convolutional graph framework, named
MACG, is designed to improve the generalizability of the initialized model and enable

proactive model updates to predict and adapt to drift during online testing.

1) This study performs multi-sampling on historical data across different time-scale
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convolutions to initialize a highly generalizable correlation graph structure without
pre-defined graphs during training. This approach captures various levels of spatial-
temporal dependencies between streams, ensuring that the generated graph structure
provides a more flexible and comprehensive representation of data characteristics.

2) The novel adaptation learning module in this study, is designed to facilitate model
updates for effective drift adaptation. When drift is detected, MACG first generates
a new correlation graph by applying the same multi-scale adaptive convolutions used
during training to the feature sliding window, then fuses it with the previous graph.
Next, MACG leverages historical data to match potential drift patterns and combines
them with new samples and the fused graph to predict the current drift and update
sub-graph weights. Furthermore, a shadow model synchronously updates using only
new samples, while dynamic random validation mitigates the risk of erroneous updates

caused by misinterpreted drift trends.

1.5 Research Significance

The significance and innovation of this survey will be summarized in this section. It will
be described from two aspects: the theory significance and practical significance.
Theoretical significance: This thesis focuses on developing a set of autonomous
learning algorithms for multiple data streams, extending traditional adaptive learning
frameworks designed for single-stream scenarios. The goal is to address the challenges
of concept drift in multi-stream environments. By analyzing various types of drift across
multiple data streams, the relationships between these drifts are further examined.
Adaptive algorithms are designed to cater to the unique characteristics of each drift type,
enabling real-time prediction across multiple streams.

Firstly, a Bayesian neural network model is proposed to handle the concurrent

drift problem in multi-stream, which leverages the inter-stream correlations to build
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continuously updated connectors between streams. This integration allows the model
to respond rapidly to concurrent drift during the autonomous learning process. Then,
a set of GNN-based autonomous concept drift learning algorithms is developed. These
algorithms utilize historical data to uncover correlations between streams and generate
a base prediction model. The model represents the correlation between streams by a
dynamic and learnable graph structure. When online testing starts, the model will learn
the new data distribution information from newly arriving multi-stream samples and

update the sub-graphs in the correlation structure to lead the model adaptation.

This design of correlation-based adaptation learning can make full use of relation-
ships between streams and capture changes in multi-stream caused by concept drift.
This design approach facilitates achieving a unified prediction frequency across multiple
streams, which is particularly crucial when drift occurs. By treating the multiple streams
as a whole, the autonomous adaptation process is transformed into sub-graph updates.
This allows for handling localized drifts within the streams without compromising global

stability.

Practical significance: The findings of this thesis contribute to practical applications
in three key areas. First, we examine the various types of drift across multiple data
streams, focusing on the dependencies between streams. Based on these relationships,
we classify drifts in interconnected data streams into two main types: concurrent drift
and delayed drift. Second, we design specific adaptive algorithms tailored to each type
of drift by analyzing and learning the correlations between them. Third, we integrate
these adaptive algorithms into the autonomous learning framework, addressing the
diverse forecasting needs of complex real-world applications. Additionally, we extend the
framework to account for other uncertainties in multiple data streams, offering valuable

insights for adapting the proposed algorithms to more intricate scenarios.
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1.6 Thesis Structure

The structure of the thesis is shown in Figure 1.1 and the chapters are organised as

follows:

e CHAPTER 2 presents the literature review for concept drift and the graph neural
networks modelling for multi-stream. Meanwhile, discusses limitations in the

current research field.

* CHAPTER 3 presents 1) the definitions of the drift types in multi-stream and rec-
ognizes the drift relationship between multiple data streams; 2) a novel adaptation
framework to handle the concurrent drift problem in multi-stream, which just
embeds an adaptation method on one base stream and updates other streams by

Bayesian-based connectors to reduce computational cost. This chapter addresses

RQ1, RQ2 and RQ3 to achieve RO1 and RO2.

* CHAPTER 4 presents 1) the definitions of correlation and correlation changes
in multi-stream and uses graph structure to present the correlation; 2) a novel
self-adaptation framework for multi-stream based on graph neural networks. The
concept drift problem is solved by rolling multiple GNNs and the designed online

learning strategy. This chapter addresses RQ4 to achieve RO3.

e CHAPTER 5 presents a novel concept drift self-adaptation framework for multi-
stream based on dynamic graph regularization. It can cover any drift type and is
easy to apply to large-scale datasets. The adaptation process we design links the
sub-graph updating with the degree of concept drift. The proposed graph-based
regularization to sub-graph updating can help to capture the new correlation

change caused by drifts. This chapter preliminarily addresses RQ5 to achieve RO4.
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e CHAPTER 6 presents a novel continuous graph learning-based self-adaptation
framework for multi-stream concept drift. It accounts for stricter multi-stream
model initialization conditions and considers the framework’s adaptability to con-
cept drift from a lifelong learning perspective. It can initialize the model using
only a small amount of historical data and maintain stable performance during
long-term autonomous learning. This chapter further addresses RQ5 to achieve

RO4.

e CHAPTER 7 presents a novel multi-scale adaptive convolutional graph frame-
work. It approaches multi-step prediction by utilizing multi-scale time windows to
capture the characteristics of multi-stream data. It enhances the initial model’s
generalization while balancing the prediction accuracy for both short-term and
long-term horizons. During the online adaptation phase, it employs proactive pre-
diction to match previously encountered drift patterns, improving adaptability
while mitigating the risk of catastrophic forgetting. This chapter further addresses
RQ5 to achieve RO4.

e CHAPTER 8 summarizes the key findings of this thesis and outlines potential

directions for future research.
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CHAPTER

LITERATURE REVIEW

In this chapter, we review recent papers related to this thesis, which includes two main

parts: concept drift and graph neural networks modelling for multi-stream.

2.1 Concept Drift

Concept drift refers to the phenomenon where statistical variables or data distributions
in an unstable data stream change unpredictably over time [10]. When the relationship
between newly generated data and historical data weakens significantly, traditional
inductive methods designed for stationary data environments often fail to adapt, leading
to inaccurate or even completely misleading predictions that deviate from actual trends
[11].

Over the past decade, the study of concept drift has gained increasing attention, with
numerous drift detection and adaptive learning algorithms being developed for various
applications. However, despite the growing interest in this topic, comprehensive studies

on concept drift handling techniques remain limited. This is partly due to the broad
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scope of the concept drift problem, which often spans multiple research fields, making it

a complex and interdisciplinary challenge.

2.1.1 Concept Drift Detection

Drift detection plays a crucial role in addressing the concept drift problem. This process
encompasses techniques and mechanisms aimed at identifying and quantifying concept
drift by detecting change points or time intervals where drifts emerge. This section
provides an overview of drift detection methods and algorithms, classifying them into

two primary categories based on the types of test statistics they employ.

2.1.1.1 Error Rate-based Drift Detection

Error-rate-based drift detection is a widely used strategy for identifying concept drift.
This approach monitors changes in the online error rate of the model. When the accumu-
lated error exceeds a pre-defined threshold, it signifies a statistical deviation, triggering
a drift alarm and initiating the corresponding model update and adaptation process.
The Drift Detection Method (DDM) [20] is one of the most frequently cited algorithms
in this category. Its core idea relies on the concept of context - a set of consecutive
samples with a fixed distribution where training examples are presented sequentially.
DDM determines whether the distribution has shifted by detecting significant increases
in the online error rate within a time window. It is the first algorithm to define "warning"
and "drift" levels for drift detection. Building on this foundation, the Early Drift Detection
Method (EDDM) [21] modifies the calculation of test statistics, using the distance between
consecutive correct classifications to estimate distribution changes. Another extension,
the Statistical Test of Equal Proportions Detector (STEPD) [22], applies statistical tests
of equal proportions to refine drift detection, enhancing the precision of the detection

process compared to its predecessors.
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Several algorithms further refine drift detection by improving sensitivity to localized
or gradual changes in the instance space. Learning with Local Drift Detection (LLDD)
[23] focuses on detecting drift within localized regions of the instance space. By associat-
ing drift detection problems with decision tree nodes, LLDD allows for monitoring and
adaptation in specific areas, enabling a faster response to localized changes. New Drift
Detection Method for Data Streams (NDDM) [24] takes a batch-based approach, com-
paring consecutive data batches to identify drift. For each instance in the current batch,
it calculates differences based on nearest neighbors in the previous batch. Similarly,
EWMA for Concept Drift Detection (ECDD) [25] employs an exponentially weighted
moving average (EWMA) chart to monitor misclassification rates. ECDD’s modular de-
sign enables it to work alongside any base classifier, offering a lightweight, fully online

solution with low computational cost.

Some algorithms address specific challenges, such as long-term concepts or overlap-
ping data distributions. The Reactive Drift Detection Method (RDDM) [26] is designed
to handle long-term concepts by discarding older examples. Algorithms like Hoeffding’s
Bounds-based Drift Detection Method (HDDM) [27] and its extension, the Fast Hoeffding
Drift Detection Method (FHDDM) [28], incorporate Hoeffding’s inequality to evaluate
statistical significance. These methods are particularly effective in capturing abrupt
changes in data streams. The Fuzzy Windowing Drift Detection Method (FW-DDM) [29]
introduces fuzzy logic to drift detection, using overlapping windows to improve accuracy
in detecting overlapping or ambiguous concepts. In contrast, Dynamic Extreme Learn-
ing Machine (DELM) [30] combines drift detection with an adaptive neural network
structure. DELM uses an online learning mechanism to train an Extreme Learning
Machine (ELM) [31], adding hidden nodes upon detecting drift to enhance generalization.
When drift occurs, DELM replaces the old classifier with a newly trained one, ensuring

adaptability to the new concept.
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2.1.1.2 Data Distribution-based Drift Detection

Drift detection based on data distribution is a widely adopted strategy for identifying
concept drift. This approach measures differences between new and historical data
distributions, often using window-based mechanisms as the primary carrier. Typically,
algorithms employ two fixed historical windows alongside a sliding window for new
data [32—-34]. A distance metric quantifies the distributional differences, and when these
exceed a statistical threshold, the learning model is updated accordingly. However, this
approach is computationally intensive compared to error-rate-based methods due to the

additional calculations required [35].

A seminal contribution in this area is by [36], which introduced practical distribution-
based drift detection. The study highlighted total variation as a natural distance metric
between distributions, expressed as TV (P1,P2) = 2supg..|P1(E) — P2(E)| or equivalently
in terms of density functions as dist;1 = [|f1(x) — fa(x)|dx. Another influential algorithm
is ADWIN [37], which dynamically adjusts its sliding window size based on detected drift.
ADWIN maintains two sub-windows representing old and new data and calculates their
optimal division by assessing distributional differences. If the difference between the
average values of these sub-windows exceeds a threshold, drift is declared, and the new
data retrains the model. ADWIN has inspired numerous adaptations [37-41], extending

its applicability across diverse scenarios.

Other algorithms leverage specific statistical measures to enhance drift detection.
[33] proposed a method using relative entropy (KL-divergence) to quantify distributional
differences without parametric assumptions. This algorithm also integrates spatial scan-
ning statistics, enabling the identification of regions with significant changes. Similarly,
SCD [42] employs density tests for multidimensional data, while CM [35] combines noise

filtering and redundancy removal to improve detection precision.
Some approaches further explore density-based techniques. LSDD-CDT [43] applies
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minimum square density difference estimation for online, multidimensional input. Its in-
cremental version, LSDD-INC [44], compares non-overlapping data windows to measure
distributional stationarity. EDE [45] estimates iso-density regions for non-parametric
drift detection in unstable spaces, while LDD-DSDA [46] monitors local density changes
to measure regional drift.

Multiple hypothesis testing methods offer a distinct approach by embedding parallel
or hierarchical tests within the detection process. These algorithms enhance sensitivity
and scalability for adaptive concept drift detection [47-52].

Concept drift detection methods each with distinct strengths and limitations. Error-
rate-based methods are efficient and straightforward, relying on tracking changes in
model performance over time. Their low computational cost makes them suitable for real-
time applications, but they often struggle to provide precise drift localization or adapt
to gradual changes effectively. On the other hand, distribution-based methods excel at
identifying the root causes of drift by analyzing data distribution changes. These methods
can pinpoint drift locations and are particularly effective for complex, multidimensional
data streams. However, they come with higher computational costs and may require
careful parameter tuning, such as window size, to balance sensitivity and stability. Both
approaches play complementary roles in addressing the diverse challenges posed by

concept drift in real-world scenarios.

2.1.2 Concept Drift Adaptation

Concept drift leads to changes in data distribution, requiring model adjustments to
maintain prediction accuracy. The previous section discussed strategies and methods for
drift detection, which are closely linked to model adaptation. Adaptation frameworks
typically follow two main approaches: informed vs. blind [53], or active vs. passive [11].

Despite the terminology differences, the core distinction lies in whether a drift detection
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mechanism initiates the adaptation process. Active approaches employ a detection
mechanism to trigger adaptation based on specific feedback, whereas passive approaches
continuously update the model with the data stream, regardless of whether drift is

detected.

2.1.2.1 Approaches for Active Adaptation

Active approaches integrate concept drift detection mechanisms into the algorithm,
triggering adaptation processes when drift is identified. Sliding windows are a classic
strategy for this purpose, typically holding the latest available data. Upon detecting drift,
the classifier or prediction model is retrained using the new data in the window, while
old samples are discarded to adapt to incoming patterns. However, fixed window lengths
often fail to accommodate diverse data stream types.

ADWIN [37] determines the optimal subwindow size based on the rate of change in
the difference between two subwindows’ data distribution characteristics. This approach
eliminates the need for predefined window sizes, improving generalization capabilities.
Expanding specific machine learning algorithms is another common drift adaptation
technique. For instance, DELM [30] extends the Extreme Learning Machine (ELM)
framework [31] by adding hidden layer nodes when drift is detected, enhancing the
model’s fitting ability. FP-ELM [54] introduces forgetting parameters into ELM, enabling
drift adaptation. SAGA [55] employs a region-based filtering method to update outdated
models, while other methods define drift gradients over training segments [56] to quantify
distribution changes and distinguish drift instances from noise.

JIT (Just-In-Time) adaptive classifiers [47, 57, 58] refine window sizes using confi-
dence interval intersections, often combining distribution and error rate tests to detect
drift. Hybrid methods like IOLIN [8] alternate between fixed-length windows during
stable periods and adaptive mechanisms during drift, saving computational resources

with dynamic adjustments.
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Bias weighting provides another adaptive strategy. Unlike sliding windows, weighting
assigns importance to all samples, often using time-based forgetting functions [59]. These
functions reduce the influence of older data, with adaptations including attenuation-
based mechanisms [60] and change indices for weighting based on data generation
dynamics [61]. While effective, weighting can be computationally expensive and memory-
intensive, making it less suitable for big data scenarios.

Sampling is also widely applied. Reservoir sampling [62] enables random selection
of elements from data streams without replacement, as seen in adaptive strategies for
evolving river data [63]. This approach balances computational efficiency with represen-

tational adequacy.

2.1.2.2 Approaches for Passive Adaptation

Passive approaches, as the name suggests, do not incorporate a specific drift detection
mechanism within the algorithm. However, this does not imply that the model remains
static. Each new data point presents an opportunity for adjusting the model’s parameters,
enabling continuous adaptation to potential future changes.

A common passive strategy involves updating a single classifier, which is more
efficient than retraining since it adapts only relevant parts of the model. The decision
tree algorithm is a well-known framework for this approach. Very Fast Decision Tree
(VFDT) [64], an enhancement of the Hoeffding tree, uses Hoeffding’s inequality to identify
optimal attributes for decision nodes in a decision tree. However, VFDT assumes smooth
data distribution, which limits its ability to adapt to concept drift. The Concept-adapting
Very Fast Decision Tree (CVFDT) [65] overcomes this by introducing a sliding window,
allowing for continuous updates and ensuring model accuracy in the presence of drift.
VFDTec [66] further extends VFDT by handling continuous data and utilizing more
powerful classification techniques. The IADEM-3 model [67], based on the decision tree

approach, addresses issues with Hoeffding’s boundary by using sums of independent
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random variables for split calculations.

In addition to local updates of a single classifier, ensemble methods have gained
significant attention in streaming data mining, especially for recurring concept drift.
Retaining old models can prevent unnecessary retraining and reduce error variance,
often resulting in higher accuracy compared to single classifier systems. These methods
automatically incorporate new data while using forgetting mechanisms to remove out-
dated models [68, 69]. The Stream Integration Algorithm (SEA) [70], for instance, builds
a separate classifier for each new batch of data and combines them into a fixed-size
set with a heuristic replacement strategy, ensuring efficient memory usage and swift

adaptation to drift.

Classic ensemble strategies, such as Bagging, Boosting, and Random Forests, have
also been adapted for streaming data with concept drift. Online versions of bagging and
boosting algorithms [71] are trained incrementally with each instance to simulate batch
learning. The leverage Bagging algorithm [72] improves upon this by integrating ADWIN
to manage concept drift. Upon detecting drift, a new classifier is trained, replacing the

outdated model.

Ensemble methods have also evolved with novel voting techniques for drift adaptation.
The Dynamic Weighted Majority (DWM) [73] algorithm, based on the weighted majority
algorithm (WM) [74], uses weighted voting rules to manage drift. When a classifier
misclassifies an instance, its weight decreases, and if the weight drops below a threshold,
the classifier is removed from the ensemble. Other adaptive methods, such as Dynamic
Ensemble of Ensembles (DE2) [75] and Ensemble-tree (E-tree) [76], use similar strategies
to adjust ensemble sizes dynamically. Methods like [77] and [78] also adjust ensemble

size to respond to concept drift.

Limitations: The above methods provide rich references for developing concept drift

adaptation frameworks, but most of them ignore the case of multi-stream environments.
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Although methods applicable to single streams can be applied repeatedly to multiple
streams, this approach is rough and inefficient. The correlations between streams will
be ignored, and isolated modelling cannot guarantee the synchronicity of tasks across
multiple streams. Little research has been dedicated to addressing this gap. The variance
matrix is employed to measure the similarity between two streams in [79]. While these
works provide motivation for this area, further improvements are necessary to overcome

their limitations and deficiencies.

2.2 Graph Neural Networks Modelling for
Multi-stream

Graph Neural Networks (GNNs) have emerged as an effective tool for capturing deep
relationships within complex networks, even for non-graph structured data, by con-
structing correlation graphs in a non-Euclidean space based on distance or other metrics
[80, 81]. They can handle data with irregular structures and capture high-order depen-
dencies, making them particularly suitable for scenarios where traditional methods may
struggle [82, 83]. Furthermore, GNN-based approaches have demonstrated impressive
performance in various applications, including traffic prediction tasks [84, 85]. These
methods have achieved notable results by leveraging the rich relational information
encoded in graphs, showcasing their potential for multi-series prediction tasks and
beyond.

In popular traffic prediction tasks, the most common approach for multi-stream cor-
relation construction is to initialize the graph structure based on pre-defined graphs and
then utilize GNNs to capture high-order spatio-temporal relationships. Many effective
frameworks have been proposed. Typically, the distance between sensors is used as the

metric for evaluating similarity. DCRNN [86] is a method proposed for traffic streaming
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sequence data. The model builds a diffuse convolutional network on a graph structure.
The bidirectional walk and predetermined sampling capture the spatial and temporal
dependencies of multiple streams respectively. STGCN [87] combines the graph convo-
lutional sequence learning layers and graph convolutional layers to extract the spatial
and temporal dependencies features within streams. Graph-WaveNet [88] calculate an
efficient adjacency matrix on the pre-defined graph, by combining graph convolution
and dilated casual convolution to extract dependencies information of nodes at different
granular levels. STFGNN [89] emphasizes the construction of temporal graphs to en-
hance prediction performance. ASTGCN [90] introduces a latent network composed of a
Laplace matrix to dynamically represent spatiotemporal connections within traffic data.
DGCRN [91] designs filters with learnable parameters to capture historical features and

generate dynamic graphs during training.

Pre-training is also a strategy to enhance model performance. GMAN [92] proposes a
graph multi-attention network embedded in a pre-training wor2vec matrix that shows
the Performance improvements. In [93], the authors build a pre-training model using
transformer techniques to achieve better accuracy. Likewise, in [94], a pre-training model
based on a transformer module is employed. The designed estimation gate and a residual
decomposition mechanism assist the model in separating diffusion and inherent traffic
information in a data-driven manner. However, the requirement for pre-defined graphs
is too stringent for many practical applications. The assumption that a predefined graph

can always be obtained makes research in this area highly limiting.

Several researchers are trying to develop frameworks without using pre-defined
graphs. [95] proposes adaptive graph modules to represent dependencies between
streams from historical features using learnable parameters. The sampling method
is introduced to the graph construction process in [96], and the simulated probability

distribution graph is parameterized by a neural network. These methods achieve good
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prediction performance without using pre-defined graphs.

Limitations: While these methods introduce GNNs into non-graph structured data
and leverage spatio-temporal correlation graphs to enhance model performance, they
largely overlook the concept drift problem in data streams. Data streams generated
by sensors exhibit rapid changes, making concept drift inevitable. For example, the
sudden traffic accidents or extremely bad weather in practical application scenarios.
The offline prediction mode just based on the historical data distribution is too limited.
Therefore, the effectiveness of these frameworks can only be validated on consistent data
distributions. When the data distribution changes, relying solely on historical data will

not be sufficient to meet actual prediction demands.
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AN EFFICIENT BAYESIAN NEURAL NETWORK FOR

MULTIPLE DATA STREAMS

3.1 Introduction

Streaming data is widespread in many practical scenarios such as finance, transportation,
weather, social, etc., where infinite data instances arrive in a sequential way [4]. The
streaming data mining has been one of the most important research topics in recent
years[5], especially how to overcome the intrinsic uncertainties and obtain accurate
real-time predictions have attracted increasing attention in this area [6]. One of the most
common uncertainties in data streams is the occurrence of concept drift [53]. Concept
drift refers to the phenomenon that data distributions change over time[3]. For example,
the weather forecast of rain/no rain’ largely depends on whether it is in the dry season

or wet season [97].

In conventional machine learning methods, the training set and test set are assumed

to have the same probability distribution [7], so that a predictor trained with the training
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set can still be used to predict the testing set. Once concept drift occurs, the trained
predictor will be probably invalid to predict the testing data because they have different
or even opposite data patterns, resulting in a decrease in the prediction accuracy of the
predictor for the coming data [46, 98]. In data stream prediction, when concept drift
occurs frequently, the predictor is not applicable if it is trained with only fixed historical

data [99].

Current research shows that concept drift handling techniques can solve this problem
effectively [100]. The detection, the quantification and the adaptation are currently
challenging problems in the field of concept drift [12]. Drift detection is to detect when
the concept drift occurs [11] by monitoring the learner error [13] or a designed statistic
[14]. Regarding the quantification of conceptual drift, it involves retrieving the time
when the drift occurred, the severity of the drift, and the area of the drift. Most of the
drift detection algorithms can measure time and severity of the drift, but whether the
specific location of the drift can be determined depends very much on the nature of the
predictor itself [15]. The purpose of concept drift adaptation is to integrate the latest data
machine statistical distribution information into the predictor to maintain or improve
the prediction accuracy. There are usually two strategies to adjust the predictor [101].
The first is to retrain the predictor with the latest data to adapt to the new distribution,

and the second is to update the original predictor with new data training [16, 17].

So far, the concept drift handling techniques have been validated in many single data
stream cases [4, 18]. However, handling multiple data streams with concept drift is still
an unsolved question. In addition, data streams in real scenarios basically do not exist
independently, and data mining on multiple related data streams is the real dilemma
[19]. Taking a traffic scene as an example, the bus routes of different lines in a city may
overlap or intersect. The operating information of these lines is concurrent in time, and

there is a certain degree of dependency between each other.
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To fill the research gap in multiple streams, this chapter proposes a concept drift
adaptation method called MuNet for multiple dependent data streams. Especially, we
discuss the scenario that multiple data streams contain the concurrent drift, that is,
the similar concept drift would occur simultaneously for all these data streams. Taking
a traffic scenario as an example, when there is traffic congestion on overlapping lines,
all buses on the same road section will be affected simultaneously. It is also easy to be
extended to other scenarios for application, such as the monitoring of water quality and
water level in a certain water area, the speed prediction of each wind turbine in a certain
wind power station, etc.

In MuNet, we propose a novel adaptation strategy for multiple data streams with
concurrent drift and we use Bayesian neural networks [102, 103] to implement this
strategy. The main idea is using updated predictors to make adaptation on only one
stream and using connectors to make adaptation for the other streams. As it takes less
time to update the connector than updating the predictor, the computational cost has
been largely decreased when predicting multiple data streams simultaneously. In this
chapter, we use a single-stream adaptation method to update predictors for the base
stream, and design a Bayesian neural network as the connector, named BNN-connector.
These connectors can continuously learn the drift information from the base stream and
use the learned information to correct the prediction results for other streams.

The work described in this chapter has been published in the IJCNN 2021 conference

paper "An Efficient Bayesian Neural Network for Multiple Data Streams" .

3.2 Problem Statement

Before we explain the proposed method in details, related notations and definitions are
listed in this subsection.

Notations:
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* t:teZ" presents the time point

* 7:7>1 presents a time period

22 probability distribution

p: the probability for discrete cases or probability density function for continuous

cases

X=X }, ..., X"): time series for features or attributes

* yi= (ytl, e yi): time series for labels. in this chapter, we only consider 1=1

s ={(X;,yt)}: data stream

Definition 3.1 (Single Data Stream). A data stream D; = {(X;, y;) |t = 1,...00}, generated
from distribution £2; with p; (X, y) its probability function or probability density function
(pdf), is received, where {X; € R?} is the attribute variable (or the input) consisting of d

time series, for some d, and {yt € IRl} is the label variable (or the scalar output).

Definition 3.2 (Concept Drift in Single Data Stream [55]). Concept drift occurs in a

data stream if 3¢, that

pt+1X,y) # p(X, ), for t =t i)
(3.1)

pi+1(X,y) = p(X,y), for t € (tdmﬁi,td(m))
where Vi, ¢ 60—t 0 > 1, ¢ € Z* presents the time step, d® is an order statistics denoting

the i*" drifted time point, and 1 < 7; < tga+1) — t g is specifically for the occurrence of

incremental drift.

Remark 1. A data stream contains concept drift if the data pattern changes at least
once, namely {t o} # @ that pi+1(X,y) # piX, ), for t =t 0; in addition, the changed
pattern is not ephemeral, but will last for a period (at least last for two time steps),

which is manifested by Vi, t;i+) —tyi > 1. The pattern stays the same in this period
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that p;+1X,y)=p:X,y), forte (tdmﬂi,td(im); here T; = 1 when the drift occurs suddenly

while T; > 1 when the drift occurs incrementally in the period of (td(i) 1 td(i)+.[i).

Definition 3.3 (Learning Aim at ¢-step for Single Data Stream). To predict the value
of the label variable for a data stream at time step ¢, the learning aim is to obtain a

predictor H; for p;(X,y), which can be denoted as

(32) Ht:argming(h’X7y|(X7y)€pt(Xay))7
heA

where 7 is the hypothesis set, £:R! x Rl — R, is the loss function used to measure the

magnitude of error.

Learner Error over Time

D1

100 A

D2 50 4

100 A

D3

0 200 400 600 800 1000
time

Figure 3.1: An example of concurrent drift among data streams. It can be inferred that
data streams D!, D? and D? have a sudden error increase (sudden drift) at the same
time when ¢ = 500.

Definition 3.4 (Concurrent Drift in Multiple Data Streams). Given D},D;] (where u # v)
two different data streams, p“ is the probability or probability density function for

stream u while p? is that for stream v. A concurrent drift occurs if 3¢ ;w) that

pl;+1 7ép?’plt)+1 7£p§ for t = 210
3.3)

DPii1 =Dt Dy =D forte (td(i)+-[i,td(i+l))
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Remark 2. It can be seen that concurrent drift occurs when concept drift occurs in two
data streams at the same time. It should be noticed that the concurrent drift could occur
among more than two data streams, such as is shown in Fig. 3.1. In Fig. 3.1, D', D? and
D3 represent three data streams separately and each sub-figure shows the learner error of
a static predictor changes over time. Normally, error is the most common measurement to

determine whether drift occurs [79]. Clearly, concurrent drift occurs among D', D?, and

D3 as drift occurs at t =500 for D1, D2, and D3.

Definition 3.5 (Learning Aim at ¢-step for Multiple Data Streams). For multiple data
streams D1, D2, ..., DS at time step ¢, the learning aim is to obtain a set of predictors

H!,H?,.-- ,HY for p;(D!,D?,--- ,DS), which can be denoted as

(3.4) H$ =argmin ¢(h°,D°|D*,--- DS e p, (Dl,--- ,DS)),
hse 3

where # is the hypothesis set for D® and s € {1,---,S}.

Remark 3. According to Definition 3.5, the learning aim in a multi-stream scenario is to
obtain multiple predictors at each time point with considering the relationship among
streams. If we consider each stream separately, Definition 3.5 will be degenerated to the

following case

(3.5) H} = argmin ¢ (h*,D°| D® € p, (D*)).
hsests

3.3 Methodology

Given the learning aim in Definition 3.5, the next step is how to obtain the optimal H}.
If the data streams do not have concept drift problem and the streams are independent
with each other, the probability function stays the same and H} = H®. That means we
could use a period of historical data to train a predictor H® and use this predictor to

predict without retraining or tuning H®. However, due to the occurrence of concept drift,
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‘ Multiple Streams
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One-step adaptation: fromt =0tot =1
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+
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[:] NN¢: the predictor for Df at t that §, = NN (X,)
BNNt(u'v) : the connector between D¢ and Df

Figure 3.2: The One-step Adaptation Procedure for Multiple Streams with Concurrent
Drift.

the assumption that data streams have unchanged data distributions has been broken.
In the meantime, data streams are assumed to be dependent with each others in the

multi-stream scenario.

Concept drift is a common phenomenon in data streams and it is unknown in advance
whether drift occurs in a data stream. It is risky to use stationary model for an arbitrary
data stream as the stationary model will lead to terrible prediction results when drift
occurs while drift-adaptive models are still suitable to predict data streams that do
not contain concept drift. Therefore, the design of connector is very useful for many

real-world applications related to multiple data streams.

In this chapter, we consider the case when streams have concurrent drift (Definition
3.4). We randomly pick one stream as the base stream. We train and update the predictor
for the base stream to handle the drift problem. As for the other streams, we only train
an initial stationary predictor with a batch of historical data. After that, predictions from

the initial predictor will be corrected by an online-learned connector. Compared to the
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Figure 3.3: The proposed MuNet.

predictor (a complex neural network), the connector (a neural network with 1-2 layers)
takes much less computational cost. By this way, MuNet can efficiently decrease the
computational cost when predicting multi-streams task.

For better understanding, we first introduce the general idea of how we make drift
adaptation for multiple streams with concurrent drift. After that, we give technical

details of how MuNet implements that adaptation idea.

* The one-step adaptation for multiple streams with concurrent drift.

The one-step adaptation procedure for multiple streams with concurrent drift is pre-

sented in Fig. 3.2. There are S data streams and we assume that these streams have

36



3.3. METHODOLOGY

concurrent drift. Current drift adaptation methods are designed for single data stream.
Therefore, if we directly use those methods to solve multi-stream task, the adaptation
for all streams will be the same as the adaptation for Dt1 in Fig. 3.2. That is to retrain
the predictor periodically, for example retraining every batch of new arrived instances

(where t denotes a time period) or even every one instance (where ¢ denotes a time point).

Although retraining predictors is an efficient way to solve the problem of concept
drift in data streams, it often has high computational cost. Considering the unique
characteristics of concurrent drift, we assume that the drift pattern of one data stream
can be learned and applied to other streams because these streams have drift at the same
time. Therefore, we propose to update predictors for one base data stream by retraining
and correct prediction results for other streams by updating connector built between the

base stream and others.

For example, in Fig. 3.2, we first pick one stream from S streams as the base stream.
It should be noticed that in this chapter we pick the base stream randomly and we also
give an analysis of accuracy fluctuate with selecting different base streams in Section
experiment. At ¢ = 0, the predictors and connectors are initialized. In this chapter, we use
a complex neural network as the predictor and a two-layer Bayesian neural network as
the connector. With the initialized predictors and connectors, we can estimate the labels

for ¢t = 1 which are denoted by 5/} for stream D1, 5/% for stream D?, and so on.

As discussed above, we have the initialized predictors and connectors, as well as the
prediction results at £ = 0. Then the time goes to ¢t = 1, we obtain the true label y%, y%,
and so on. At ¢t =1, we evaluate the predictions of 5/}, e 5/‘19 and then use the true labels
to update the predictor on the base stream and connectors on other streams. The updated
predictor and connectors are used to predict labels for ¢ = 2. Then the time goes to ¢ = 2,
we repeat the evaluation, adaptation and prediction processes. Unlike the stationary

machine learning methods, the real-time prediction uses this prequential evaluation
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method [53].
¢ Handling concurrent drift with MuNet.

So far, we have discussed the main idea of updating predictors and connectors separately
to reduce the computational cost. Next, we will explain how this idea is used in our
proposed MuNet.

We introduce our MuNet from both aspects of memory and computation at each ¢.
Compared to Fig. 3.2 which includes general processes in both t =0 and ¢ = 1, Fig. 3.3
presents details at ¢ = 1. As this procedure is repeated for each ¢, the case # =1 is also
the case for an arbitrary ¢ that ¢ # 0.

As is shown in Fig. 3.2, MuNet only stores the most current data. For example, if
we only have two streams D} and D?, and D} is chosed as the base stream, the stored
data for base stream at ¢ are a batch of historical data Dllqt, the predicted value( 5/}), and
the newly arrived data(X tl and ytl). Compared to other streams, we store an extra batch
of data with fixed length for the base stream, and this batch of data will be updated by
including the newest data and deleting the oldest data at each ¢.

The stored data for other streams at ¢ are the predicted values( 5/?, 5/?) and the newly
arrived data(X t2 and yt2). Compared to the base stream, there are two predicted values for
Stream 2 where 5/t2) is the predicted value by the initial predictor and 5/? is the predicted
value by the initial predictor corrected by the connector BN N tl 2,

With these stored values, MuNet is self-adapted as is shown in the computation
part in Fig. 3.2. The adaptation of MuNet on Stream 1 is to retrain the neural network
predictor NN t1—1 with the historical information and the new information. The adaptation
of MuNet on Stream 1 is to tune the Bayesian neural network with drift information
from base stream and unique information for Stream 2.

When the predictor has high computational cost for updating and the connector

cost low computational cost for updating, MuNet will efficiently decrease the total
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0 5000 10000 15000 20000 25000 30000 35000 40000

Figure 3.4: The change of target variable {2m_obs_gt historical data.

computational cost, especially there are many streams to predict. For example, in weather
prediction, we need to know the prediction for all weather station at the same time.
These weather stations are normally built not far away from each other in one area.

Therefore, the data streams from these stations have concurrent drift.

3.4 Experiments

We validate the proposed MuNet by a real-world dataset of weather prediction. In this
section, we will first introduce the data in Section 3.4.1. Section para lists the parameters

used in MuNet and the experimental results are presented in Section results.

3.4.1 Data Description

We use a public dataset collected from the weather stations in Beijing, China. This data

contains hourly weather data from ten weather stations during time zone (3:00 intraday
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to 15:00 of the next day) from 03/01/2015-05/31/2018 (1188 days in total) where missing
values were deleted during the testing. Each station contains same features.

To mimic the real prediction scenario, the original data has been pre-processed
by overlapping in [104]. In this chapter, we use the same pre-processed data as is
in [104]. In our experiment, we use the data from ten stations. Each station data
contains nine attributes, including psur_obs (ground pressure), t2m_obs (temperature
at 2 meters), g2m_obs (specific humidity at 2 meters), w10m_obs (wind speed at 10
meters), d10m_obs (meridional wind at 10 meters), rh2m_obs (relative humidity at 2
meters), ul0m_obs (warp wind direction at 10 meters), vI10m_obs (zonal wind at 10
meters), RAIN_obs (accumulated rainfall in one hour at ground). The target variable is
t2m_obs_gt (temperature at 2 meters). ”_obs” represents the observed value, ”_obs_gt”
represents the ground truth value.

Clearly, each station contains 10 times series as one data stream, and we have 10
data streams. These data streams have concept drift due to the intrinsic characteristics
of atmospheric variables. Take the target variable t12m_obs_gt as an example, it has
obvious seasonal changes according to the three-year data record, as shown in Fig. 3.4.
As these stations are located near to each other, the corresponding data streams have

the concurrent drift.

Table 3.1: The performance comparison of stationary predictor and adaptive predictor

S;_Stationary S;_Adaptation

So_MAPE _AVG 10.67% 6.57%
S; MAPE AVG 10.41% 6.32%
So MAPE AVG 10.63% 6.66%
S; MAPE AVG 10.76% 6.69%
S, MAPE AVG 10.32% 6.31%
Ss MAPE _AVG 9.98% 6.34%
S¢. MAPE AVG 11.15% 7.23%
S, MAPE AVG 10.26% 6.25%
Sg MAPE AVG 10.29% 6.23%
S9 MAPE AVG 10.52% 6.80%
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3.4.2 Experimental Settings

The experiments were implemented on a CPU server with Core i7 7700K CPU and
Pytorch (1.8.1) programming environment.

The MuNet contains predictors and connectors. The predictors for all data streams
uses a 5-layer neural network and each layer contains 128 neurons. The input of the
predictor is the 9 meteorological attribute observations at the observation point at time
t, and the output is the predicted value of the target variable at time ¢ + 1. The training
epoch of predictors is 2000 for all streams. All predictors use the stochastic gradient
descent (SGD) method, and the learning rate is 0.01. As for the predictors initialization,
we use 2400 hours of recorded weather data in the same time period of all streams as
the training data for their initial predictors. The predictor of base stream is retrained
every 120 hours by including the newly arrived 120 hours’ data and deleting the oldest
120 hours’ data.

The BNN-connector is a Bayesian neural network containing 2-layer hidden layers
and each layer contains 30 and 10 neurons respectively. The training epoch of each BNN-
connector is 30. All BNN-connectors use the SGD method, and the learning rate is 1e — 1.

BNN-connectors are updated by continuously tuned by the newly arrived instances.
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Table 3.2: The performance comparison of the MuNet and conventional adaptation method

S;_Adaptation

MuNet (S;_base)

So_base S1_base So_base S3_base S4_base S5_base Sg_base S7_base Sg_base Sg_base

So_MAPE_AVG
S1_MAPE_AVG
So_MAPE _AVG
S3s_MAPE_AVG
S4_ MAPE_AVG
Ss_MAPE_AVG
S¢_MAPE_AVG
S7_MAPE_AVG
Ss_MAPE_AVG
S9_MAPE_AVG
Time Cost

6.57%
6.32%
6.65%
6.68%
6.30%
6.33%
7.22%
6.27%
6.21%
6.79%
886

6.57%
6.94%
7.39%
7.36%
6.88%
6.96%
8.16%
6.67%
6.91%
7.49%
350

7.24%
6.32%
7.25%
7.36%
6.85%
6.86%
7.97%
6.64%
6.74%
7.38%
361

7.36%
7.16%
6.66%
7.49%
6.99%
7.03%
8.30%
6.68%
7.12%
7.65%
373

7.29%
6.99%
7.48%
6.69%
7.00%
7.00%
8.21%
6.70%
6.83%
7.44%
3568

7.28%
6.88%
7.25%
7.37%
6.31%
6.93%
8.02%
6.65%
6.77%
7.38%
347

7.33%
6.95%
7.72%
7.50%
6.98%
6.34%
8.56%
6.65%
6.83%
7.45%
355

7.41%
7.38%
7.53%
7.63%
7.24%
7.14%
7.23%
6.76%
6.96%
7.61%
370

7.45%
7.11%
7.39%
7.56%
7.01%
7.04%
8.12%
6.25%
6.96%
7.65%
354

7.18%
6.97%
7.21%
7.44%
6.86%
6.83%
7.95%
6.64%
6.23%
7.44%
350

7.28%
6.98%
7.34%
7.40%
6.89%
7.00%
8.53%
6.62%
6.83%
6.80%
360
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Table 3.3: The computational cost of different methods as the number of data streams increases (S as the base stream)

One Streams Two Streams Three Streams Ten Streams

S;_Adaptation MuNet S;_Adaptation MuNet S;_Adaptation MuNet S;_Adaptation MuN et

So_MAPE AVG 6.57% 6.57% 6.57% 6.57% 6.57% 6.57% 6.57% 6.57%

S1_MAPE AVG - - 6.32% 6.94% 6.32% 6.94% 6.32% 6.94%
So_ MAPE AVG - - - - 6.65% 7.39% 6.65% 7.39%
S3_MAPE AVG - - - - - - 6.68% 7.36%
S4_ MAPE AVG - - - - - - 6.30% 6.88%
Ss5_MAPE AVG - - - - - - 6.33% 6.96%
S¢_MAPE AVG - - - - - - 7.22% 8.16%
S7_MAPE AVG - - - - - - 6.27% 6.67%
Ss_MAPE AVG - - - - - - 6.21% 6.91%
S9_MAPE AVG - - - - - - 6.79% 7.49%
Time Cost (min) 87 87 167 130 248 176 886 350

SLNHNIHHdXH 7€



CHAPTER 3. AN EFFICIENT BAYESIAN NEURAL NETWORK FOR MULTIPLE DATA
STREAMS

3.4.3 Results

We have conducted three groups of experiments: a) comparisons between stationary
methods and the adaptation methods; b) comparisons between the adaptation by the
single data stream adaptation method and the adaptation by MuNet; c) time cost of
MuNet when adding extra streams. For all experiments, we use the mean absolute

percentage error (MAPE) as the evaluation criterion. MAPE is calculated as follows:

100% . | i - i
MAPE= —2Y |X2
=17

n
n =1

Where J; is the predicted value, y; is the true value, and n is the number of samples.
The smaller the value of MAPE, the closer the predicted value is to the true value. It
means that the prediction model is more accurate. In the tables of experimental results,
S,_MAPE AVG represents the average value of MAPE of all prediction results on the

current data stream S;, which can indicate the overall prediction level of the model.

* Retraining predictors can solve the concept drift problem in data streams.

The results of experiment a) are shown in Table 3.1 where S;_Stationary uses an un-
changed initial predictor while S;_Adaptation retrains the predictor every 120 hours.
It can be seen that the overall accuracy of S;_Adaptation is much better than its corre-
sponding accuracy of S;_Stationary, indicating that these data streams contain concept
drift problem. Experiment a) concludes that all these data streams contain concept drift

problem, and retraining predictors is an efficient solution.

o Compared to retraining, MuN et provides comparable accuracy with less computa-

tional cost.

Based on a), Experiment b) is to test whether we can use MuNet to predict these
multiple data streams with less computational cost and comparable accuracy. The results

are listed in Table 3.2. In terms of accuracy, the accuracy of S;_Adaptation is 6.57%,
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6.32%, 6.65%, 6.68%, 6.30%, 6.33%, 7.22%, 6.27%, 6.21% and 6.79% for stream Sy to
Sg separately. The accuracy of MuNet with any base stream is a little lower than
S;_Adaptation. Take the accuracy of MuNet when Sy is selected as the base stream as
an example, which is 6.57%, 6.94%, 7.39%, 7.36%, 6.88%, 6.96%, 8.16%, 6.67%, 6.91%
and 7.49% for stream S to Sg separately. The accuracy of MuNet is slightly lower than
that of S;_Adaptation, but it still maintains a good level.

From the perspective of time cost, MuNet takes less time obviously. In addition, in
order to prove that MuNet can maintain this level when selecting any stream as the
base stream, as shown in Table 3.2, we test the MuNet performance by using ten data
streams from S to Sg as the base stream separately. When using different base streams,
the accuracy and time cost are slightly different but all the results are in a reasonable

range.

* MuNet’s advantage on time increases when the number of streams increases.

We quantitatively compare the time costs of the two methods. we list the time cost
increases of S;_Adaptation and MuNet separately when an extra stream is gradually
added in Experiment c¢). According to the results in Table 3.3, the time cost is the same
between S;_Adaptation and MuNet when there is only one stream S, as now MuNet
is exactly the same as S;_Adaptation. Then we add the S; stream. The time cost of
S;_Adaptation increase from 87 to 167, and the time cost of MuNet increase from 87 to
130. As a result, MuNet is 37 minutes faster S;_Adaptation. Similarly, we add the Sq
stream. The time cost of S;_Adaptation increase from 167 to 248, and the time cost of
MuN et increase from 130 to 176. MuNet is 72 minutes faster S;_Adaptation. When
the number of data streams increases to 10, it can be seen that the MuNet already has a
huge time advantage, which is almost 2.5 times faster than S;_Adaptation. Clearly, the

time cost difference between S;_Adaptation and MuN et will be increasing greatly when
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more streams are included, indicating our MuNet is an efficient prediction method for

multiple data streams with concurrent drift.

3.5 Summary

This chapter addresses the problem of concurrent concept drift in multiple streams with
considering the correlations between data streams. An efficient method called MuNet is
designed to predict multiple streams. MuNet, one of the streams is randomly assigned
as the base stream, predictors are retrained periodically for the base stream while the
predicted value of other streams are corrected by an online learned Bayesian neural
network called BNN-connector. As it takes less time to online learn BNN-connector
than retraining predictor, MuNet is able to predict multiple data streams with less
computational cost as well as ensuring the prediction accuracy. We validated MuNet on
a real-world weather forecast dataset. The experimental results show that our method
can efficiently save computational cost with high accuracy compared to traditional drift

handling techniques for the single data stream.
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CHAPTER

MULTI-STREAM CONCEPT DRIFT SELF-ADAPTATION

USING GRAPH NEURAL NETWORK

4.1 Introduction

The explosion in the number of data sources generates fast-evolving data streams which
have become one of the main data forms in current daily life [105]. Concept drift is a
ubiquitous phenomenon in streaming scenarios. It refers to changes of data distribution
in the data stream over time [106]. For example, a traffic accident causes distribution
changes of traffic speed; topic changes cause distribution changes of the text in the media
stream. Concept drift brings challenges to traditional machine learning algorithms as
these algorithms assume the upcoming data has the same distribution as the historical
data [107]. Such static learning algorithms will be invalid in this dynamically changing
environment. When drift occurs, the learned model based on historical data cannot adapt
to new data distribution and the prediction results will no longer be reliable[4].
Concept drift adaptation is to handle the concept drift problem and there are two

main categories: informed and blind adaptation[53]. The informed adaptation, when to
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update the predictor is determined by the feedback from a drift detection module[46]. For
example, [108] use a sliding window to detect the drift and the predictor is updated when
drift is detected. For blind methods, regardless of whether drift occurs, the model will be
updated according to pre-designed rules, such as incremental learning-based adaptation

methods [109, 110].

So far, most existing adaptation methods are designed for single data stream [111]. In
practice, however, multi-stream is more common in most real scenarios [19]. If we treat
each stream in multi-stream independently and simply apply the adaptation methods
for single stream on them separately, the correlation between streams would be ignored
[112]. As a result, the prediction results are less appropriate to support data-driven

decision-making for multiple correlated streams.

Multi-stream environments have complex drift situations due to latent correlations
between streams. With the consideration of possible concept drift issues in multi-stream,
the correlation between data streams is more complex as well [113]. For example, when
drift occurs on a data stream, other streams may soon or have faced a similar drift
problem, namely, drifts may appear in multiple streams simultaneously or with a delay
[79]. This is called a drift correlation between streams [111]. Constructing a drift adap-
tation framework for multiple correlated and drift-correlated streams has become a new
challenge in the concept drift field. Several researchers have proposed some solutions
[114]. For example, [115] proposes an adaptive framework for multi-stream classification,
which sets the drift detection module on the source stream to update the classifier of the
target stream. There is a similar stream setting in [116, 117]. The work in [111] focuses
on the concurrent drift problem in multi-stream and proposes the MuNet framework

which builds Bayes-based connectors between streams.

Current studies in multi-stream still have many deficiencies. First, some of them

assume a source and target stream in their setting [116, 117]. However, in most cases,
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there are no explicit source and target streams in real-world multi-stream. As a result,
these methods are less applicable in large-scale multi-stream environments. Besides,
current methods do not consider stream dependencies in-depth, or they only consider

specific drift types.

To fill those gaps, we propose a self-adaptation learning framework for multi-stream
using graph neural network (GNN), named SAGN. SAGN can handle different types
of drift in multi-stream. It does not require the pre-knowledge of which streams are
source or target. In SAGN, the dependencies between streams are presented in a graph
structure by introducing GNN. GNN is well-known for deeply mining the correlations and
dependencies among multiple nodes in the graph structure [118], but it is not originally
designed to overcome the concept drift problem. To solve this issue, we reconsider the
learning procedure of GNN-based methods from the aspect of concept drift adaptation. We
convert the original prediction task into online streaming data tasks in sub-graphs. Each
sub-graph handles concept drift that corresponds to an adaptation target locally. Globally,
the entire graph presents the correlation between streams. Therefore, SAGN can solve

the concept drift with considering the dependencies between streams.

To implement SAGN, we design an offline training stage and an online testing stage.
The offline training stage assumes a fixed batch of historical data is available to train
an initial model. In the online testing stage, new samples arrive one by one over time,
and we update the initial model when every new sample arrives. The offline training
uses historical data and Gumbel sampling to train an initial GNN. This GNN will be
continuously updated (via sub-graphs) to adapt concept drift in the online testing stage.
Instead of using one GNN, we choose the best GNN from a pool of GNNs. The GNN pool
is a collection of multiple well-performed GNNs. The best GNN at each update is selected

by testing with a dynamically updated validation set.

Our contributions are as follows:
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* We propose a multi-stream prediction setting that multiple streaming data, con-
taining multiple correlated streams, share the same time step. The correlation
in multi-stream contains the dependencies between streams and the correlation
between drifts. Compared to previous research, it does not need to assume the

source/target stream.

* We design an online adaptation strategy for the GNN to handle different types
of concept drift which is implemented locally in sub-graphs. An advantage of this
design is that globally it maintains the correlation in multi-stream. The proposed
dynamic validation set and GNN pool rolling mechanism are to work in tandem to

achieve this process.

¢ We propose SAGN, a multi-stream concept drift self-adaptation framework using
GNN. SAGN can overcome the concept drift problem in multi-stream with preserv-
ing the correlation between streams. Compared to existing methods, it is more

applicable for large-scale multi-stream environments.

* We tested SAGN comprehensively on synthetic and real-world, drift or non-drift
data. The experiment results provide a useful guide for future applications or

future studies in this area.

The work described in this chapter has been published in the IEEE-TKDE paper

"Multi-Stream Concept Drift Self-Adaptation Using Graph Neural Network".

4.2 Problem Statement

In this section, we first settle some important notations, definitions, and problem state-
ments in Section 4.2.1. Also, we introduce the Gumbel-Softmax Trick method in Section

4.2.2 as the preliminaries that are used in our SAGN.
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4.2.1 Problem Setting

In this section, the definitions and problem statement are introduced. We present a table

of some important notations in Table 4.1 for brevity.

Table 4.1: Summary of Notations

Notations Description
& ={2',---,2°) | A multi-stream contains s data streams.
2 ={T"',---, T4} | A data stream contains g time series.
T/ = {X{ } A time series in the data stream.
X/ The feature value of the time series.
tezZ* The time step.
P The probability distribution.
p The probability density function.
T A time period.
A The past window size.
n The prediction time steps.
4 The correlation graph structure of multi-stream.
H The predictor for multi-stream.

t l t
i pval gpte

The training, validation and testing sets.

P={H{lie[C]

The designed GNN pool with size C.

V’*

The designed dynamical validation set.

B,

The size of V*.

Definition 4.1 (Single Data Stream). A data stream is formulated by 2 = {T*, T?,---, T4},

and it contains g time series. For any j € [g], TV = {X{ [t =1,---,00} is one time series in the

stream &2, where Xi represents the feature value of the T4 in time step ¢t. TV € 9, j € [g]

is generated from distribution &?; with probability density function denoted as pt(X{ ).
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Remark 4. For example, consider a data stream generated by multiple sensors at a
weather monitoring station. The time series produced by different sensors in this data
stream share the same location information, and different time series represent different

monitoring features.

Definition 4.2 (Concept Drift in Single Data Stream [55]). Concept drift occurs in a

data stream 2, if 3¢ g that

Pt+1(D) # p(D), for ¢t =t 4i)
Pt+1(D) = p(D), for t € (tg(i)+.[i,tg(i+1))
where Vi, ¢ in—tg0>1,t€ Z* represents the time step, g’ represents the i** drifted

time point, and 1 <7; <t gi+D — g 18 specifically for the occurrence of incremental drift.

Remark 5. A data stream contains concept drift if the data distribution changes at
least once, namely {tgm} # @ that pi+1(D) # p(D), for t = 0N in addition, the changed
pattern is not ephemeral, but will last for a period (at least last for two time steps),
which is manifested by Vi, tgi+» —t g0 > 1. The pattern stays the same in this period that
Pt+1(D) = p(D), for te (tgmﬂi,tgmn); here 1; =1 when the drift occurs suddenly while

7; > 1 when the drift occurs incrementally in the period of (t g0+15t g0 +,i).

Suppose T ’ € 9 is the target series, the prediction task for & refers to the prediction
for T ’. For example, there are many feature series in a weather station that presents
a data stream, if the ’humidity’ series is the target series, the prediction task for this
stream refers to the prediction for the ’humidity’ series.

Learning Aim at ¢-step for Single Data Stream: Let 2 = {T!,T2,--- T4} as a
data stream, le = {X{I |t =1,---,00} as the target series. To obtain the prediction values
of the next n time steps, the learning aim is to build a predictor H; for p;(2) using the

values in the past window of A steps, which can be denoted as

H; = argmin ¢ (h(D¢-p+1:4), Dr+1:640| D € pt (D)),
hedt
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where .7 is the hypothesis set, £:R! x Rl — R, is the loss function used to measure the

magnitude of the error.

Definition 4.3 (Multi-Stream). Multi-stream is a collection of multiple single data
streams, and can be formulated by . = {21,272, ,2%}. Every stream 2° = {T'"!, T2, .. , T&s}
in . contains several time series. Each T denotes one feature series, and there are g

different features in total.

Remark 6. Handling multi-stream problem is a big challenge. We propose to solve a
multi-stream problem by each of the target features in the stream. Specifically, in this
research, we assume that all streams in . contain the same features. This scenario is
common in real applications. For example, many meteorological monitoring stations
are set up in different city areas, where each station monitors multiple meteorological

indicators (humidity, wind speed, temperature, etc.).

Definition 4.4 (The Correlation in Multi-Stream). The correlation in multi-stream
includes the correlation between streams and a drift correlation that the occurrence
of drift in one stream is related to the occurrence of drift in another stream. We use
%4rue to denote the correlation in multi-stream. For example, in a weather multi-stream,
nearby weather stations share similar weather patterns. A sudden change of weather,
for example, bushfire, will first lead to the drift of "humidity" in bushfire stations, and

then other nearby stations will face a similar drift problem later.

Remark 7. In most practical situations, it is hard for us to obtain 4;,,.. Because it is
never known in advance when drift occurs and how severe it will be. In addition, Gy
may also change over time rather than maintaining a fixed structure. Therefore, we need

to estimate YGyrye during the learning procedure in multi-stream.

Definition 4.5 (Concept Drift in Multi-Stream). Let & = {21,22,-.. 2%} is a multi-

stream. A multi-stream . has concept drift if any data stream in .%¥ has concept drift.
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Definition 4.6 (Concept Drift Correlation in Multi-stream). Given 2%,2" € ¥ (where
u #v), p* and pY are the probability density function for stream 2% and 2", respectively.
The drift correlation has two cases, concurrent drift and delayed drift.

A concurrent drift occurs if 3¢ o) that

Pt #P{ Pl # Py for t =t
p?+1 = pl;’p?+1 =p; forte (tg(i)+ri’tg(i+1))

A delayed drift occurs if 3t ,o), 3t 4 and i # j that

gU

pZH ;dép;‘fi,p't’jJr1 ;ép;’j, for ¢; =t 0,85 =140

A

u _ u v _ v
Pyi+1=P;sP 1= Pt fort; € (tga)ﬂi,tgmn) ,

tj€ (tg(j)+Tj,tg(j+1))

Learning Error in Multi-stream over Time

100 -
Da
O 4
100 A
o Wwwm
0 .
100 -
Dc W
O T T T T T
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Figure 4.1: An example of concept drift correlation in multi-stream. Concurrent drift
occurs in 2 and 2° (¢ = 250), and delayed drift occurs in 2°¢ (¢ = 280).

Remark 8. Concurrent drift means drifts occur in two or more streams in the multi-
stream at the same time. If drifts occur with a time difference, this situation refers to
delayed drift. We use the learning error of static predictors to explicitly represent two cases.

When drift occurs, the error rates increase significantly due to the inability of the static
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predictors to adapt to the new data distribution. As shown in Fig. 4.1, Clearly, concurrent

drift occurs in 2%, 2° at ¢ = 250 while delayed drift occurs in @° at t = 280.

Remark 9. It should also be noticed that the correlation in multi-stream %, may
change over time because of the occurrence of concept drift. For example, as shown in
Fig. 4.2, the nodes & 1 92 93 9* and 2° represent five data streams in multi-stream
separately and the edges in the graph structure represent correlations between two streams.
It can be seen that the correlation remains stable globally, but if drift occurs in one of
these streams at t step, such as @*, this drift may bring about changes in correlation

locally, corresponding to changes in sub-graphs at t + 1 step.

\ N
| N
D? D’ \ /‘
\
\ — + P /
D4 D4 A/
D’ t D’ t+1

Figure 4.2: Correlation in multi-stream changes locally from ¢ to £+1 due to the occurrence
of concept drift.

Problem 1 (Learning for Multi-Stream at ¢-step with known %;,,.). To obtain the
prediction values of the next 1 time steps, the learning aim is to build a predictor H; for
p: () using the values in the past window of A steps. The learning process is based on
the correlation 9y of the multi-stream &, which can be denoted as

H; =argmin ¢ (h (5pt—A+1:t;(gtrue)75pt+1:t+n)
heA

Remark 10. According to Problem 1, the learning objective in a multi-stream setting is

to construct the predictor at each time point under the correlation in streams.
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If we use single-stream concept drift adaptation methods for the learning in multi-
stream directly. Namely, we consider each stream separately and apply single-stream
adaptation method one by one. The correlation 4;,. in multi-stream will be ignored.
Besides, to obtain the prediction of s target features, we need to build s predictors for each
separately. In this situation, Problem 1 is degenerated to

Hj = azig?sn 4 (hs (Di-p+14) ?D§+1:t+n) :

Problem 1 represents an idealistic situation that %;,,. is known in advance. However,
%;rue 18 not available in most real cases. Therefore we propose to learn a correlation
graph structure ¥%; to estimate ¥;,,.. ¥; is learned from the historical data to represent
the correlation of the multi-stream . ¥; will be continuously updated during the
learning process. With considering the %;, the learning task has been changed, and the
adaptation methods for single-stream are no longer applicable in this setting. To cover

such a situation, we propose Problem 2.

Problem 2 (Learning for Multi-Stream at ¢-step with unknown %;,.,,.). The learning aim
for multi-stream at t-step with unknown %;,,. is to learn a correlation graph structure 4;

and a predictor H; for p; (). The learning process is formalized as

(4.1) H,;,%; = argmin ¢ (h(F-p+1:6,G1-1) s Frs1:04n) -
hes,4

9, is updated from 9;_1 with every newly arrived sample in the online testing stage
(Section 4.3.2). 9 is initialized on historical data using the Gumbel-Softmax trick (Section

4.2.2).

4.2.2 Gumbel-Softmax Trick

Although some methods [88, 95] are proposed to partially or completely avoid using the

pre-defined graph, most of them still cannot achieve a high level of prediction accuracy
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without any pre-defined graph information. To calculate the correlation graph structure
of multi-stream without using the pre-defined graph completely, we use the Gumbel-
Softmax trick [119, 120] to learn a sampled graph structure based on the historical data.

This subsection will introduce this technique in detail.

In a discrete data space, whether a dimension is selected or not depends on whether
the cumulative weight on that dimension is the maximum. In a multi-dimensional vector
Q=lay,as,as,...a;l,i € [N], whether a dimension is selected depends on whether the
weight of that dimension is maximum. However, difficulties remain between converting

the vectors into a probability-based representation and retaining computable gradients.

Normalizing a multi-dimensional vector by connecting a softmax function is a common
way of dealing with this type of problem. By connecting the softmax function, the multi-
dimensional vector can be normalized and the gradient calculation can be realized, but
more probability information is lost. Sampling according to the probability distribution
cannot perform the gradient calculation to update the network parameters. The Gumbel-
Softmax technique is proposed to overcome the inability to apply the reparameterization
technique to discrete data, and two results have been argued: 1) The discrete distributions
can be parameterized by the Gumbel distribution; 2) The function corresponding to the
Gumbel distribution can be continuous, benefiting from the continuous approximation
property of the temperature parameter 6. When 6 is reduced to zero, it can represent

discontinuous expressions of the original distribution.

To make a discrete probability distribution meaningful rather than simply taking the
value with the highest probability, and to be able to compute the gradient. The Gumbel

trick is processed as follows:

First, perturbed Gumbel noises based on uniform distribution are generated which
correspond to N dimensional vectors Q. {Gum;};<n, the i.i.d sequence of standard

Gumbel random variables can be calculated by the following equation:
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(4.2) Gum; = —log(—log(U;)),U; ~U(0,1).

Then the discrete random variable Q will be transformed as follows:

(4.3) Q =[logaj + Gumy,...loga; + Gum;l,i € [N]

This means each dimension of the original vector adds the corresponding Gum;
to get the new vector Q'. To scale discrete random variables to achieve continuity, a
softmax map indexed by a temperature parameter is introduced, therefore the concrete

distribution 05(&2;) can be defined as:

o;le
SRS

(4.4) 05(Q) = e

N
/ Z e
=1
where 0 represents the temperature parameter, Q'i represents the i-th dimensional

vector of Q.

4.3 Methodology

In this section, our proposed method SAGN is introduced in detail. Fig. 4.3 provides
an overview of the SAGN framework. The algorithm is divided into two stages: offline
training and online testing. In the offline training stage, feature extraction is performed
on the historical data and the Gumbel-Softmax trick is used to initialize the correlation
graph structure %, for multi-stream .#. After this, the ¥ is embedded into the diffusion
convolutional gated recurrent unit networks with a sequence-to-sequence structure.
During the GNN training, multiple well-performed GNNSs are stored to initialize the

GNN pool. In the online testing stage, we design a dynamic online adaptation technique
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Build Mapping Based on Historical Data: S,_,,,., = S, o

Multi-stream S Feature Extraction Sampled Graph

O —

Offline Training

Sub-graph Updating

Current Best GNN ~atl S
o Select the Best GNN C
— | H | —— e —

" e Dynamic Validation Set * yC
Online Testing Y Error-based on J/ Case 2: Drop Hf Reselect Model H|, Continue Testing

Figure 4.3: Overview of the SAGN framework. SAGN is divided into two stages. The
offline stage extracts the feature and initializes a sampled graph structure that contains
correlation in multi-stream .. The online stage use arriving new samples to update sub-
graphs to adapt to unknown concept drift. The dynamic GNN pool rolling mechanism is
designed for reselecting the best GNN in a certain cycle, and GNNs stored are revalidated
periodically on the proposed dynamic validation set over time.

to handle the concept drift problem. Specifically, the global correlation %; of the multi-
stream . is still preserved well and sub-graphs are updated by new samples to adapt
to drift. Besides, we design a dynamically updated validation set and a GNN pool
rolling mechanism to reselect the optimal GNN periodically to ensure stable prediction

performance.

4.3.1 Initialization (Offline Training)

In this section, we will give the details of offline training. We first initialize a sampled
correlation graph structure % using Gumbel-Softmax trick for multi-stream .. After

that, ¢, will be embedded into GNN training and a GNN pool will be initialized.

4.3.1.1 Initialization of the Correlation Graph Structure

Most existing GNN-based methods use pre-defined graphs (usually containing the lo-
cation information of sensors) of the data set as the basis for constructing the graph

topology. Considering that pre-graphs of real-world data sets may not be available, we
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construct the correlation graph structure based on historical data of multi-stream as the
initialization.

First, We use the feature extraction network F,;. on multi-stream . to extract his-
torical feature structure F,;.(*) and reduce dimension. The feature extraction network
F,;. consists of two convolutional layers, two normalization layers, and a fully connected
layer [96].

After the calculation of F;., the data streams are combined in vector pairs, and the
strength of the correlation between two streams is defined by probability g« gv) €[0,1].
The pairwise combination of vectors is obtained by concatenation and computation of two
fully connected layers. The Gumbel-Soft trick is applied here to calculate the sampled
graph structure on every two streams u and v: G (g« gvy, which is based on the discrete

probability variable pgu gvy (see Eq. (4.2), (4.3) and (4.4)):

log(%)+((}umu ~Gum,)
5

(4.5) G gvy = sof tmax( )

Let %y = [9,vlsxs,u,v € [s] denoted as initialized correlation graph structure, where
YGuv = G (gu gvy (corresponding to Step 3 in Algorithm 1). It can be seen as the initialization
correlation graph structure of multi-stream . and would be embedded in the GNN

training process.

4.3.1.2 Initialization of the GNN Pool

The sequence-to-sequence model [121], which has an encoder-decoder structure is applied
to build the mapping relationship between .4 a1 and .#;,1.t+, during GNN training
process. The initialization correlation graph structure % is embedded in the recurrent
convolutional framework to handle all streams simultaneously.

The hidden state of the sequence-to-sequence model updates from ®;«_; — ©;+ at each

time step t*. The values of .%;+ in the defined window size A are the input. Specifically,
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the encoder part performs updates recurrently: t —A+1— ¢ and ends with ;- as the
representation of .%;«. Correspondingly, the O+ is used for the initialization of the decoder.
The hidden state performs the recurrent updates of each next i time steps in the future:
t+1—t + 7.

We use the Diffusion Convolutional Gated Recurrent Unit defined in [86] and the
concatenation method for the graph structure and hidden statements in [96] to collab-
oratively complete GNN training process (corresponding to Steps 4 to 7 in Algorithm
1):

res =sigmoid(Wy xg, [+ || Op—_1]1+ f),
q¢ =tanh(W, xg, [F« || (rp © Op_1]1+ fy),

ct =sigmoid(We *q, [F+ || Op_1]1+ o),

®t* = Cy* ®®t*—1+(1—0t*)®CIt*

where *% represents the graph diffusion convolution and can be defined as:

K

_ k — k

Ak Wi=) (wy (Mg 40)" +wy o (M7 4"))A
k=0

where r;+ and q;+ are the reset gate and update gate at time step ¢*, and My and M7y
are the out-degree and in-degree matrix. Wy for A =r,q,c are the model parameters for
the corresponding filters, and diffusion degree % is a hyperparameter. Mean absolute
error (MAE) between the 1 prediction values and ground truth per A is used as the loss
function of the training process.

The GNN training will iterate many times according to pre-setting, and the latest
well-performed GNNs are stored to initialize the GNN pool: P = {H i(-;‘g i,@é)li e [C]}. Cﬁé
are updated from the GNN training process (corresponding to Step 8 in Algorithm 1). In
this chapter, we store 20 GNNs in P. The scale of the GNN pool can be flexibly adjusted

according to the actual hardware environment and the update speed of the multi-stream.
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During the calculation of the graph convolution, both correlations and spatiotemporal
dependencies of different streams are both taken into account. In addition, compared
to only using the best GNN, the GNN pool can preserve richer historical data of multi-

stream.

4.3.2 Dynamic Online Self-Adaptation (Online Testing)

In this section, we will give the details of online testing. The dynamically updated valida-
tion set and GNN pool rolling mechanism are proposed to work in tandem to achieve the
dynamic self-adaptation process. Globally the correlation structure is maintained well

and sub-graphs will be updated by new arriving samples locally to adapt to concept drift.

4.3.2.1 Dynamically Updated Validation Set

The GNNs stored in P represent the historical data information of multi-stream S. But
these GNNs cannot adapt to concept drift in future time steps directly. So we design the
dynamic self-adaptation in the online testing stage, the adaptation process is performed
by updating sub-graphs using new samples. To maintain the prediction performance of
the framework, we will reselect the Best GNN from P periodically.

Therefore revalidating the performance of GNNs is necessary. In SAGN, we design
a dynamically updated validation set V* with size B, on the test set to achieve it.
V* is updated with new samples over time (corresponding to Step 9 in Algorithm 1).
Specifically, Once the count of arriving new samples achieves B,, the validation process
will start. Multiple GNNs in P and the current updated GNN will be validated on the
current V* (corresponding to Step 16 in Algorithm 1). And the best GNN will be used to
process the prediction task for coming samples in the next time steps. The setting of B,
depends on the data set characteristics. For example, if the data set has a slow change

cycle, we can set it to a larger size. When it is used for a multi-stream that may change
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rapidly, we appropriately reduce its size to ensure that the update cycle is maintained
within the optimal learning period for the new data distribution.

The proposed dynamically updated validation set can ensure that the current GNN
matches the latest data distribution, and the SAGN is able to maintain high-precision

prediction performance for a long time.

4.3.2.2 Dynamic GNN Pool Rolling Mechanism

The updates for sub-graphs in SAGN are designed to adapt to concept drift, but some-
times erroneous updates are inevitable. To solve this problem, we design a GNN pool
rolling mechanism to avoid this problem.

Specifically, suppose H f is the best GNN in P, the online testing will start with H f
to predict the values of the next n time steps on the test set continuously. When the
ground truth values of new samples are obtained, we use these values to update the
sub-graphs of Cﬁtc_ | to adapt to the unknown concept drift, and the GNN is also updated:
H tC —H tC ,Cgtc_ 1= Cﬁtc (corresponding to Step 11 to 14 in Algorithm 1). Therefore the
GNN can learn and adapt to the drift. When the count of new sample arrival reaches
B,, the first dynamic validation set V1* is generated automatically based on these new
samples. Then, the loss values of all GNNs in P and H tC are validated on V;*. If H tc
still reach the best performance on Vi*, H tC replaces H tC , and P is updated. If not, for
example, H tl performs best on V;*, the current updated GNN H tC will be dropped. P
would stay and H tl is the prediction model in the next stage (corresponding to Step 16 in
Algorithm 1). The rolling period of the mechanism depends on the size of B,.

A stable prediction performance is guaranteed in this dynamic model selection and
validation mechanism. Also, this enables SAGN to avoid performance degradation caused
by erroneous updates.

The pseudo-code of SAGN is shown in Algorithm 1. Steps 1 to 8 are about the offline

training stage. First, we set several pre-settings for initialization. Then, the training
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process is performed after splitting the data set. Step 3 initializes the correlation graph
structure %,. Steps 4 to 7 show the GNN iterative training process. The GNN pool is
initialized with multiple well-performed GNNSs as alternative models to the prediction
task in the online self-adaptation stage in Step 8. Meanwhile, ¥ is updated to éﬁt‘ for
these GNNs.

The dynamic self-adaptation process starts from Step 9. The prediction task is started
from H f and the updating for sub-graphs is performed simultaneously in Steps 10 to 14.
When every dynamic validation set is generated, current GNNs in the pool will be revali-
dated and reselected again in Steps 15 to 17. This dynamic GNN pool rolling mechanism
runs through the whole online testing stage. The overview of SAGN framework can be

seen in the Fig. 4.3.

4.4 Experiments

In this section, we performed extensive experiments to demonstrate that the proposed
SAGN outperforms existing prediction frameworks, including traditional methods, the
adaptation method, and GNN-based methods in most cases. Furthermore, we construct
synthetic data sets to demonstrate that SAGN can learn and adapt when severe drift
occurs in multi-stream.

We first give details of three real-world data sets. The experiment settings, compara-

tive baselines, and experiment results are also given in the corresponding subsection.

4.4.1 Data Sets

Three real-world large-scale benchmark data sets are used for our experiments, and the
summary information of data sets is shown in Table 4.2.
(1)METR-LA: This is a traffic information data set that was collected from the loop

detection sensors in highways in Los Angeles Country[123]. Four months of speed data
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Algorithm 1 SAGN

1: Input Multi-stream ., the window size of historical sequence for all streams A, the prediction time steps for

coming samples 7, training learning rate LR and epoch @ 44, online self-adaptation learning rate Ir and epoch Q'max,
the temperature for Gumbel sampling §, loss function (MAE is selected) and optimization algorithm (Adam algorithm
[122] is selected);

2: Split we divide the whole multi-stream data set into training %", validation .#¥® and test #¢ sets along the

timeline, B; is the batch size for %", B, is the size of the dynamic validation set V*;
3: Initial ©(, ¥ (see Eq.(4.5), P =9

for @ =1,2,...,Qmaex do // Offline training based on historical data

4: Fetch training data from " with batch size By;

5: Calculate L = loss(H? | ( 590,90) Fir );

-A+1:t"” t'+1:¢'+n

6: Update %;,00 = Adam(L);

7: Calculate the loss on V% Lg= loss(H® (yU“lAJrl t,,%o,go) Svall i ) and save the model HY;

end

8: Initialize GNN Pool . .
select C well-performed GNNs from {H1,HZ,... ,H%max} and initialize the GNN pool: P = {Hi(~;‘£’,@6)|i e [CD.
Suppose H' f is the best one;

for new samples in % arrive in each time step, t =1,2,3,... do // Online testing and adaptation
9: Generate Dynamic Validation Set new samples are stored in V* temporarily and its size up to By;
10: Online PredictionH¢ h (H’t Adl: t,ggl,Qf_l) Sf:le ) // Give online prediction results
if > 1 then
true .
11: Obtain ground truth: S A
for @ =1,2,...Q,4, do // Sub-graphs updating
12: Calculate L :loss(I-AItC [SgeAt 1,‘5t l,G)C ) S??i% NE
13: Update ¥C |,0C | = Adam(L), HS;
end
end

14: Update % =¢C

C _ gC.
iy B =H;

end
if the size of V* reaches B, then

15 Caleulate  L; = loss(H}(V}

C *
ZOSS(H ( 3G, 1’® )’Vt+1t+n)

AINRPEL /NI ]’th—l t4n) i e [0k Le =

t—-A+1:t’

16: Validate and reselect the GNN

if LAC <argmin{Lj,Lg,..L¢} then // Dynamic model selection
ielC]

H tC is selected for the prediction GNN in the next stage;
H? = I:If, update the GNN pool P;

else
drop: H ¢ ;
select he model H ; corresponding to argmin{Lj,Lg,..L} as the prediction GNN for the next stage;

i€[C]
end

17: reset V*
end
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Table 4.2: Summary Statistics of Data sets

Data set Nodes Samples Sample Rate
METR-LA 207 34272 5min
PEMS-BAY 325 52116 5min
WEATHER (psur) 10 29639 1h
WEATHER (¢2m) 10 29639 1h

streams (Mar 31,; 2012 - Jun 305; 2012) generated by 207 sensors.

(2)PEMS-BAY: This is a traffic data set collected by the California Transportation
Agencies (CalTrans) Performance Measurement System [124]. Six months of speed data

streams (Jan 1,; 2017 - May 31,; 2017) generated by 325 sensors.

(3)WEATHER FORECASTING: This is a publicly available dataset compiled from
weather stations in Beijing, China [125]. In the remainder of this chapter, it is abbre-
viated as WEATHER. This data set comprises hourly weather data from ten weather
stations (from Jan 15; 2015 - May 31,; 2018, which is 1188 days in total). It comprises
weather monitoring features from 3 : 00 intraday to 15 : 00 the next day. Each weather sta-
tion has the same weather monitoring features. We selected two weather features psur
and g2m for the experiments. They represent the surface air pressure (unit,NE) and the

specific humidity at a height of two meters above the ground (unit g/kg), respectively.

The same data pre-processing procedure as in [86] is performed for METR-LA and
PEMS-BAY data sets. For WEATHER, the data preprocessing is performed by removing
the overlapping parts on the timeline, and the missing values are replaced by the mean
of the preceding and following time steps. We apply Z-Score normalization to all inputs.
For METR-LA and PEMS-BAY, 70% of the data is used for training, 10% is used for
validation, and the remaining 20% is used for testing. For WEATHER, 40% of the data is
used for training, 10% is used for validation, and the remaining 50% is used for testing.
The training and validation batch size is 64 for all data sets, and we simulate the online

multi-stream environment in the form of samples arriving sequentially at a single time
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step.

4.4.2 Experiment Settings

4.4.2.1 Baseline Methods

Since the current research on multi-stream concept drift is still not well solved in the field,
the aim of this chapter is to develop a solution to handle it. Some existing GNN-based
methods are chosen for comparison because our study reconsiders the learning procedure
of GNN-based predictors from an aspect of concept drift adaptation for multi-stream.
In addition, some traditional models based on statistics and the adaptation method

designed for multi-stream are considered accordingly:

* Traditional non-deep learning methods:
(1)HA: Historical Average, which achieves the prediction task using the weighted
average of historical data;
(2J ARIMA,,;: Auto-Regressive Integrated Moving Average model with the Kalman
filter;
(3)VAR: Vector Auto-Regression;
(4)SVR: Support Vector Regression, which uses a linear support vector to achieve

the regression.

* Traditional deep learning methods:
(1)FNN: Feedforward Neural Network, which includes two hidden layers and L2
regularization,;
(2)FC-LSTM: Fully Connected LSTM, which means the recurrent neural network

is connected to the LSTM hidden units.

® Multi-stream adaptation method:

(1)MuNet [111]: A Bayesian neural network-based multi-stream adaptation frame-
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work. Due to the limitation of the connector on the expansion performance, the
algorithm can only be effective for the concurrent drift problem in multi-stream
with a small data scale. For the fairness of comparison, we put SAGN and MuNet
in the same experiment setting to compare. Specifically, we choose the same ten
streams from METR-LA and PEMS-BAY data sets separately for these two adapta-

tion methods (we use SAGN (10) and MuNet (10) to represent them).

* GNN-based methods:
(1)Graph-WaveNet [88]: Graph WaveNet learns an adaptive dependency matrix
through node embedding, combining graph convolution and spatiotemporal convo-
lution to capture the temporal and spatial dependencies ;
(2DGCRN [91]: Dynamic Graph Convolutional Recurrent Network integrates
dynamic graphs generated by dynamic filters at each time step and pre-defined
graphs into a dynamic convolutional recurrent network to perform the prediction
task;
(3)ASTGCN [90]: Attention-based Spatial-Temporal Graph Convolution Networks
design the spatial-temporal attention mechanism to synergistic graph convolution
for weighted fusion of temporal and spatial features;
(4)AGCRN [95]: Adaptive Graph Convolutional Recurrent Network designs two
adaptive blocks of node adaptive learning and data adaptive graph to automatically
infer the dependencies between streams;
(5)DCRNN [86]: Diffusion Convolutional Recurrent Neural Network are designed
for performing the graph convolution;
(6)GTS [96]: Graph for Time Series designs the discrete graph learning structure

to capture the dependencies between streams.
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Table 4.3: The performance comparison between SAGN and the baseline methods on
real-world data sets

METR-LA \ Horizon 3 \ Horizon 6 \ Horizon 12
Methods | Metrics | MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE
HA 4.16 7.80 13.00% 4.16 7.80 13.00% 4.16 7.80 13.00%
ARIMA 3.99 8.21 9.60% 5.15 10.45 12.70% 6.90 13.23 17.40%
VAR 4.42 7.89 10.20% 5.41 9.13 12.70% 6.52 10.11 15.80%
SVR 3.99 8.45 9.30% 5.05 10.87 12.10% 6.72 13.76 16.70%
FNN 3.99 7.94 9.90% 4.23 8.17 12.90% 4.49 8.69 14.00%
FC-LSTM 3.44 6.30 9.60% 3.77 7.23 10.90% 4.37 8.69 13.20%
Graph-WaveNet 2.69 5.15 6.90% 3.07 6.22 8.37% 3.53 7.37 10.10%
DGCRN 2.62 5.01 6.63% 2.99 6.05 8.02% 3.44 7.19 9.73%
ASTGCN 4.86 9.27 9.21% 5.43 10.61 10.13% 6.51 12.52 11.64%
AGCRN 2.87 5.58 7.70% 3.23 6.58 9.00% 3.62 7.51 10.38%
DCRNN 2.77 5.38 7.30% 3.15 6.45 8.80% 3.60 7.59 10.50%
GTS 2.64 4.95 6.80% 3.01 5.85 8.20% 3.41 6.74 9.90%
MuNet (10) 10.02 10.02 15.73% 10.06 10.06 15.79% 10.13 10.13 15.97%
SAGN (10) 2.56 3.98 6.60% 2.95 4.71 7.92% 3.50 5.67 9.69%
SAGN 2.46 441 6.41% | 2.79 5.15 7.64% | 3.16 5.91 9.10%
PEMS-BAY \ Horizon 3 \ Horizon 6 \ Horizon 12
Methods | Metrics | MAE | RMSE | MAPE | MAE | RMSE | MAPE | MAE | RMSE | MAPE
HA 2.88 5.59 6.80% 2.88 5.59 6.80% 2.88 5.59 6.80%
ARIMA 1.62 3.30 3.50% 2.33 4.76 5.40% 3.38 6.50 8.30%
VAR 1.74 3.16 3.60% 2.32 4.25 5.00% 2.93 5.44 6.50%
SVR 1.85 3.59 3.80% 2.48 5.18 5.50% 3.28 7.08 8.00%
FNN 2.20 4.42 5.19% 2.30 4.63 5.43% 2.46 4.98 5.89%
FC-LSTM 2.05 4.19 4.80% 2.20 4.55 5.20% 2.37 4.96 5.70%
Graph-WaveNet 1.30 2.74 2.73% 1.63 3.70 3.67% 1.95 4.52 4.63%
DGCRN 1.28 2.69 2.66% 1.59 3.63 3.55% 1.89 4.42 4.43%
ASTGCN 1.52 3.13 3.22% 2.01 4.27 4.48% 2.61 5.42 6.00%
AGCRN 1.37 2.87 2.94% 1.69 3.85 3.87% 1.96 4.54 4.64%
DCRNN 1.38 2.95 2.90% 1.74 3.97 3.90% 2.07 4,74 4.90%
GTS 1.32 2.62 2.80% 1.64 3.41 3.60% 1.91 3.97 4.40%
MuNet (10) 5.26 5.26 18.36% 5.31 5.31 18.46% 5.46 5.46 18.71%
SAGN (10) 1.58 2.43 3.77% 2.08 3.30 5.36% 2.55 4.06 6.93%
SAGN 1.30 2.43 2.75% | 1.60 3.11 3.61% | 1.85 3.61 4.37%
WEATHER (psur) | Horizon 3 | Horizon 6 | Horizon 12
Methods | Metrics | MAE | RMSE | MAPE | MAE | RMSE | MAPE | MAE | RMSE | MAPE
HA 28.52 39.96 3.00% 28.52 39.96 3.00% 28.52 39.96 3.00%
ARIMA 2.16 2.16 0.22% 2.91 2.91 0.29% 4.30 4.30 0.43%
VAR 1.56 4.60 0.16% 2.30 5.36 0.23% 3.09 6.02 0.31%
SVR 1.62 5.21 0.16% 2.57 6.29 0.26% 3.58 7.21 0.36%
FNN 5.16 7.27 0.53% 5.94 8.10 0.60% 6.98 9.15 0.70%
FC-LSTM 2.06 5.00 0.21% 2.86 5.80 0.29% 3.71 6.54 0.38%
Graph-WaveNet 1.00 4.80 0.10% 1.44 5.13 0.15% 2.25 5.57 0.23%
DGCRN 0.94 4.33 0.10% 1.56 5.09 0.16% 2.71 6.11 0.28%
ASTGCN 1.52 4.50 0.14% 2.15 5.32 0.22% 2.90 5.94 0.30%
AGCRN 1.03 4.77 0.11% 1.48 5.11 0.15% 2.31 5.60 0.24%
DCRNN 1.06 4.81 0.11% 1.51 5.23 0.16% 2.37 5.24 0.24%
GTS 1.04 2.86 0.11% 1.55 3.39 0.16% 2.49 4.30 0.25%
MuNet 3.42 3.42 0.35% 3.45 3.45 0.35% 3.58 3.58 0.36%
SAGN 0.96 1.29 0.10% | 1.43 1.79 0.15% | 2.29 2.67 0.23%
WEATHER (q2m) | Horizon 3 | Horizon 6 | Horizon 12
Methods | Metrics | MAE | RMSE | MAPE | MAE | RMSE | MAPE | MAE | RMSE | MAPE
HA 5.15 6.29 191.12% 5.15 6.29 191.12% 5.15 6.29 191.12%
ARIMA 0.13 0.13 12.66% 0.20 0.20 20.34% 0.25 0.25 24.09%
VAR 0.61 1.04 12.64% 0.86 1.34 18.84% 1.17 1.72 27.73%
SVR 0.25 0.58 13.32% 0.38 0.74 21.32% 0.53 0.89 32.70%
FNN 0.85 1.01 65.14% 1.00 1.18 79.11% 1.19 1.37 95.90%
FC-LSTM 0.30 0.58 19.28% 0.43 0.73 29.07% 0.59 0.88 42.29%
Graph-WaveNet 0.56 1.00 10.38% 0.79 1.30 15.30% 1.10 1.70 23.33%
DGCRN 0.56 1.01 10.89% 0.81 1.34 16.61% 1.17 1.79 25.83%
ASTGCN 0.61 1.02 13.39% 0.86 1.34 17.63% 1.16 1.72 25.11%
AGCRN 0.59 1.03 11.20% 0.82 1.33 16.13% 1.16 1.74 25.00%
DCRNN 0.59 1.03 11.20% 0.82 1.34 16.45% 1.16 1.77 24.98%
GTS 0.60 0.88 11.26% 0.84 1.17 16.47% 1.16 1.53 24.43%
MuNet 1.33 1.33 42.04% 1.35 1.35 42.55% 1.55 1.55 46.65%
SAGN 0.56 0.69 10.72% | 0.79 0.93 16.02% | 1.10 1.25 24.24%
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4.4.2.2 Settings

Platform. We use PyTorch 1.7.1 to implement the model. All experiments are run on
a server with the Nvidia Quadro RTX 8000 GPU (48GB). The CPU is Intel(R) Xeon(R)

Gold 6226R CPU @ 2.90GHz, and the total available memory of the server is 187GB.

Parameter Settings. The temperature parameter 6 of the Gumbel-Softmax trick is set
to 0.9. The Adam optimizer is selected to train the model. The initial learning rate is set
to 0.005 for METR-LA, WEATHER and all synthetic data sets, and 0.001 for PEMS-BAY.
The training epoch is set to 200. The initial learning rate was chosen according to the
complexity of each dataset, and an early stopping strategy was employed for iterative
training across all datasets. The online learning rate e for dynamic online self-adaptation
is set to 0.00001 for METR-LA, and 0.000005 for PEMS-BAY and WEATHER. The size
of the dynamic validation set (B,) is set to 144 for METR-LA, PEMS-BAY, and 24 for
WEATHER. The online learning epoch number is set to 3 for all data sets. Since the
dataset WEATHER does not have a pre-defined graph, therefore when comparing the
methods using pre-defined graphs, we use the nearest neighbor matrix calculated by
neighbors_graph in Python package sklearn instead of pre-defined graphs. The % is

set to 5. The size of the GNN pool is set to 20 for all data sets.

Evaluation Metrics. The predicted values are transformed back to the actual values
first and we compare them with the ground truth. Mean absolute error (MAE), mean
percentage absolute error (MAPE) and root mean square error (RMSE) are used for the
evaluation metrics for all experiments. To ensure the fairness of the comparison, the

results on all data sets are the average of five repeated times.
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4.4.3 Result Analysis

4.4.3.1 Overall Performance

Table 4.3 compares the performance of SAGN against all baseline methods on three
real-world data sets. SAGN achieves state-of-art prediction performance in most cases.
On the more commonly used traffic prediction datasets, the improvement is about 7% on
METR-LA, and about 3% on PEMS-BAY. Especially in multi-step prediction, SAGN has
obvious advantages. Since the vehicle speed recorded by the two traffic data sets shows a
periodic change from day to night, learning historical data is useful for the prediction
task. However, unexpected accidents on certain roads will cause drift to varying degrees
and ranges, and this drift information will not be able to be learned from historical data.
We also give the prediction results of the two weather indicators (pusr and ¢2m) in
the WEATHER data set. Compared to the above two traffic data sets, the weather data
presents a more regular change trend and fluctuation range. This is the reason why some
traditional regression prediction methods are still applicable. But despite this, SAGN’s
performance on the prediction tasks on the two weather indicators still exceeds most
methods. For comparison with the multi-steam adaptation method MulNet, SAGN can

also achieve great performance even on a small data scale.

4.4.3.2 Ablation Study

We construct synthetic data sets to demonstrate the self-adaptation effectiveness of
SAGN, especially for sudden drifts that diverge significantly from the original distribu-
tion [99]. We design two fundamental multi-stream data sets, % and .&°. In .#¢, there
is no correlation between streams, and there is a correlation between streams in ..
Based on this setting, we add different types of functions to simulate drift at a certain
time step ¢ on the two multi-streams, and the drift-inducing functions cover multiple

function types.
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The first-class multi-stream .#¢ is initialized by the function RegressionGenerator
in the Python package scikit — multiflow. There are ten streams in #“ and the sam-
ple number of all streams is 30,000. Ten streams have different parameter settings of
ramdom_state (from 0 to 9). To further distinguish the data streams, we add different de-
grees of offsets to all streams on this basis, with offsets of 20,40,70,60,15,45,57,82,26,33.
These offsets are set randomly and have no special meaning. The second-class multi-
stream .? is derived from the real-world data set PEMS-BAY. Specifically, the data
streams in PEMS-BAY are related to each other, so we transform on the part of PEMS-
BAY to construct &#°. We select the first 30,000 samples of ten streams in PEMS-BAY as
the initialization for #°.

The sudden drift starts at the time step of the 15001; sample in all streams of both
% and #°. Multiple drift function types are considered to ensure completeness of
the verification process, including linear, trigonometric, and polynomial functions. The

details of these functions are defined as follows:

S =5F* +50

(4.6) \ L =sin(6.7%) + 50
F oy = 0.01(F*)*? - 0.1(+*)* +0.5.7"

Each time step is separated by one hour for all synthetic data sets. Therefore, we

generate a total of eight synthetic multi-stream data sets according to the above settings.

Lspb

e, and S FP L FP -
po

a a a
They are 2, ., 2 ,.F Dol ndf? < lirr 7 tri’

ndf> lir T iriv The subscript ndf represents

that no drift function is added in the multi-stream. lir, ¢ri, and pol represent the
different drift functions (as shown in Eq. (4.6)).

The ablation study experiment settings are as follows. For all synthetic data sets, We
use 40% for training, 10% for validation, and the last 50% for testing. The learning rate

of the dynamic online self-adaptation is 0.005 for {Sﬂl‘? , 0.0005 for 2., ¢ pb b
ir tri pol lir pol

72



4.4. EXPERIMENTS

b b
0.00005 for &2, ., #2,, 0.000005 for S, .

for #? g and 24 for the others.
ndf

The size of the dynamic validation set is 144

The experiment results are shown in Table 4.4. We select the GTS method as the
baseline to compare in this part because it is the best-performance GNN model with-
out using any pre-defined graph information. It can be seen that the GTS maintains
good prediction performance when the multi-stream does not drift. But when the data
distribution changes drastically after a certain time step, it is difficult for the GTS to
adapt. Judging from the prediction results, GTS suffers severe performance slippage
in multi-stream with sudden drift, while SAGN is not affected very much. Precisely,
after building a correlation graph structure globally, SAGN maintains good prediction
performance by continuously updating sub-graphs with arriving new samples. SAGN is
able to learn the new data distribution after concept drift through a dynamic online

adaptation process.
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Figure 4.4: The adaptation performance comparison

In practical situations, the adaptation to sudden drift is particularly important,
especially for the pre-judgment of some important detection indicators. Rapid adaptation

means that it can quickly help decision-making and avoid major losses. To show the
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adaptation performance of the proposed SAGN more concretely, we draw the figure of
the MAE change when concept drift occurs on multi-stream. The comparison experiment
is tested on the synthetic data set /7. The results are shown in Fig. 4.4, SAGN can

quickly adapt to the new data distribution after about ten new samples arrive, while

GTS cannot.

Table 4.4: The performance comparison for SAGN and GTS under sudden drift

‘ Horizon 3 Horizon 6 Horizon 12

Data Sets|Methods| MAE RMSE| MAPE | MAE |RMSE| MAPE | MAE [RMSE| MAPE

a GTS 0.80 1.00 2.34% | 0.80 1.00 2.34% | 0.80 1.00 2.34%
ndf SAGN 0.80 0.97 2.35% |0.80 0.97 2.35% |0.80 0.97 2.35%

GTS 199.86218.02 81.97% (199.23 217.35 81.70% (199.31217.11 81.92%
a
Zlir SAGN 5.40 6.65 2.73% |5.40 6.64 2.73% |543 6.69 2.75%

GTS 547 6.98 1092% | 581 7.72 11.62% | 890 10.98 17.40%
a
Zri SAGN 0.67 0.76 1.34% |0.67 0.76 1.34% | 0.67 0.76 1.35%

. GTS 27.70 28.09 155.04%| 27.44 27.91 153.48%| 27.23 27.73 152.37%
yp"l SAGN 0.62 0.74 3.47% |0.62 0.73 3.46% | 0.62 0.74 3.49%

b GTS 9.00 16.56 3.74% |12.79 24.05 5.71% |18.06 32.94 8.59%
ndf  SAGN 8.67 13.20 3.61% |12.11 18.83 5.43% |16.50 25.41 8.02%

A GTS 53.76 57.01 43.07% | 50.88 56.07 42.65% |52.47 59.91 44.79%
iy SAGN 7.67 10.06 7.27% |9.11 1248 9.02% |11.30 1543 11.40%

GTS 96.20 96.38 192.45%|144.09 144.26 288.22%|135.84 136.65 271.68%
Zri SAGN 095 1.10 1.78% | 0.98 1.14 1.84% |1.01 1.16 1.86%

GTS 164.91170.57517.10%|215.50 222.99 668.66%|243.28 249.56 747.18%
pol SAGN 3.19 4.52 28.34%|3.67 5.37 39.07%| 4.36 6.44 54.13%

We also tested the impact of the temperature parameter § in Gumbel-Softmax trick.
We report the performance on the METR-LA data set. This parameter determines the

smoothness of sampling results. The smaller this parameter, the more sampling results
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will tend to one-hot encoding, but the gradient changes greatly. The higher this parameter,
the smoother the sampling result, but the variance of the gradient is small [119]. Fig.

4.5 shows the effect of this parameter.
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Figure 4.5: The effect of the § in Gumbel-Softmax trick

Table 4.5: The Runtime Comparison

METR-LA
Method
training time(s/epoch) | testing time(s/samples)
SAGN 48.87 0.34
GTS 49.24 0.0006

The main difference between SAGN and other GNN-based methods is that our testing
stage runs online. The concept drift self-adaptation progress is achieved by sub-graphs
updating when new samples arrive. We compare the run time (as shown in Table 4.5) with
GTS in the training and testing stages separately. The experiment is performed on the

METR-LA data set. In the training stage, our average training time per epoch is slightly
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shorter than GTS. In the test stage, neither GTS nor other traditional GNN-based
methods consider concept drift adaptation, and the prediction modes are all performed
on batch data in offline mode. But SAGN predicts the incoming new samples one by
one according to the data stream online mode, and the average prediction time is 0.34s,

which is also much smaller than a single time step.

4.4.3.3 Parameter Sensitivity

We tested the parameter sensitivity of SAGN. We report MAE on the METR-LA data
set. Whenever we change a test parameter, the other parameter values will keep their

original default values.
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(c) Effect of Parameter e. (d) Effect of online learning epoch number.

Figure 4.6: The effect of different parameters in the adaptation stage.

First, we tested parameter B,, which is the size of the dynamic validation set. This

76



4.4. EXPERIMENTS

size means the period of revalidation and reselection of the model. Generally speaking,
for data streams that may change drastically, we can reduce this value to shorten the
period of model revalidation. For data streams that may have periodic changes or a
slow overall rate of change, we can appropriately increase this value to save computing
resources. The dynamic validation set ensures that SAGN neither misses learning of new
sample distributions nor overfitting. We tested this parameter range from 24 to 2016 (as
shown in Fig. 4.6 (a)), and the corresponding update period of the dynamic validation set
is two hours to one week. Due to the strong periodicity, it can be seen that changes to

this value do not have a significant impact on performance for the data set METR-LA.

Then we tested parameter C, which means how many GNNs we save in the GNN
pool. The GNN pool can save more historical information than only saving one GNN. We
tested varied sizes of GNN pool, as shown in Fig. 4.6 (b) and based on the nature of the
data set, the change of this parameter will not have a huge influence on the performance

in the current data set.

The online learning rate e is also an important parameter in our method which
means the degree of model learning after the new samples arrive. Since the correlation
structure remains stable globally, the purpose of the self-adaptation process is to update
sub-graphs changes locally caused by concept drift. Therefore, the e should not be set too
large. If it is set too large, the model will be at risk of overfitting. Fig. 4.6 (c) shows its

influence.

Another parameter is the number of the online learning epoch, which has a similar
effect to parameter e (as shown in Fig. 4.6 (d)). It should be noted that we only need
to adjust and update sub-graphs that contain correlation changes locally in our self-
adaptation process. So this parameter should be set to a suitable value because if this
parameter is set too large, the online prediction speed will be greatly reduced, which will

go against the original intention of our online prediction method.
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4.5 Summary

In this chapter, we propose a dynamic GNN-based self-adaptation method SAGN, which
is designed for multi-stream under concept drift. Without using predefined graphs, we
initialize a sampled correlation graph structure %, based on historical data and it is
embedded into GNN training. Multiple well-performed GNNs are stored in a GNN
pool in the offline stage. When online testing starts, the dynamic adaptation process is
performed by locally updating sub-graphs after new samples arrive. Meanwhile, globally
the correlation graph structure of . will be preserved well. The designed dynamic
GNN pool rolling mechanism cooperates with the dynamic validation set to periodically
select the optimal GNN for the prediction task periodically. We tested the prediction
performance of SAGN and baseline methods on real-world and synthetic multi-stream

data sets. The experiment results show that our method performs the best in most cases.
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CHAPTER

DYNAMIC GRAPH REGULARIZATION FOR

MULTI-STREAM CONCEPT DRIFT SELF-ADAPTATION

5.1 Introduction

Concept drift, due to its potential to render models ineffective or lead to a decline in
accuracy, has been a persistent challenge throughout the development of traditional
machine learning [126]. It refers to the phenomenon where the data distribution changes
over time [106]. For example, it could involve irregular changes in weather due to climate
warming or shifts in public interest toward investment products caused by changes in
the economic landscape. However, maintaining consistent data distribution between
training and test data is crucial for traditional machine learning models to sustain
performance [107]. Unfortunately, the concept drift problem is ubiquitous, especially in
non-stationary data stream environments [127]. The widespread use of sensors, internet
propagation, and the progress of modern society have led to the generation, update, and

rapid change of streaming data in various areas. The unpredictability of concept drift,
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with its unknown magnitude and duration, further exacerbates this challenge [128].

Self-adaptation offers a valuable approach to address the concept drift problem,
enabling the model to learn and adapt to new data distributions [129]. This can be
achieved through either an informed or blind strategy [53]. In the informed strategy,
the model receives feedback from the drift detection module, and updates are made
correspondingly when drift is unambiguously detected. Various statistical thresholds,
such as error rates and multiple hypothesis tests, are integrated into the detection
module to detect the concept drift [12]. On the other hand, the blind strategy entails a
set of updating or learning rules [109], allowing the models to capture and learn changes

in the data stream without relying on a drift detection mechanism [110].

A majority of the existing research on concept drift adaptation primarily focuses
on single-stream tasks [111]. However, whether it’s traditional forecasting tasks like
weather and traffic or more complex ones like social media trends, solely considering the
changes within individual data streams is no longer sufficient to meet real production
demands [117]. Applying the single-stream adaptation method to multiple streams
not only suffers from low prediction efficiency but also overlooks the differences and
correlations between data streams [112]. For example, a real-world application involving
real-time predictions on the load capacity of train carriages [130] necessitates managing
multiple data streams. Establishing separate models for each route would consume
significant computational resources and ignore the correlations between routes. In fact,
factors contributing to drift, such as station control and temporary maintenance, are

closely related to the connectivity and distance of the routes.

When we discuss data-driven tasks in multi-stream with considering the correlation
between streams, each data stream is no longer isolated, which helps us further mine
regionalized data information for different problems in a flexible task space [114]. In

addition to the fixed correlation between streams, such as location information, the

80



5.1. INTRODUCTION

5, 5 o S 7S T 5 ] s S E 75
i NEWTON 5 s T~ NEWTON ¥ =] s
] : BOOTH St ] ~ BOOTH St
it Victy,: ALHAMBRA it Vicsop: ALHAMBRA
& O i & TRIANGLE e 20 A s S TRIANGLE
g » 'Lq\?‘ /- St &8 g Qﬂ 19“9 / s (8€)
iy ¢ o @
~ & -
X 5t g St s8) oo i/ /i L]
"oag, -
aro‘}dh: Way, Ay X5 Y] ® & 8"0&@ gy, 4y, o &) @ &
i i el & Vs Y. I x & Vs
& St a8 ) St S ST
Tog o 5 Tog =) =
O S S > i s G
& f?fo Ly Sacramer & | @fo i Sacramer
&= . % School P o . { e% School Pi
& Z, &
P - G - e
i L] 3 & - (L] = &
g 2nd Ave 9 & 2nd Ave BCr
& T &5 & &
@ @988)
= s 2
Sierra 2 fa Ave ﬂ\:; Sierra 2 i Ave §
Park 3rd Ave Park 3rd Ave
&th Ave W T 4th Ave 4, )
4th Ave ’ : : NORTH 4th Ave ’ o ;” NORTF
= PAI T S PAI
& o & 3 -4 &5
CURTIS s ey CURTIS e
2 PARK iE 9 PARK 35
* - e, -3 = - 0 e ~
— 60
>
(@)
<
& 45
Q
30
ge)
()
()
o
Time Line
Road 1 Road 2 Road 3

Figure 5.1: An example for traffic multi-stream correlation. Three sensors on three roads
generate three data streams. The location information indicates the base correlation
between streams. When a traffic accident occurs near Road 1 and Road 3, all roads in
the red circle are affected first (concurrent drift), and then the roads in the blue circle

are affected soon after (delayed drift).
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correlation between drifts should not be overlooked. Drift-causing factors have the
potential to impact one or more data streams, and they can be categorized as concurrent
drift or delayed drift based on the time difference of their occurrence [111]. An example
is shown in Fig. 5.1. The sensors on Roads 1, 2, and 3 generate three data streams. These
sensors’ locations represent the base correlation of multi-stream. When a traffic accident
occurs near Road 1 and Road 3, all roads in the red circle are affected first (concurrent
drift), and then the roads in the blue circle are affected soon after (delayed drift). Notably,
the practical scenarios are complex; for example, if Road 3 is closed temporarily, then the
base correlation will fail. Therefore, correlation mining for multi-stream environments

becomes a huge challenge for self-adaptation tasks in the concept drift field.

However, current methods designed for multi-stream concept drift adaptation have
several limitations. For instance, some are not suitable for large-scale datasets, while
some require specific source and target streams to function effectively [116]. Moreover,
certain approaches are limited to handling specific types of drift, which restricts their
applicability [111]. Recently, some methods use graph neural networks (GNNs) to capture
correlations between streams [88, 93, 131], but their static model fails to consider that

the data distribution may change caused by concept drift in future data samples.

To fill these gaps, we propose a concept drift self-adaptation framework for multi-
stream based on dynamic graph regularization, named Multi-stream Self-adaptation
Graph Regularization (MSGR). MSGR can cover any drift type and is easy to apply to
large-scale datasets. The adaptation process we design links the sub-graph updating
with the degree of concept drift. Intuitively, the larger leaning weight should be assigned
on the sub-graph updating when the drift is detected. In this chapter, we exploit graph
structure and a graph neural network to capture the correlation among streams. When
drift happens, which potentially indicates the change of this correlation, the graph

structure and the network should be adjusted correspondingly. However, the correlation
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graph structure learned in the offline training process might still be informative, and it
is also a resource wasting to totally discard it. Thus, we propose a graph regularization
to sub-graph updating for the graph neural network, which helps to capture the new

correlation change caused by drifts.

Two aspects need to be considered when designing our framework: the performance
of correlation graph structure construction and the dynamic response capability to the
unknown drift. Specifically, for the former, we exploit a sampled graph and an adaptive
matrix in our designed novel graph neural network to help capture deep spatial-temporal
correlation among streams. Each node in the graph refers to a stream. This network
learned a correlation graph structure based on the historical data distribution without
any pre-defined graphs in the offline training stage. When the offline training process is
completed, we use this GNN as the base prediction model for the multi-steam multi-step
prediction task in the online testing. To detect the concept drift in the online testing
stage, we use the loss of the base model on the validation set as the drift detection
threshold. For the latter, to dynamically adapt to the distribution change on testing
time, sub-graph updating with graph regularization and real-time loss monitoring are
performed all the time. The sub-graphs are updated by newly multi-stream samples and
the graph regularization weight is assigned dynamically according to the monitoring
result. To calculate this weight, a dynamic 2NN graph and a dynamic sampled graph

are generated by newly arriving data in the sliding window to achieve this function.

This chapter’s contributions are as follows:

* We propose a novel concept drift self-adaptation framework based on dynamic graph
regularization for multi-stream, named MSGR. The graph-based regularization
assigns dynamic learning weight for sub-graph updating according to the drift
detection result, which can help the model adapt to the concept drift in multi-

stream more effectively and targeted.
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* A correlation graph structure is learned by our designed novel graph convolutional
layer to capture the deep dependencies between streams. This graph structure
is realized by embedding a sampling graph from a multi-stream historical data

distribution and calculating an adaptive transition matrix based on each node pair.

* We conduct extensive experiments on three large-scale real-world datasets and
synthetic datasets, and the results show that MSGR can achieve significant im-

provement over state-of-art baseline methods.

The work described in this chapter has been published in the IEEE-TKDE paper

"Dynamic Graph Regularization for Multi-Stream Concept Drift Self-adaptation”.

5.2 Problem Statement

In this section, the definitions and our problem statement are introduced. We present a

summary of some important notations in Table 5.1 for brevity.

Definition 5.1 (Multi-Stream). A multi-stream, denoted as ., comprises several data
streams 9, represented as & = {21,922, ... ,2'}. Each data stream 2’ contains j feature
time series, denoted as 2 ={J1,9°2,...,J7}. The value of a specific time series I/ at

. . j
time step ¢ is represented as X;.

The multi-stream environment is a significant challenge in the field of data mining.
Our method is designed to handle the multi-series concept drift problem in multi-stream.
Specifically, in our study, we consider that each data stream 2 in the multi-stream .&
contains the same feature time series. For example, multiple traffic monitor stations are
placed in different areas of the city, and they monitor some same traffic features, such as
speed, the number of vehicles, etc. using the sensors in these stations. Our research is
based on the common features in these streams, where the same target feature series

from multiple streams constitutes a multi-stream in our task.

84



5.2. PROBLEM STATEMENT

Table 5.1: Summary of Notations

Notations Description
F ={21,.-. 2"} | Amulti-stream contains i data streams.
9 ={T1,---,T7} | A data stream contains j time series.
g = {X{ } A time series in the data stream.
X/ The feature value of the time series.
tezZ”* The time step.

P The probability distribution.
A The past window size.
i The prediction time steps.
4 The correlation graph structure of multi-stream.
F The predictor for multi-stream.

t l t
i pral gpte

The training, validation and testing sets.

Definition 5.2 (The Correlation in Multi-Stream). The correlation in multi-stream is

denoted as 4. It comprises two parts, the correlation between streams and the correlation

between concept drifts in different streams.

Figure 5.2: The Multi-Stream Correlation Changes Over Time.

As shown in Fig. 5.2, in a multi-stream, the correlation structure ¥ is in a dynamic
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state in streaming environments. The basic correlation between streams is usually
formed by the location distance between sensors, so the global correlation structure will
be stable in most cases, but sub-graphs will be dynamic. Concept drift is the main reason
causing this local change.

For example, a traffic accident at a certain intersection may cause congestion in
adjacent road sections, and thunderstorm occurrence in a local area will also cause a
significant increase in the overall humidity in the area. On the other hand, if there is a

parade or a road closure partly for repairs, the correlation will also change locally.

Definition 5.3 (Concept Drift in Multi-Stream). Assume that &2 presents the data
distribution. When 22, 1(#) # 22,(%¥), concept drift occurs at time step ¢ + 1. If concept

drift occurs in any stream of ., which is denoted as the concept drift in multi-stream.

Definition 5.4 (Concept Drift Correlation in Multi-stream). Two cases of drift correlation
exist in multi-stream based on the time difference. When concept drift occurs on more
than one stream simultaneously, it is denoted as concurrent drift. If there is a time
difference between these drifts, it is denoted as delayed drift. The detailed definition of

the correlation between drifts in multi-stream is reported in [132].

Problem 3 (Adaptation Learning for Multi-Stream at ¢-step with Dynamic %;). Given
previous 0-step information, and the correlation attributes ¢, predict the next n-step for

multi-stream, which can be formalized as

(5.1) Ft,9; = argmin ¢ (f(fspt—A+1:t,(gt—l),espt+1:t+17)-
feF. 4

where F;,%; are updated from %;_1,%;_1, this process is achieved by graph-based
self-adaptation learning in the online testing stage.
The main difference between our task and traditional multi-series prediction tasks

is that our task considers the concept drift problem in multi-stream during the testing
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stage. This means our testing is conducted online, the prediction model is no longer static
and it will be updated by a graph-based adaptation strategy dynamically based on newly

arrived samples.

5.3 Methodology

This section describes the detailed architecture of our proposed MSGR. The framework
of MSGR is shown in Fig. 5.3. Our method is divided into two stages: the offline training
stage and the online testing stage. To obtain a more accurate correlation graph structure,
a novel graph neural network is designed to learn the historical data distribution and
deep correlation between streams in the training stage. In the online testing stage, to
overcome the concept drift problem, we propose a graph-based dynamic regularization,
which cooperates with sub-graph updates to realize self-adaptation. The real-time pre-
diction error rate is monitored to detect the occurrence of drift, and it is connected to
the regularization process to capture local correlation changes more accurately in the

multi-stream.

5.3.1 Offline Initialization

Before online testing, we need to build a base prediction model, so we design a graph
neural network to capture deep spatio-temporal correlations between streams. After
training, we can obtain an initialised multi-stream correlation graph structure and a

GNN model as the base prediction model for the online testing stage.

5.3.1.1 Graph Structure Convolutional Layer

The use of pre-defined graphs is a common approach to represent the correlation among
multi-stream data. These pre-defined graphs typically include location information for

sensors. However, pre-defined graphs may not always be available in practical scenarios
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Figure 5.3: Overview of the MSGR framework. The training stage, depicted on the left,
involves embedding the sampled graph and adaptive graph into the Diffusion Recurrent
Graph Convolutional layer using a sequence-to-sequence structure. This stage aims to
obtain a base prediction model. The image on the right shows our self-adaptation method
during the online testing stage. The sub-graphs are updated using newly arriving data
over time, and at the same time, dynamic graph-based regularization helps this updating
process to adapt to the new data distribution. Two dynamic graphs generated by the new
data stored in the sliding window achieve regularization weight calculation. The weight
coefficient is determined based on the specific drift situation.

for multi-stream environments. Moreover, if we solely rely on fixed information from a
pre-defined graph without ensuring a strong relationship with the prediction task, the

prediction results may show significant deviations [95].

To learn more rich and deep correlation information from historical data of the multi-
stream, we proposed a novel graph structure convolutional layer. Firstly, we simulate
the historical data distribution of all streams based on sampling. However, a challenge
exists here: the gradient cannot pass through the discrete graph structure after Bernoulli
sampling. Motivated by [96], we employ the Gumbel-softmax trick [119, 120] to address

this problem using a reparameterization process.

Specifically, a feature extraction network is utilized to process historical data in order
to extract historical features and reduce data size. This involves applying convolutional
layers to the entire training dataset .#'" along the time dimension, followed by vectoriza-

tion (vec) of the convolutional (Conv) output. Subsequently, fully connected layers (FC)
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are employed to further reduce the dimensionality, and each stream .#* in .#!" being
mapped to a vector z*. This process is represented as z% = FC(vec(Conv(.#%))).

After feature preprocessing, all data streams are combined in pairs of vectors (z%,z").
To obtain the pairwise combination of vectors, concatenation is performed by two fully
connected layers: p, ) € [0,1], which gives the correlation weight between these two
streams based on their distribution.

The reparameterization trick is employed here to calculate the sampled graph struc-
ture between every pair of streams u and v, denoted as Ggym. Perturbed Gumbel noises
based on uniform distribution are generated which correspond to N dimensional vectors
Q. {Gum;};<n, the i.i.d sequence of standard Gumbel random variables can be calculated

using the following equation:

(5.2) Gum; = —log(—log(U;)),U; ~U(0,1).

Then we can get GGgum:

1og(15‘+:fv>)+(eumu —Gumv))

(5.3) Ggum = sof tmax( 5

where 6 represents the temperature parameter.

To ensure the performance of the sampled graph is robust, we utilize a self-adaptive
transition matrix [88] and embed it into the convolutional layer, which can dynamically
learn node pair correlation probabilities constructed by matrix calculations to capture
the deep correlation between streams in the convolutional process.

The self-adaptive transition matrix is optimized by two randomly initialized node

embedding dictionaries with learnable parameters E1,Eg € RN *¢:

(5.4) Aguqp =Softmax(ReLu(E,1EY))
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E; and E; are the source node embedding and target node embedding respectively,
where each row of E{ represents a node embedding and d refers to the embedding
dimension. The spatially dependent weights between source nodes and target nodes
are derived by matrix multiplication. The ReLu activation function is used to eliminate
weak connections. The softmax function can normalize the adaptive adjacency matrix.
Therefore, the normalized adaptive adjacency matrix can be considered as a transition
matrix that hides the diffusion process. By embedding the sampled graph and self-
learned adaptive graph, we obtain the following graph convolutional learning layer

based on the spatial correlation:

P
(5.5) G = ZOGgumprl + AL, S Wy
p:

where P is the finite steps of the diffusion process of graph signals and W, is the

graph convolutional parameters of p-th order.

5.3.1.2 Temporal Convolutional Layer

In MSGR, we utilize a sequence-to-sequence structure to undertake the multi-step
prediction mapping task: S;_a11:t to St+1:44+5y. Our designed graph structure convolutional
layer is embedded in a recurrent convolutional framework to complete spatio-temporal
modelling and mapping tasks. At each time step ¢*, the hidden state of the sequence-
to-sequence model undergoes an update from hy_; to hy+. The input for this update
consists of the values of .%;+ within a defined historical window size A. Specifically, the
encoder part of the model recurrently updates from £ —A+1tot,with h; serving as
the representation of .#;+. Subsequently, h;+ is used to initialize the decoder. The hidden
state then undergoes recurrent updates for each subsequent 7-time step in the future,

moving from ¢ +1to ¢ + 7.
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Many existing architectures can be applied here to serve this purpose. We use the
Diffusion Convolutional Gated Recurrent Unit designed by [86] to complete the encoder-
decoder function because it is more suitable for the directed graph structure. The diffusion

process is achieved by a random walk on graph structure ¥:

P
(5.6) OrxgZ=) (0} ,(M;'9) +0) ,(M;'9"))zZ
p=0

where O is the filter to perform the diffusion convolutional operation on ¢4, My and
M are the out-degree and in-degree matrix. ©, for A =r,q,c are the model parameters
for the corresponding filters. Then the graph diffusion module will replace the matrix

multiplications in GRU [133]:

rye=sigmoid(0, kg[S | hy_11+0b,),

q¢ =tanh(Q4 *¢ [F« || (rs O hy 11+ by),
(5.7 4
cyr = sigmoid(Q, kg[S || hy_11+ D),

ht* =Cp* @ht*_l +(1—Ct*)®(It*

where r;+ and g4 are the reset gate and update gate at time step ¢*. Mean absolute
error (MAE) between the prediction values @ € R"/*/ and ground truth & € R"*7 in

future n time steps is the loss function of the training process, which can be defined as:

R 1 2 I J .
(5.8) gbasezz(@,@)—_cjzzz|@ijt_@ijt|,
t=1i=1;=1

where I is the number of streams, </ is the dimensionality of the output.
In the training stage, we construct a novel graph structure convolutional layer and
utilize a new GNN-based network to map the spatio-temporal correlation among multi-

stream data. Upon completion of the training, we can obtain a GNN model{%, %}, which
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is used as the base prediction model for the multi-stream multi-step prediction task in
the online testing stage. ¢, includes the original correlation graph structure of multi-
stream based on historical observations and contains two parts: global correlation and
local correlation. Usually, the global correlation remains stable because the locations of
the sensors are fixed. Local correlation refers to the associations between different data
streams that arise due to various factors. The local correlation may change over time or
due to the occurrence of concept drift. For example, in relation to roads in different areas
of a city, roads that are in close proximity have similar busy degrees. These roads will
suffer from similar traffic jam risks if a traffic accident occurs on one of the roads. But the
local correlation changes caused by concept drift are not contained in the base prediction
model, so an online-based prediction mode is necessary. Also, the loss of {%(, %} on the

validation set %,,; will be the threshold for concept drift detection in the testing stage.

5.3.2 Online Dynamic Graph-based Self-adaptation

The static prediction model carries a high risk when faced with unknown changes in
streaming data. The concept drift means that new data distributions occur in newly
arriving samples. To tackle this issue, we propose a novel self-adaptation strategy,
achieved through dynamic graph-based regularization, to adjust the model over time
continuously. This approach enables the timely capture and learning of any new unknown
changes caused by concept drift, ensuring accurate multi-step prediction results are
provided simultaneously.

We aim to stabilise the global correlation and adjust the model with accurate sub-
graph updating. The work in [132] was the first to handle the concept drift problem in
multi-stream in this way using simple online learning in cooperation with a GNN pool

and a dynamic validation set.

But the shortcomings of this method are also evident. On the one hand, the multi-
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Algorithm 2 MSGR dynamic self-adaptation process

1: Input Multi-stream %, the input sequence length for all streams is A, and the output length
is 7. The batch size of the multi-stream in the testing stage is 1 (The new samples will arrive one
by one). The online sub-graph updating rate is e,;, the epoch number is @,,. The loss function
is calculated by MAE, and the optimization algorithm is Adam [122]. The % for dynamic ANN
graph. The regularization weight coefficients are 11, A9 for specific drift situations. 2: Initial The

base prediction GNN model and correlation graph structure obtained from the training stage
{F0,%0;00}. The loss of F( on the validation set is %,,;. The dynamic feature sliding window 7"
is initialized by the historical data of ., and the window size is 7.

for New samples of ¥ arrive in each time step, t =1,2,3,... do

3: Online Prediction:%; (Yf_eA 1 ;‘gt_l,(ﬂt_l) = Sf:i: ; H];// Give online prediction results for
all streams
if t > 1 then

4: Obtain Ground Truth: ST ;

5: Update Dynamic Feature Window New arriving samples are spliced with the data

in 77, and the old data at the remote end of the window is discarded;
6: Calculate Initial Model Loss

Loase =1055(Fo (S{° 5.,_13%0,60) ’Sizrtlfr%—l)?

7: Calculate Current Model Loss:

y; — a t . t .
gbase - lOSS(Ft_]_ (StiA:t_l’(‘gt—l,gt—l) ’St:rtl_i%_l)y

8: Generate Dynamic 2NN Graph and Sampled Graph:

Ginn (see Eq.(5.9), G(, - (see Eq.(7.3));

Gum
9: Calculate Dynamic Regularization Loss:

ZinN (see Eq.(5.10));

for@ =1,2,...Q,, do // Sub-graphs Updating under Dynamic Graph-based
Regularization

if Ppase < Lyas then

10: Update under No Drift
(gt—la ®t—1 = Adam(ﬁfol;/ll(Eq.(5.13)), Ft;
Yt =Y1-1, Ft = Ft-1;

else

11: Update under Concept Drift
Yt-1,0;_1 = Adam(Zy;;12(Eq.(5.13)), Fy;
Y =%1-1, Ft = F-1;

end

end
end

end
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model mechanism can partially avoid incorrect updates, but it consumes a considerable
amount of storage resources, and the update process still lacks effective constraints. This
means that it cannot adjust the degree of model updating based on the specific drift
situation. On the other hand, many parameter settings dependent on the nature of the
data also limit its applicability.

In our framework, these shortcomings have been addressed. Firstly, our proposed new
graph neural work can learn deep correlations between data streams during training, and
the high-performance initial prediction model eliminates the need to store multiple GNN
models. Secondly, the proposed graph-based dynamic regularization is applied to the
sub-graph updating process based on different drift situations, effectively adapting the
new data distribution. Meanwhile, real-time error rates are linked to the regularization
computation to capture local correlation changes accurately. Moreover, the simplified
parameter settings significantly enhance the model’s applicability.

Our designed regularization will take full advantage of the original graph structure.
We use the newly arriving multi-stream data stored in a sliding window 7" with size
T to generate a dynamic weighted directed 2NN graph and a dynamic sampled graph
separately. The computational process to generate a sampled graph is the same as it is

in the training stage. The dynamic ANN graph can be defined as:

(5.9) G = topgfeos(ST),

where S; is the data in the sliding window, and % is the parameter of the KNN graph.
GrNN is updated over time with streaming data updating. The cross-entropy between

the sampled graph and the dynamic 2NN graph achieves the regularization function:

Gum Gum

(5.10) LN =Y. ~Gin108GE, — (1 - Gl )log(1-GL, )
uv
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Then the new loss function for the online sub-graph updating process can be defined

as:

(5.11) gol = gbase + v(kaNa

where Ppgs. is the loss calculated by the current model {%;_1,%;_1} using samples in
the window.

But applying the regularization at the same weight on the original loss function
for the whole learning process is unreasonable, as inappropriate regularization will
have a negative impact on the model. We design a dynamic regularization magnitude
adjustment mechanism to address this problem, where A is the weight coefficient for
regularization depending on the drift detection result. The loss of the base model on
the validation set £,,; is used as the threshold for drift detection. The real-time error
rate %pqse calculated by the base model {%(, %y} on the data in the window is monitored
over time. When %, exceeds £,,;, that indicates that the concept drift has occurred.
According to the detection result, different weight coefficients 11, A2 are applied for no
drift and drift detected situations, respectively. The online loss function can be defined

as follows:

(5.12) Lot = Lrase + LLiNN, A € {1, A2}

To capture the local correlation change more accurately, we also link the real-time
prediction error %45, to the regularization calculation, then the complete online loss

function is as follows:

(5.13) Lot = Lrase + Mog(Lroase) LinN, A € {11, A2}
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Overall, dynamic self-adaptation is accomplished by the sub-graph updating process
with the dynamic graph-based regularization: {%;_1,%;_1} — {%;,%;}. Our design realizes
the deep connection between the concept drift self-adaptation mechanism and the specific
drift degree, which makes the online learning process more targeted and largely retains

the model performance trained via historical information.

5.3.3 The MSGR Algorithm (Self-adaptation Stage)

The pseudo-code of our designed MSGR dynamic self-adaptation process is shown in
Algorithm 2. In Step 1, the parameter setting for the online testing stage is conducted.
In Step 2, the testing initialization is undertaken, where the base prediction model
containing the correlation graph structure {%y,%} is used to perform the prediction
task, and the loss of {%(,%} on the validation set £,,; is the threshold of the drift
detection. The online testing stage starts in Step 3, where new samples arrive at each
time step and the model provides the nest 7 step prediction values of all streams. Our self-
adaptation strategy, which involves sub-graph updating and graph-based regularization,
is implemented to address the concept drift problem. Specifically, the ground truth is
obtained in Step 4. Then, the newly available samples are stored and spliced in the
sliding feature window in Step 5.

Steps 6 to 8 use the samples stored in the window to calculate different loss values
and generate different dynamic graphs for regularization. In Step 6, the real-time error
Ppase 1s calculated by the original base model {%y,%y}. The model {¥;_1,%;_1} updated
from the previous time step calculates the loss value Phase I Step 7. Then in Step 8, a
dynamic NN graph and a sampled graph are generated separately. The cross-entropy
ZrnN between these two graphs is calculated in Step 9. We apply the different weight
coefficients 11 and A9 on the regularization to no drift and drift detected situations and

the real-time error %, is also linked to the regularization process. When Zp4se < Zyai,
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this indicates that there is no concept drift has occurred. Then the sub-graph updating
will be performed using %,; under 11 in Step 10. When Zp4se < ZLyai, this indicates that
the concept drift has occurred, and the updating process in Step 11 will be performed
under Ao. Then the self-adaptation process of this time step {F;_1,%;-1} — {%;,%;} is

completed.

5.4 Experiments

We construct extensive experiments to verify the effectiveness of the proposed MSGR.
The real-world datasets (traffic and weather areas) are used to demonstrate the predic-
tion performance of our MSGR by comparing it with existing frameworks. The synthetic
datasets are used to further verify the self-adaptation performance by testing the occur-
rence of sudden drift in multi-stream.

We first give detailed information of the datasets and baseline models used for the
experiments, and then the related settings, experimental results, and ablation study are

discussed in corresponding subsections.

5.4.1 Datasets and Baselines

Datasets. Following previous works [88, 96, 132], our main experiments are constructed
on three large-scale real-world datasets from the traffic and weather areas. A summary

of these datasets is shown in Table 5.2.

Table 5.2: Summary of Datasets

SYNTHETIC
Dataset METR-LA PEMS-BAY WEATHER a b
Nodes 207 325 10 10 10
Samples 34272 52116 29639 30000 30000
Update Rate 5min 5min 1h Smin 5min
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* METR-LA is a dataset that captures the speed of traffic on the road network in
LA County. The data is collected from loop detectors placed at 207 locations [123].
The dataset covers a duration of 4 months, from March to June in 2012 [86]. Traffic
information is recorded at 5-minute intervals, resulting in a total of 34,272 time

slices.

e PEMS-BAY is a publicly available dataset that captures traffic speed information
from the Performance Measurement System (PeMS) of the California Transporta-
tion Agencies (CalTrans) [134]. It encompasses data from 325 sensors located in
the Bay Area and spans a duration of 6 months, from January 1st, 2017 to May
31st, 2017 [86]. The traffic information is recorded at 5-minute intervals, resulting

in a total of 52,116 time slices.

e WEATHER is a publicly available collection of weather data obtained from ten
weather stations in Beijing, China [125]. It contains hourly weather measurements
recorded from 3:00 AM to 3:00 PM, covering a time period from January 1st, 2015
to May 31st, 2018, totaling 1188 days. All weather stations share the same set of
weather monitoring features. In our experiments, two specific weather features,
namely psur (surface air pressure in degrees celsius) and ¢g2m (specific humidity

at a height of two meters above the ground in grams per kilogram), were selected.

e SYNTHETIC DRIFT is a synthetic data set generated by the Python package
scikit — multiflow in [132]. It contains two multi-streams based on different
correlation settings. .#% has no correlation between streams. .° is derived from
the PEMS-BAY dataset that streams are related to each other. The subscript /ir,

tri, and pol represent the different drift functions, which are defined as follows:
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S =L +50

(5.14) \ L = sin(5.7%) + 50
Sy =0.01(#*)** - 0.1(+*)? +0.55*
Then the datasets used for testing are &/ , ., &, and 5’11? , Fb b
po ir tri pol

Baselines. We select a wealth of baselines that contain traditional machine learning
methods, typical GNN-based methods, and self-adaptation methods designed for multi-
stream.

Traditional Methods:

HA: Historical Average, an approach that utilizes a weighted average of past data

to perform the prediction task;

* VAR: Vector Auto-Regression model;

* SVR: Support Vector Regression, which uses a linear support vector to achieve the

regression aim;

¢ FC-LSTM: Fully Connected LSTM, indicating that the recurrent neural network

is linked to the hidden units of the LSTM modules.

Typical GNN-based Methods:

* DCRNN [86]: The Diffusion Convolutional Recurrent Neural Network replaces
the fully connected layer in the GRU [133] with a diffusion convolutional layer to

model spatiotemporal dependency;

* Graph-WaveNet [88]: Graph WaveNet utilizes node embedding to learn an adapt-
able dependency matrix in the graph convolutional layer, which enables the model

to capture both temporal and spatial dependencies effectively;
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* AGCRN [95]: The Adaptive Graph Convolutional Recurrent Network incorporates
two adaptive blocks to capture dependencies between streams: node adaptive

learning and data-adaptive graph;

* DGCRN [91]: Dynamic Graph Convolutional Recurrent Network integrates dy-
namic graphs generated by dynamic filters and pre-defined graphs into a dynamic

convolutional recurrent network to perform the prediction task;

¢ ASTGCN [90]: Attention-based Spatial-Temporal Graph Convolution Networks
introduce a spatial-temporal attention mechanism that works in conjunction with

graph convolution;

¢ STFGNN [89]: Spatial-Temporal Fusion Graph Neural Networks is a data-driven
approach to generate temporal maps during training to compensate for the deep

correlations that spatial maps may not reflect;

e GTS [96]: Graph for Time Series utilizes Gumbel sampling to generate the discrete

graph structure among multiple data streams;

» S2TAT [135]: Synchronous Spatiotemporal Graph Transformer simultaneous mod-
elling of data by integrating attention mechanisms and graph convolutions in the

proposed SZTAT block.
Self-adaptation Methods Designed for Multi-stream:

* MuNet [111]: A concept drift self-adaptation framework achieved by combining
a base predictor and Bayesian connectors. The algorithm can only be applied to

small-scale datasets, so we choose ten streams for the traffic datasets for testing;

* SAGN [132]: A GNN-based self-adaptation framework for multi-stream under
concept drift, performed by sub-graph online learning and the periodic validation

and reselection of models stored in a GNN pool.
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5.4.2 Experimental Setup

Platform. The model implementation is carried out using PyTorch 1.7.1. All experiments
are conducted on a server equipped with an Nvidia Quadro RTX 8000 GPU with 48GB
memory. The server’s CPU is an Intel(R) Xeon(R) Gold 6226R CPU operating at 2.90GHz.
Parameter settings. In the training stage, the temperature parameter § of Gumbel-
softmax trick is set to 0.9. The training epoch number is set to 200 and the initial
learning rate is set to 0.005 for the two traffic datasets and 0.001 for WEATHER. In the
online testing stage, the sub-graph updating rate e,; is set to 0.00001 for PEMS-BAY
and 0.000005 for the other datasets. The sub-graph updating epoch number is set to 3
for all datasets when no drift occurs, and 5 for METR-LA under drift. The window size
of the proposed dynamic KNN graph is set to 48 for METR-LA and PEMS-BAY, and 36
for WEATHER. The regularization penalty coefficient A is set to 0.01 for the non-drift
situation and 1 for the drift situation. The & for the KNN graph is set to 10 for METR-LA
and PEMS-BAY, and 5 for WEATHER.

Evaluation Metrics. We use mean absolute error (MAE), mean absolute percentage
error (MAPE) and root mean square error (RMSE) to evaluate the performance of
MSGR and all the compared methods. The prediction values and ground truth values are
transformed into the original values first and then the evaluation computation process is

performed. These three evaluation matrixes are defined as follows [91]:

1 R
MAE ==)|%,-%,,
=1
1 n

(5.15) MAPE:;;

Ui
A

t

x 100%,

|

1J N

RMSE = | =) (%, - %,)?
Ni=1

where 7 is the number of prediction steps, %; denotes the ground truth and %, represents

the predicted values.
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Table 5.3: The Performance Comparison between MSGR and the Baseline Methods on Real-world Datasets

glt‘:: Metric] HA VAR SVR FC-LSTM DCRNN wiizﬁt AGCRN DGCRN ASTGCN STFGNN GTS S2TAT MuNet SAGN MSGR
MAE | 416 442 399  3.44 2.77 269 287 262 4.86 323 264 278 1002 246 2.42

Step3 |[RMSE| 780  7.89 845  6.30 5.38 515 558  5.01 9.27 743 495 543 1002 441 4.34
MAPE | 13.00% 10.20% 9.30% 9.60% 7.30% 6.90% 17.70% 6.63% 9.21%  7.82% 6.80% 7.38% 15.73% 6.41% 6.26%

< MAE | 416 541 505  3.77 3.15 307 323 299 5.43 202 301 310 1006 279 272
= | Stepe [RMSE| 780 913 1087  7.23 6.45 622 658 605  10.61 949 585 6.39 1006 515 5.04
& MAPE | 13.00% 12.70% 12.10% 10.90% 8.80% 8.37% 9.00% 8.02% 10.13% 10.00% 8.20% 8.70% 15.79% 7.64% 7.41%
2 MAE | 416 652 672 437 360 353 362 344 6.51 505 341 343 10.13 3.16 3.07
= Step 12|RMSE| 7.80 1011 13.76  8.69 7.59 737 751 719 1252 1167 6.74 7.32 1013 591 5.7
MAPE | 13.00% 15.80% 16.70% 13.20% 10.50% 10.10% 10.38% 9.73% 11.64% 12.97% 9.90% 10.02% 15.97% 9.10% 8.79%

MAE | 288 174 185 205 1.38 1.30 137  1.28 1.52 139 132 133 526 130 1.29

Step3 |[RMSE| 559 316 359 419 2.95 2.74 287  2.69 3.13 290 262 289 526 243 243
MAPE| 6.80% 3.60% 3.80% 4.80% 2.90% 2.73% 2.94% 2.66% 3.22%  2.96% 2.80% 2.83% 18.36% 2.75% 2.711%

% MAE | 288 232 248 220 174 1.63 169 159 2.01 177 164 162 531 160 1.8
| gteps |[RMSE| 559 425 518 455 397 370 38 363 4.27 397 341 373 531 311 3.09
2 MAPE| 6.80% 5.00% 550% 5.20% 3.90% 3.67% 3.87% 3.55% 4.48%  4.02% 3.60% 3.67% 18.46% 3.61% 8.54%
= MAE | 2.88 293 328 237 2.07 1.95 196  1.89 2.61 215 191 1.85 546 185 181
R |Step 12|RMSE| 559 544 708 496 474 452 454  4.42 5.42 492 397 430 546 361 3.55
MAPE| 6.80% 6.50% 8.00% 5.70% 4.90% 4.63% 4.64% 4.43% 6.00% 5.17% 4.40% 4.31% 18.71% 4.37% 4.26%

MAE | 2852 156 162  2.06 1.06 1.00 1.03  0.94 1.52 141  1.04 126 342 096 0.93

~ | Steps |[RMSE| 39.96 460 521  5.00 4.81 480 477 433 4.50 501  2.86 500 342 129 1.25
5 MAPE| 3.00% 0.16% 0.16% 0.21% 0.11% 0.10% 0.11% 0.10% 0.14%  0.14% 0.11% 0.13% 0.35% 0.10% 0.09%
2 MAE | 2852 230 257  2.86 151 144 148 156 2.15 201 155 183 345 143 1.38
& | Step6 |[RMSE| 39.96 536 629  5.80 5.23 513 511  5.09 5.32 532 339 474 345 179 1.73
& MAPE| 3.00% 0.23% 0.26% 0.29% 0.16% 0.15% 0.15% 0.16% 0.22%  0.20% 0.16% 0.19% 0.35% 0.15% 0.14%
= MAE | 2852 3.09 358 3.1 237 225 231 271 2.90 276 249 259 358 229 221
< |Step 12| RMSE| 39.96 602 721 654 5.24 557 560  6.11 5.94 584 430 566 358 267 2.56
= MAPE| 3.00% 0.31% 0.36% 0.38% 0.24% 0.23% 0.24% 0.28% 0.30%  0.28% 0.25% 0.26% 0.36% 0.23% 0.23%
MAE | 515 061 025  0.30 059 056 059 056 0.61 061 060 063 133 056 055

~ | Step3 |[RMSE| 629 104 058 058 1.03 1.00 1.03 101 1.02 1.04 088 112 1.33 069 0.68
B MAPE |191.12% 12.64% 13.32% 19.28% 11.20% 10.38% 11.20% 10.89% 13.39% 11.78% 11.26% 12.35% 42.04% 10.72% 10.59%
T MAE | 515 086 038 043 0.82 079 082 081 0.86 085 084 084 135 079 0.77
& | Step6 |[RMSE| 629 134 074 073 1.34 1.30 133  1.34 1.34 135 117 134 135 093 0.91
= MAPE [191.12% 18.84% 21.32% 29.07% 16.45% 15.30% 16.13% 16.61% 17.63% 16.94% 16.47% 16.10% 42.55% 16.02% 15.60%
= MAE | 5.15 117 053 059 1.16 1.10 116 1.17 1.16 114 116 115 155 110 1.06
S IStep12|RMSE| 629 172 089  0.88 1.77 1.70 174 179 1.72 173 153 174 155 125 1.20
= MAPE |191.12% 27.73% 32.70% 42.29% 24.98% 23.33% 25.00% 25.83% 25.11% 24.66% 24.43% 24.88% 46.65% 24.24% 23.20%

NOILVLdVAV-ATHS LATHd
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5.4.3 Experiment Results

We evaluate MSGR on three real-world datasets in different scales, as shown in Table
5.2, where the three datasets vary significantly in data scale. This demonstrates MSGR’s

adaptability to different-scale data.

Table 5.3 shows the overall comparison results. Our method achieves the best perfor-
mance in multi-step prediction tasks across all datasets. The PEMS-BAY and WEATHER
datasets exhibit more regular changes, while the METR-LA dataset experiences more

drifts in the testing stage.

Remarkably, MSGR demonstrates a noteworthy average accuracy improvement over
the state-of-the-art traditional GNN-based model by 9.14% on the METR-LA dataset.
Additionally, it outperforms the SAGN model, which incorporates concept drift adapta-
tion, with an average improvement of 2.33% on the METR-LA dataset. MSGR achieves
significant improvements, particularly in far-step prediction tasks. Specifically, for the
Horizon 12 prediction task, MSGR achieves an improvement of 11.07% compared to
the traditional GNN-based models and a 2.93% improvement compared to the SAGN

adaptation model.

MSGR accurately predicts results even in datasets (PEMS-BAY and WEATHER) with
periodic changes, such as recurring drifts caused by seasons. It leverages the learned
correlation graph structure from historical data and adapts to new minor changes in
incoming data samples.

We select SAGN, which exhibits the best performance among the baseline methods, and
conducted a statistical test of significance between it and our proposed MSGR based on
three evaluation metrics. The results are shown in Table 5.4, indicating that our method

significantly outperforms SAGN at the 0.05 significance level.

We also compare the runtime to further analyze the complexity of our method. We select

a traditional GNN-based method, GTS, a GNN-based adaptation method, SAGN, and
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Table 5.4: Statistical Test (*p < 0.05)

SAGN MAE MAPE RMSE
p-value 4.46x10°% 3.7x107* 5.53x107*

our method for comparison. The result is shown in Table 5.5. All methods are performed
offline and based on the same historical data for the training stage. As for the testing
stage, even though our model runs in online mode and requires continuous updating and
adjustment to achieve the self-adaptation process, our prediction time cost for each time

step averages 1.06 seconds, which is much smaller than the dataset sample update rate.

Table 5.5: The Runtime Comparison

Runing Time (METR-LA)

Method | Training Stage (s/epoch) | Testing Stage (s/sample)

GTS 48.87 0.0006
SAGN 49.24 0.34
MSGR 51.96 1.06

Table 5.6: The Ablation Experiments

Step Metric DGCRN w/ool w/oadp w/o A MSGR

MAE 2.62 2.60 247 244 242
Step3 RMSE 5.01 4.42 487 437 4.34
MAPE 6.63% 6.86% 6.41% 6.30% 6.26%
MAE 299 2.97 280 2.74 2.72
Step 6 RMSE  6.05 5.78 5.16 5.07 5.04
MAPE 8.02% 8.36% 7.69% 17.44% 7.41%
MAE 3.44 3.35 3.17  3.09 3.07
Step 12 RMSE  7.19 6.65 592 5.80 b.77
MAPE 9.73% 10.07% 9.10% 8.83% 8.79%

METR-LA
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5.4.4 Ablation Study

Table 5.7: The Self-adaptation Performance Comparison

Step 3 Step 6 Step 12

Dataset Method  MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE

. SAGN | 540 6.65 2.73% | 540 6.64 2.73% | 543 6.69 2.75%
lir MSGR (496 6.19 2.42% [4.96 6.19 2.43% | 498 6.22 2.44%

. SAGN | 0.67 0.76 1.34% | 0.67 0.76 1.34% | 0.67 0.76 1.35%
Zri MSGR (0.67 0.76 1.34% |0.67 0.76 1.34% | 0.67 0.76 1.34%

SAGN | 0.62 0.74 3.47% | 062 0.73 3.46% | 0.62 0.74 3.49%
pol MSGR |0.54 0.68 3.06% 0.54 0.68 3.04% | 0.54 0.68 3.04%

SAGN | 7.67 10.06 7.27% | 9.11 1248 9.02% | 11.30 15.43 11.40%
lir  MSGR | 6.36 8.71 6.11% |8.06 11.28 7.99% |10.67 14.85 10.99%

SAGN | 095 1.10 1.78% | 098 1.14 1.84% | 1.01 1.16 1.86%
tri. MSGR [0.83 0.98 1.65% 0.83 098 1.67% | 0.86 1.01 1.72%

SAGN | 3.19 4.52 28.34%| 3.67 5.37 39.07%| 4.36 6.44 54.13%
ypol MSGR (3.09 4.36 25.98%|3.60 5.25 37.36%| 4.32 6.37 49.38%

To verify the effectiveness of various components of our framework, we conducted ablation
experiments on the METR-LA dataset.

w/o ol refers to testing in the offline mode, where both the sub-graph updating and
dynamic graph-based regularization modules are removed. As shown in Table 5.6, our
method still outperforms the existing methods even when operating completely in the
offline mode. This highlights the significance of our novel graph convolutional layer in
providing a superior base prediction model for the online testing stage.

w/o adp indicates that the model adjustments rely solely on sub-graph updating when
removing the dynamic graph-based regularization module. It can be observed that,
compared to the offline prediction mode, sub-graph updating is an effective adaptive
approach. However, the rough updating method also limits the model’s performance.

So we design the regularization method to utilize the latest data features to construct
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the graph structure-based regularization to aid the model in capturing local correlation

changes more accurately.

w/o A represents that the drift detection module is removed, which means the regulariza-
tion is applied on the sub-graph updating process in the same weight during testing. The
result shows that if the self-adaptation process can be targeted, the model performance

can be improved further. And our method achieves the best performance in the testing.
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Figure 5.4: The Self-adaptation Performance Comparison.

To evaluate the self-adaptation performance of MSGR, we further test our method
on SYNTHETIC DRIFT, including more pronounced concept drift situations [99]. The
testing results are shown in Table 5.7. Compared with SAGN, our method achieves a
better average prediction performance in most drift cases. Fig. 5.4 compares the self-
adaptation speed (tested on Yf;i dataset). When the multi-stream faces sudden drift, our

method achieves faster adaptation and the model converges more efficiently.
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Figure 5.5: The effect of different parameters in the self-adaptation stage.

5.4.5 Parameter Sensitivity

In this section, we test the parameter sensitivity of our method. We test three parameters
in our framework: the sub-graph updating rate e, the & for KNN graph and sliding window

size 7 for two dynamic graphs. The testing results are shown in Fig. 5.5.

The sub-graph updating rate e (Fig. 5.5 (a)), represents the degree of learning of the
model for new samples. Due to the stable global correlation structure, this parameter

cannot be too large, or the model will be at risk of overfitting.

The parameter 7 is the size of the sliding window, and it determines how many recently
obtained new samples are used to generate the RNN graph and the sampled graph.
Using the latest samples as features to complete the regularization process helps the

model learn and adapt correctly to the new data distribution. Through testing (Fig. 5.5
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(b)), it can be seen that this parameter is not sensitive. However, considering the update
rate of samples, setting this parameter too large may lead to an extension of the model
update time.

The % represents the range of nearest neighbours for which we capture instantaneous
local correlations with the 2NN graph. We set this parameter to be a suitable value
according to the specific situation of the practical dataset. It can be observed from Fig.
5.5 (c) that this parameter is not sensitive. Therefore, setting this parameter to a large

value is not recommended to avoid excessive noise weighting.

5.5 Summary

In this chapter, we propose a novel graph structure self-adaptation framework, MSGR,
which is designed for multi-stream under concept drift. Our framework first constructs a
novel graph neural network architecture to capture deep section-temporal correlations
between streams via historical data without pre-defined graphs. A high-performance
GNN model is obtained after training and used as the base prediction model to perform
the multi-stream multi-step task in online testing. Then, the sub-graph updating and our
proposed dynamic graph-based regularization complete the self-adaptation process. The
regularization weight coefficient is dependent on the drift detection results, meaning that
a larger regularization weight corresponds to cases of drift. This mechanism adjusts and
updates the base model to adapt to concept drift in multi-stream. Any distribution and
correlation changes are captured in time and accurate prediction results of all streams
will be given simultaneously. Detailed and comprehensive experiments demonstrate the
effectiveness and superior performance of MSGR. Specifically, MSGRachieves an average
accuracy improvement of 9.14% over state-of-the-art traditional GNN-based models and
2.33% over the SAGN model with concept drift adaptation on the METR-LA dataset,

with particularly notable gains in far-step prediction tasks.
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CHAPTER

CONTINUOUS GRAPH LEARNING-BASED

SELF-ADAPTATION FOR MULTI-STREAM CONCEPT DRIFT

6.1 Introduction

In stream environments, the phenomenon of data distribution changing over time is
known as concept drift [12]. This unpredictability poses a significant challenge in stream
environments [4]. Concept drift is common and inevitable, manifesting in various practi-
cal scenarios, such as changing popular topics on social media or sudden adverse weather
conditions [56]. Traditional machine learning methods often rely on the consistency of
data distribution between training and test sets [99]. These models perform well when
the training data accurately represents the test data, but fail when faced with new,
unseen data distributions, leading to a substantial drop in performance [107]. With the
rapid increase in data stream updates due to the proliferation of sensors, static models
based solely on historical data are insufficient for handling complex real-time prediction

tasks [136].
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To address the concept drift problem, researchers have developed numerous frameworks
for single-stream environments using various adaptation strategies, enabling models to
learn from new data distributions [137]. These frameworks often rely on drift detection
modules or pre-set rules to trigger the model updates [14]. While these methods mitigate
performance loss caused by concept drift to some extent, they have notable limitations
[114]. One significant limitation is scalability. Although single-stream approaches can
serve as a starting point for tackling concept drift, more complex practical tasks often
involve multi-stream applications, such as multi-site weather forecasting or real-time
monitoring of road traffic networks [112]. For instance, real-time predictions on the
load capacity of train carriages require managing multiple data streams [130]. Applying
self-adaptation methods to each stream separately in a multi-stream setting can be a
potential solution, but it is inefficient. This approach ignores the correlations between
streams and leads to redundant computations [111]. Consequently, developing effective
solutions for multi-stream environments has become a significant challenge in the field

of concept drift adaptation [19].

The complexity of the multi-stream surpasses that of the single-stream due to not only
the increased number of data streams but also the necessity to consider more intricate
correlations between streams [138]. For instance, alterations in the correlation among
streams may arise in instances of drift. As illustrated in Fig. 6.1, two bridges connect
the two sides of the bay. When the roads are clear, the black arrows in the top image
indicate both directions are passable. However, if a traffic accident occurs at the location
of sensor A, causing one of the bridges to be temporarily impassable, the nearby road
segment (sensor B) will be immediately affected, which we refer to as concurrent drift.
At the same time, since the bridge near sensor A is currently blocked, vehicles needing
to cross the bay will have to take a detour. Consequently, a large number of vehicles will

converge at the entrance of the other bridge via the route indicated by the red arrow
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in the bottom image. This will result in a traffic jam at the location of sensor C, which
we refer to as delayed drift. Hence, understanding the correlations between streams is

crucial for constructing robust models that excel in multi-stream environments.
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Figure 6.1: An example of traffic multi-stream correlation change. Each sensor generates
a data stream. The positional relationship of the three sensors forms the fundamental
correlation. However, the original correlation will change due to drift occurrences (such
as traffic accidents).

Most existing methods crafted for multi-stream scenarios face limitations that hinder
their direct applicability [79]. For instance, some methods are designed under the data
scale requirements, allowing them to handle only two to three streams simultaneously.
Others necessitate specific source and target streams to initiate processing [116], while
some are tailored to address particular types of drift [111]. While these methods offer

insights into addressing concept drift in multi-stream settings to a certain degree, they

111



CHAPTER 6. CONTINUOUS GRAPH LEARNING-BASED SELF-ADAPTATION FOR
MULTI-STREAM CONCEPT DRIFT

remain inadequate. Recently, contemporary researchers have been exploring graph-based
structures to capture inter-stream correlations [139]. Although these structures may not
directly tackle the concept drift problem, they offer a fresh perspective for advancing

multi-stream concept drift research.

To address these gaps, we propose a continuous graph learning-based self-adaptation
framework for multi-stream concept drift, named CGLM. Our CGLM is suitable for
large-scale multi-stream data and can adapt to any form and degree of concept drift.
In designing CGLM, we focus on two key aspects: the model’s initialization conditions
and its dynamic adaptability to drift. Our framework, based on graph neural networks,
aims to represent the complex spatio-temporal relationships between multiple streams
using graph structures. However, in real-world scenarios, pre-defined graphs may not
always be available for initializing the correlation graph structure, and the amount of
data available for model training may be limited. This challenge prompts us to design a
new graph neural network architecture embedded with an Adaptive Graph Generator
(AGQ). In situations with limited historical data and no pre-defined graphs, AGG can
generate an adaptive correlation graph structure to aid in model initialization. Moreover,
the model initialized with AGG exhibits better performance than those initialized with

pre-defined graphs.

When the testing phase begins, we use the online mode to simulate the continuous
updating of the multi-stream. The initially obtained base prediction model performs the
multi-step prediction task for all streams. We monitor the real-time performance of the
model to detect drift. Online self-adaptation relies on sub-graph updating, with different
continuous graph learning mechanisms triggered based on drift detection. In non-drift
scenarios, sub-graph updating is achieved by lightweight weight adjustments based on a
few newly arriving samples. When drift occurs, AGG first generates a new dynamic graph

based on new samples stored in the sliding window. The designed Adaptive Diffusion
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Graph Attention Module (ADGAT) then captures the local correlation changes caused
by the drift. Specifically, ADGAT treats the new graph as the feature graph at the
current time step, applies a multi-head diffusion attention mechanism, and adaptively
updates the sub-graphs of the original correlation graph structure. Furthermore, the
degree of drift is linked to the sub-graph updating rate to achieve more accurate dynamic
self-adaptation.

The contributions of this chapter are as follows:

* We propose CGLM, a continuous graph learning-based self-adaptation framework
for handling multi-stream concept drift. We design a novel graph convolutional
layer embedded in an Adaptive Graph Generator (AGG). This approach captures
deep spatio-temporal relationships between streams without pre-defined graphs.
We employ distinct continuous graph learning mechanisms tailored for both non-
drift and drift scenarios, ensuring high-performance dynamic self-adaptation to

concept drift.

* The Adaptive Diffusion Graph Attention Module (ADGAT) is designed to cap-
ture local correlation changes for drift self-adaptation. Initially, AGG constructs
a dynamic feature graph based on the newly arriving samples. Subsequently,
ADGAT applies a multi-head diffusion attention mechanism to this feature graph,
enabling adaptive sub-graph weight updating for the original correlation graph

while maintaining global correlation stability.

* We conduct extensive experiments on three large-scale real-world datasets. The
results show that when only small-scale data is available for model initialization,
our proposed CGLM can achieve significant improvement over state-of-the-art base-
line methods. This also demonstrates that CGLM maintains stable performance
over long-term updates. Additionally, our method maintains leading prediction

performance as the training data volume increases.
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The work described in this chapter has been published in the IEEE-TCYB paper "Con-

tinuous Graph Learning-based Self-adaptation for Multi-stream Concept Drift".

6.2 Problem Statement

In this section, we first introduce the definitions and our problem statement. A summary

of important notations is shown in Table 6.1 for brevity.

Table 6.1: Summary of Notations

Notations Description
F ={@1,... 91} | Amulti-stream contains i data streams.
@ ={J1,..., 97} | Adata stream contains j time series.
gJ = {X{ } A time series in the data stream.
X/ The feature value of the time series.
tez”* The time step.
@» The probability distribution.
A The past window size.
n The prediction time steps.
<4 The correlation graph structure of multi-stream.
F The predictor for multi-stream.
S pral gpte | The training, validation and testing sets.

Definition 6.1 (Multi-Stream). A multi-stream, denoted as ., comprises i data streams
9. S =91,92 ... @' For each data stream 2’ in the multi-stream .%, it contains j
feature time series, denoted as @' = {J1,92,-.-,J7}. At time step ¢, the value of a

specific time series 9/ is denoted as Xi

Developing frameworks adapted to multi-stream environments poses a significant chal-

lenge in data mining. Our method aims to tackle the multi-series concept drift problem
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in multi-stream. In particular, our analysis assumes that the same feature time series
are contained in each data stream 2’ of the multi-stream .#. For instance, multiple
road monitoring points treated as multiple streams are deployed in different areas of a
city, and different sensors monitor many features in these points, such as speed, vehicle
count, etc. Our research focuses on these common features across streams, where the

same target feature series from multiple streams form a multi-stream in our task.

Definition 6.2 (The Correlation in Multi-Stream). The correlation in multi-stream is
represented as ¢. When we discuss ¢, in addition to the correlation between streams,

the correlation between drifts also needs to be taken into account.

Figure 6.2: The Multi-Stream Correlation Changes Over Time.

As shown in Fig. 6.2, the correlation structure ¢ of a multi-stream is dynamic in stream-
ing environments. The basic correlation between streams is usually formed by the
location distance between sensors, so the global correlation structure remains stable in
most cases, but sub-graphs will be dynamic. Concept drift is the main reason for these
local changes.

For example, in a city, if there’s a traffic accident on a road, adjacent roads will be the
first to be affected. Depending on the connectivity and proximity of the roads, congestion

caused by the accident will gradually spread to a larger area. Similarly, localized thun-

115



CHAPTER 6. CONTINUOUS GRAPH LEARNING-BASED SELF-ADAPTATION FOR
MULTI-STREAM CONCEPT DRIFT

derstorms in certain areas or fires in mountainous regions can also lead to changes in

local correlations due to unknown factors causing drift.

Definition 6.3 (Concept Drift in Multi-Stream). Let &2 represents the data distribution.
Concept drift occurs at time step ¢+ 1 if 22, 1(F) # P(F). If concept drift occurs in any

stream of ., it is denoted as concept drift in the multi-stream.

Definition 6.4 (Concept Drift Correlation in Multi-stream). In multi-stream, there are
two instances of drift correlation depending on the time difference. Concurrent drift
refers to concept drift that happens on many streams at the same time. Delayed drift
refers to a time interval between these drifts. [132] provides a comprehensive definition

of the correlation between drifts in a multi-stream.

Problem 4 (Self-Adaptation Learning for Multi-Stream at ¢-step with Dynamic ;).
Predict the next n-step for multi-stream using the correlation attributes 4 and the prior

O-step information. It can be formalized as

(6.1) Ft,9; = argmin ¢ (f(cspt—A+l:t;(gt—l),espt+1:t+17)-
feF. 4

where F;,%; are updated from F;_1,%;_1, this process is achieved by continuous graph

learning-based self-adaptation in the online testing phase.

The primary distinction between our task and traditional multi-series prediction tasks
is that we address the concept drift problem in multi-streams during the testing phase.
In other words, our testing is conducted online, where the prediction model is no
longer static. Instead, it is dynamically updated through our designed continuous graph

learning-based self-adaptation method.
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6.3 Methodology

In this section, we introduce detailed information about the structure of our proposed
CGLM. The overview of CGLM’s framework is illustrated in Fig. 6.3. Our method
operates in both the offline training and online testing phases. During the initialized
training phase, we construct a novel graph neural network embedding an Adaptive
Graph Generator (AGG) module to capture deep state-temporal correlations between
streams and initialize a basic prediction model only based on small-scale historical
data of the multi-stream. Importantly, this phase requires no pre-defined graphs for
correlation graph generation. The self-adaptation process occurs during the online testing
phase. We design a continuous graph learning-based structure to handle the concept
drift problem. Specifically, we propose an Adaptive Diffusion Graph Attention module
(ADGAT) collaborating with the proposed AGG to capture local correlation changes
caused by drift and adaptively update the original correlation graph weight. Real-time
prediction performance serves as the drift judgment criteria, and different sub-graph

updating mechanisms are applied based on drift detection results.

6.3.1 Correlation Graph Structure Initialization

Recent GNN-based research on constructing correlation graphs typically designs their
methods based on pre-defined graphs. These pre-defined graphs can provide fixed in-
formation, such as sensor locations. While this approach is effective for constructing
correlation graph structures, ensuring the availability of pre-defined graphs in real-world
applications can be challenging. Additionally, there may not always be sufficient data
to train and validate the model in practical situations. To address these two major
challenges, we design a novel graph neural network to construct a high-performance
spatio-temporal correlation graph structure without pre-defined graphs and initialize

the model based on small-scale data.
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Figure 6.3: Overview of the CGLM framework. The model initialization, depicted on the
left, the multi-stream correlation graph structure is learned by the designed Adaptive
Graph Generator and embedded in the Diffusion Recurrent Graph Convolutional Layer
to map the multi-step prediction tasks. The online testing phase is depicted on the
right. Continuous graph learning is achieved by sub-graph updating. As new samples
continuously arrive, real-time prediction performance will indicate whether drift has
occurred, thereby dynamically applying different sub-graph updating mechanisms.

6.3.1.1 Adaptive Graph Generator

When we do not utilize pre-defined graphs, constructing an effective graph structure
based on limited historical information becomes the core task. To achieve this, we design
an Adaptive Graph Generator (AGG). The correlation graph structure generated in our
proposed CGLM not only simulates the distribution characteristics of historical data but
also exhibits good learnability and robustness. This helps address potential concept drift
issues that may arise during the online testing process.

Before graph generation, we employ a hyper-network to extract historical data features
and compress their dimensions. This entails the application of convolutional layers to
the entire training dataset .#!" along the time dimension, followed by vectorization
(vec) of the convolutional output (Conv). Then, fully connected layers (FC) are used to
reduce the dimensionality further, mapping each stream .#% in .#'" to a vector z¥. This
process is denoted as z% = FC(vec(Conv(.#%))). After the feature extraction, each stream

is represented as a vector.
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To calculate the correlation weight between streams, we first apply the Gumbel-Softmax
reparameterization trick [119] to each stream pair v and v. The Gumbel noises {Gum;};<n
generated from a random uniform distribution are used here to help compute the
probability-based correlation weight. Then, we can obtain a sampled graph structure

based on all stream pairs, denoted as Ggym:

log(:£42) + (Gum,, — Gum,)

(6.2) GGum = sof tmax( ) 5 )

where p, ) represents the discrete probability variable for the stream pair z and v and
0 is the temperature parameter in the Gumbel sampling process.

The sampled graph can be seen as a simulation of the historical data distribution.
However, in the presence of concept drift in multi-stream data, it is common for the
drift to be localized. In such cases, one or more streams may be affected by drift while
the overall correlation remains stable. To address this, we employ a gated attention
mechanism on the extracted feature to capture these changes and adjust the model’s
learning process accordingly. This mechanism assigns greater weight to key streams of
the sampled graph, allowing the model to adapt to localized drift effectively.

The calculation process is illustrated in the top left of Fig. 6.3. This mechanism simul-
taneously treats the extracted feature matrix as the Query and Key vectors. By taking
the dot product of these vectors, we obtain the attention scores, which are then passed

through a softmax function to derive the attention weights:

ST
(6.3) Agyy = Softmax(ZZ2

v

where \/d, is the dimension of the extracted feature z.

)

To enhance the flexibility of the sampled graph, we use the values obtained from ap-

plying the sigmoid activation function to the attention weights as the gate: Agqe =
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Sigmoid(Agy). It controls the weighting process of the attention weights on the sam-

pled graph:

(6.4) GwGum = Agate Aqatt " GGum

This allows the generation of dynamically weighted sampled graphs during the iterative
training process, enhancing its learnability and drift detection capability. Also, this
homogenous sampling and weighting design ensures consistency between features and
data.

We also integrate an adaptive embedding matrix to improve the robustness of the
graph generation. Two dictionaries E1 and E9 initialized randomly with learnable
parameters present source and target node embedding: E1,E5 € RVN*¢, where d denotes
the dimension. After initialization, we can obtain the adaptive embedding matrix through

the following process:

(6.5) Agdp = Softmax(ReLu(E1EY))

The ReLu activation and softmax functions are used to eliminate weak connections
between streams and normalize the matrix. In our design, the generated correlation
graph structure is embedded into a diffusion convolutional layer, so the applied adaptive
matrix can be viewed as the pre-diffusion process. Finally, we obtain the generated
self-learned adaptive spatial correlation graph as the graph convolutional learning layer

by embedding the designed dynamic weighted sampled graph and adaptive matrix:

P
(6.6) G = ZOG%Gumprl + AL, S Wy
p:

where P represents the finite steps of graph signal diffusion and W, represents the

p-th order graph convolutional parameters. Through our design, a high-performance
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distribution-based graph presenting the deep spatial correlation between streams can be
generated. Also, this graph structure can continue to help adapt to concept drift by its

learnability in the online testing phase.

6.3.1.2 Temporal Correlation Convolutional Layer

We have a training process similar to traditional GNN-based methods. In CGLM, the
adaptive graph generated in the spatial convolutional layer and small-scale historical
data are embedded into the recurrent diffusion convolutional layer for further modelling
and achieves the prediction mapping task: S;-a+1:; t0 S¢41:445. This process is performed
by a sequence-to-sequence structure to satisfy the flexible multi-step prediction task.
The overall hidden state of each time step ¢* is updated as follows: h;+_1 to hy+. The
values of multi-stream in the window A are used as the input for the encoder, which
frequently updates from t —A+1tot.Then h; acting as the representation of .%+ is

used to initialize the decoder, which frequently updates from t+1tot + 7.

Considering the directedness of the generated graph structure, we apply the Diffusion
Convolutional Gated Recurrent Unit proposed by [86] to achieve the convolutional
process, the dual-directional random walk is applied on the generated correlation graph

structure ¥ to achieve diffusion:

p
(6.7) OrxgZ =) (0h (M9’ +0) ,(M;'9")")zZ
p=0

where O is the filter applied on the diffusion process, Mp and M; are the out-degree and

in-degree matrix. The model parameters for the filters are ©,, where A =r,q,c.
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rye=sigmoid(0, kg[S | hy_11+b,),

g =tanh(Og xg [F+ || (re- 0 hy=_11+ b)),
(6.8) 4

cyr =sigmoid(0O, g[S+ || hy_11+b.),

ht* = Cy* @ht*_1+(1—ct*)®qt*

where r;+ and c;+ are the reset gate and update gate at time step *. We use the mean
absolute error (MAE) calculation result as the loss function during training. It is calcu-
lated between the prediction values & € R"1*Y and ground truth & € R"™* in future n

time steps:

N 1 L Jd
(6.9) 2:2(@/,@/)—7ZZZ|@@¢—@/L~J¢|,
: : :1

where I represents the number of streams, / represents the dimension of the output.

Upon completion of initiated training, we acquire a base model including an initial
correlation graph structure for the prediction task: {%y,%}. This base model is tailored
to the spatio-temporal correlations present in the historical data and continues to perform

its adaptability in the online testing phase, enabling it to adjust to new data distributions.

6.3.2 Online Continuous Graph Learning-based Self-Adaptation

The primary motivation for our self-adaptation method is to address the risks static
models face with unknown data distributions. SAGN [132] handles this risk through
online learning for concept drift adaptation in multi-streams. However, it overlooks drift
severity, lacks targeted graph updates, and creates computational redundancies due to
the model pool mechanism. In practical applications, we consider that data streams will
be continuously updated over a long period. Therefore, the same update level can erode

generalization, causing incorrect updates or overfitting. Meanwhile, simple sub-graph
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updating is insufficient for adapting to new distributions, especially with limited initial
data. Our proposed CGLM overcomes these challenges, achieving better self-adaptation

performance.

Firstly, our proposed novel graph neural networks can learn a spatial-temporal cor-
relation graph structure for multi-stream without pre-defined graphs. Meanwhile, a
high-performance basic prediction model can be obtained after the initialization: {%y,%}.
Secondly, we employ a drift detection module based on real-time performance and apply
different sub-graph updating mechanisms based on the detection results. Thirdly, we
design an Adaptive Diffusion Graph Attention Module (ADGAT) module to capture the
local correlation changes caused by drift and make sub-graph updating more targeted
and accurate. This module works in conjunction with the proposed AGG, dynamically
generates new dynamic graphs, and adaptively updates the stream node weight for
the original correlation graph. Through this design, we integrate the self-adaptation
process with the continuous learning of the correlation graph structure at each time
step t: {Fi_1,%:-1} — {F;,%;}. This process can fully leverage the advantages of graph
structures in multi-stream tasks, enabling more precise sub-graph updating while main-
taining stable global correlations. This self-adaptation process is illustrated in the right

part of Fig. 6.3, and the detailed calculation steps are as follows.

When online testing begins, we initialize a dynamic loss pool B and a sliding window 7"
with size 7. We store the loss value % of {%y, %} on the offline validation set as the first
value in B. For each new time step, the model’s real-time loss value %; is stored in B
after obtaining the ground truth, and 7’ continuously stores newly arriving samples.
If &; is less than the mean of the losses stored in B at a certain time step: £; < Bgyg,
we think the drift does not occur. In this case, the sub-graph updating process relies
solely on the weights adjustment applied to newly obtained samples on each stream, and

the sub-graph updating rate will be at a lower level. At this point, the self-adaptation
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mechanism is expressed as {%;_1,%;_1} M» {Z:,%;}. When Z; > B, g, it indicates that
concept drift has occurred. Our CGLM then performs a more targeted and accurate
sub-graph updating process, which is completed by two designed modules, AGG and
ADGAT.

The AGG used to initialize the correlation graph structure during the offline training
phase now is applied to the data within the 7" to generate a new dynamic graph %;.
Then, our designed ADGAT module performs weight fusion based on this new graph and
the original correlation graph to achieve drift self-adaptation. Specifically, ADGAT treats
this new graph ¥, as the real-time dynamic feature of multi-stream at the current time
step £. Then, multi-head attention weights are calculated on %;. The output of each head

is added to a designed diffusion feature vector A and embedded into the next iteration:

heady, = Attention(G},G,,\),
(6.10)
A+ =heady,

Then multiple head outputs are concatenated and projected by the attention weights

matrix w? to construct a weighted dynamic adjacency matrix G?“ at time step ¢:

(6.11) G% = Concat(heady, ..., head}) w°

Meanwhile, we embed an adaptive and learnable parameter o to adjust the graph

updating level:

(6.12) G 1=9" =G . 0+%9y-(1-0)

The calculation process for each head is defined as follows. Firstly, we calculate the

attention coefficient based on ¥;:
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(6.13) @uy = LeakyReLU(Z T [#," [|1#,"1)

where @ T refers an adaptive attention vector, u,v denote stream nodes, #* represents
the linear transformation output of ¢4;. The original graph % is used as the adjacency
matrix here and applied to calculate the normalized attention weight between stream

nodes, which is denoted as ay,:

exp(@yy)

(6.14) Ayyp =
Y ke w) exp(@ur)

where A (u) refers to the index of the neighbour nodes of stream node u. Once we obtain
ayy,, we use it to weight and aggregate the features of neighbouring nodes to update the

features of stream node u:

(6.15) Wi=Y aul]
keN (u)

The obtained attention weights undergo residual connections to avoid the problem of
gradient vanishing or exploding during prolonged learning processes. Also, the updated
diffusion feature A implements diffusion and accumulation across attention head itera-

tions:

(6.16) WE=W+W,+A

In this design, the multi-head attention mechanism is used to capture local correlation
changes caused by drift at the current time step, while the diffusion feature mechanism
maintains the stability of global correlations. Meanwhile, the learnable parameter o

ensures that the sub-graph updating is adaptively adjusted during long-term continuous
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graph learning. We set the base update rate for this situation as e(z) ;- However, besides
the unpredictability of drift occurrence, the extent of the drift is also unknown. Therefore,
a fixed update rate may still lead to underfitting or overfitting during long-term updating.
Thus, based on eil, we link the extent of the drift to the updating rate. Specifically,
we apply the floor operation to the ratio of Z; to Byyg, and the result is used as the

coefficient for e% I

K%
(6.17) 62 =e% x { d J

Bavg
At this point, the sub-graph updating rate will be at a dynamic state depending on
the extent of drift. This self-adaptation mechanism under drift can be represented as

A )
{(F1-1,%-1} 2%, {Z:,%,;}. Our designed online continuous graph learning-based self-

adaptation method can be summarized as follows:

A ;e(l7
{(F1-1,%:-1} T, {F, % 2Ly <Baug
(6.18)

AZ;égl
{(Fi-1,%:-1}

{F1,9:} %4> Bavg

where 11, A9 represents different continuous graph learning-based self-adaptation mech-
anisms applied for non-drift and drift detected situations.

Overall, our designed continual graph learning-based self-adaptation method allows the
model to incorporate new local correlation information while maintaining the integrity of
the existing correlation graph. Also, Our method enables a more flexible response to the
multi-stream concept drift problem while maintaining more robust long-term learning

performance.

6.3.3 The Self-adaptation Algorithm of CGLM

We provide the pseudo-code of the self-adaptation process of CGLM, shown in Algorithm
3.
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In Step 1 and 2, the initialization and parameter setting for the online testing phase are
performed. The base prediction model {%,, %} obtained from the offline initialization
phase, performs the multi-step prediction task for . starting from Step 3. Once we
obtain the ground truth values (Step 4), these newly arriving samples are used to update
7" in Step 5. Meanwhile, the real-time loss value is stored in B (Steps 6 and 7). To detect
drift, we compare the loss value %; at each time step ¢ with the mean value of values in
B (Step 8).

According to the detection results, we apply different mechanisms (11, 12) in the sub-
graph updating process. If no drift occurs, 1; is applied, and sub-graphs are updated only
based on a few new samples at a low rate eil in Step 9. When drift occurs, Ag is applied.
Our designed AGG first generates dynamic feature graphs based on 77 in Step 11. Then,
from Step 12 to 13, the proposed ADGAT captures the local correlation changes in the
graph by multi-head attention calculation, performs feature diffusion on all heads and
updates the original correlation graph weight at o level. ¢ is a learnable and adaptive
parameter for this updating process. After that, in Step 14, the model is updated at a
dynamic rate é%l. Finally, the continual graph learning-based self-adaptation process of

this time step {F;_1,%;-1} — {%:,%;} is completed (in Step 9 or Step 14).

6.4 Experiments

6.4.1 Datasets and Baselines

Datasets. We conducted experiments on three large-scale real-world datasets, two from
the transportation domain [96, 96, 132] and one from the weather domain [111]. The
statistical summary of these three datasets is presented in Table 6.2.

For the weather dataset, the drift is primarily characterized by seasonal variations,

along with occasional abrupt changes in weather conditions. Different weather features
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Algorithm 3 CGLM continual graph learning-based self-adaptation process

1: Input Multi-stream ., with input historical length A, output prediction steps 7. The batch size is 1 (New samples
arrive one by one). The sub-graph update rates are e(l)l,e?) ! for non-drift and drift detected scenarios, with epoch

numbers Q,ln,Q?n. The loss function is Z, optimised by Adam [122].

2: Initial The initialized prediction model containing correlation graph structure {%,%y ©¢}. The dynamic loss pool
B is initialized with its first value, £y, which is calculated by {F(,%o Op} on the offline validation set Vel The
sliding window 77 with the window size of 7, is initialized using the historical data of .. For the ADGAT module,
the number of attention heads is 4, and the adaptive parameter for graph updating is o. 11,19 represents different
update mechanisms applied for non-drift and drift detected situations.

for New samples of & arrive in each time step, t =1,2,3,... do

3: Online Multi-step Prediction:

Ft (ytt_e At t;éﬁt_l,@t_l) = yﬁrf tn // Give multi-step prediction results for .

if t > 1 then

4: Obtain Ground Truth: /"¢ .
it+n-1

5: Update Sliding Window New arriving samples are spliced with the data in 77, while the old data at the

far end of the window is discarded;

6: Calculate Current Model Loss:

Ly =loss(F11 Sy, 13%-1,001), FLke_));
7: Update Dynamic Loss Pool:

B=[%,..1—%;
8: Drift Detection:

Mz

Zi;

Calculate the mean value of B, Bgyg = ﬁ
n+l

¥

if £; <Bgyg then

9: Update Sub-graphs under Non-Drift

for @ =1,2,...Q;, do // Sub-graph updating under 11,Eq.(6.18)
9y-1,0;_1 = Adam(L,(Eq.(7.9));el ), Fy;
Gt =%-1, Ft = F-1;

end
else

10: Update Sub-graphs under Concept Drift
for @ = 1,2,...an do // Sub-graph updating under 19,Eq.(6.18)

11: Generate Dynamic Graphs: Gf(Eq.(6.7));
12: Calculate Multi-head Attention Weights:

heads. j,,G%" (Eq.(6.10),Eq.(6.11));
13: Update the Original Correlation Graph Weight

G 1 =9 =G -0 +%9y - (1-0)(Eq.(6.12));
14: Update the Model

9y-1,0¢-1 = Adam(£,(Eq.(7.9)); 62, (Eq.(6.17), Fy;
Gt =%-1, Ft = Ft-1;

end

end

end
end
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exhibit varying degrees of fluctuation and trend shifts during these drift events. For two
traffic datasets, the factors causing drift are relatively complex. In addition to periodic
drifts associated with time-related patterns such as day-night cycles, there are numerous
irregular 'unexpected events’ such as accidents or temporary road closures. As shown
in Fig. 6.4, we randomly selected one data stream from each of the four multi-streams
across the three datasets and extracted a segment to illustrate the trend changes within

the selected streams.

WEATHER (psur)
1040
1020
1000
980
1 3001 6001 9001 12001 15001
120 WEATHER (rh2m)

1 3001 6001 9001 12001 15001
METR-LA
75
60
45
30
CARlN | | |
o LI LHNNIII , |
1 3001 6001 9001 12001 15001
20 PEMS-BAY
60
40
20
0
1 3001 6001 9001 12001 15001

Figure 6.4: Drift patterns in different datasets.

Unlike traditional experimental setups, we will only use small-scale data of the dataset

for model training while keeping the testing data unchanged. Since all three multi-
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stream datasets experience varying degrees of concept drift over time, this experimental
setup aims to assess the model’s adaptability to unknown concept drifts along the future
timeline. Specifically, in our setup, we allocate the first 20% of the data for training, 10%
for validation, and reserve the final 20% for evaluating the model’s performance across
the two traffic datasets. For the weather dataset, we allocate the first 10% for training,

10% for validation, and reserve the final 40% for evaluating the model’s performance.

Table 6.2: Summary of Datasets

DataSet METR-LA PEMS-BAY WEATHER

Stream Nodes 207 325 10

Samples 34272 521160 29639

Update Rate 5min 5min 1h

¢ METR-LA is a publicly available traffic dataset that records the velocity of vehicles
on LA County’s road network. Loop detectors positioned at 207 places provide the
data. In 2012, the dataset spans four months, from March to June [86]. 34,272
time slices overall are produced from the 5-minute intervals at which traffic data

is recorded.

e PEMS-BAY is a publicly available traffic dataset that gathers traffic data from the
California Transportation Agencies’ (CalTrans) Performance Measurement System
(PeMS) [134]. It includes information from 325 Bay Area sensors and covers a
period of six months, from 1 January to 31 May 2017 [86]. 52,116 time slices overall

from the 5-minute interval recording of the traffic data.

e WEATHER is a publicly available weather dataset gathered from ten weather
stations in Beijing, China [125]. It includes hourly weather observations taken

between 3:00 am and 3:00 pm, spanning 1188 days from 1 January 2015, to 31
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May 2018. All weather stations share a common set of characteristics for weather
monitoring. Two particular meteorological parameters, psur (surface air pressure)
and rh2m (relative humidity at two meters above ground surface), were chosen for

our research.

Baselines. We choose a wide range of baseline methods, including conventional ma-
chine learning frameworks, standard GNN-based frameworks, and multi-stream self-
adaptation frameworks.

Traditional Regression Frameworks:

HA: Historical Average, a method that completes the prediction objective by using

a weighted average of historical data;

* VAR: Vector Auto-Regression model, a method that predicts each variable based

on its own past values and the past values of other variables in the dataset;

* FNN: Feedforward Neural Network with two hidden layers and L2 regularization;

* FC-LSTM: Fully Connected LSTM, referring to a recurrent neural network archi-

tecture where the hidden units of the LSTM modules are fully connected.

GNN-based Methods:

* DCRNN [86]: A diffusion convolutional layer is designed to replace the fully
connected layer of the GRU [133] in Diffusion Convolutional Recurrent Neural

Network to model spatiotemporal dependencies;

* Graph-WaveNet [88]: In Graph WaveNet, node embedding is utilized to learn an
adaptable dependency matrix in the graph convolutional layer, enabling effective

capture of both temporal and spatial dependencies;
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* AGCRN [95]: Two adaptive blocks are incorporated into the Adaptive Graph
Convolutional Recurrent Network to capture dependencies between streams: node

adaptive learning and data-adaptive graph;

* DGCRN [91]: The Dynamic Graph Convolutional Recurrent Network integrates
dynamic graphs, generated by dynamic filters and pre-defined graphs, into a

dynamic convolutional recurrent network;

¢ ASTGCN [90]: Attention-based Spatial-Temporal Graph Convolution Networks

introduce a novel attention mechanism that operates alongside graph convolution;

e STFGNN [89]: Spatial-Temporal Fusion Graph Neural Networks is a data-driven
approach that generates temporal maps during training to compensate for deep

correlations that spatial maps may not reflect;

e GTS [96]: Gumbel sampling is utilized by Graph for Time Series to generate the

discrete graph structure among multiple data streams;

» S2TAT [135]: The Synchronous Spatiotemporal Graph Transformer (STAT) block
achieves simultaneous modelling of data by integrating attention mechanisms and

graph convolutions.
Multi-stream Self-adaptation Methods:

* MuNet [111]: One periodic re-trained predictor and Bayesian connectors are
designed to learn and convey new distribution information caused by concept drift.
We select ten streams to serve as the traffic datasets for testing because the method

is limited to small-scale datasets;

¢ SAGN [132]: A GNN-based concept drift self-adaptation framework, the adaptation
process is achieved by sub-graph online learning and periodic validation and

reselection of models stored.
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* MSGR [140]: The graph-regularization-based multi-stream adaptation framework
leverages a nearest-neighbor graph structure to construct regularization terms

during the online adaptation phase.

6.4.2 Experimental Setup

Platform. The model implementation is done using PyTorch 1.7.1. All experiments are
conducted on a server equipped with an Nvidia Quadro RTX 8000 GPU with 48GB of
memory and an Intel(R) Xeon(R) Gold 6226R CPU operating at 2.90GHz.

Parameter settings. For the model initialization phase, the temperature parameter
0 of the Gumbel-softmax trick is set to 0.9. The training epoch number is 200, and
the initial learning rate is 0.005 for all datasets. The diffusion step number is set to 3
for METR-LA and WEATHER (psur), 2 for PEMS-BAY and WEATHER (rh2m). The
sub-graph updating rate eil under non-drift is set to 0.000005 for all datasets. The base
sub-graph updating rate e(z) ; under drift is set to 0.000005 for PEMS-BAY, WEATHER
(psur) and WEATHER (rh2m), 0.00001 for METR-LA. The sub-graph updating epoch
number is set to 1 for WEATHER (psur) and 3 for other datasets. The sliding window
size 7 is set to 48. For the ADGAT module, the sub-graph weight fusion parameter o is
set to 0.0001, and the attention head number is set to 4.

Evaluation Metrics. We evaluate the performance of CGLM and all the compared
methods using mean absolute error (MAE), mean absolute percentage error (MAPE), and
root mean square error (RMSE). First, the predicted values and ground truth values are

transformed back to their original scales, and then the evaluation metrics are computed.
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Table 6.3: Performance Comparison for SAGN and Baseline Methods on Real-world Datasets

Dataset| Horizon |Metrif HA VAR FNN FC-LSTM DCRNNW(;?I)itAGCRN STFGNN GTS S2TAT ASTGCN DGCRN MuNet SAGN MSGR CGLM
MAE| 951 398 505 342 370 285 302 343 357 362 504 283 847 3.68 257 2.49

Horizon 3 |RMSE| 13.66 7.35 7.88 622 982 542 573 769 827 7.8 989 545 847 649 465 4.46
MAPE|(30.33% 9.19% 14.51% 9.65% 8.40% 7.54% 821% 8.60% 8.16% 8.84% 10.35% 17.42% 17.86% 6.53% 6.80% 6.42%

< MAE | 951 497 579 403 488 332 346 428 468 437 670 336 850 482 295 2.88
= |Horizon 6 RMSE| 13.66 890 894  7.31 1248 662 687 984 1030 9.69 1254 674 850 833 544 529
= MAPE|30.33% 11.63% 17.07% 11.67% 10.97% 9.26% 9.88% 11.05% 10.77%10.92% 13.03% 9.45% 17.91% 8.08% 8.28% 7.95%
= MAE | 951 622 6.73 510 650 385 395 548 615 542 898 435 856 6.36 339 3.34
Horizon 12 RMSE| 13.66 10.24 10.18 884 1548 7.81 805 1227 1248 1199 1544 858 856 1052 627 6.18
MAPE|30.33% 14.66% 20.14% 15.34% 14.43% 11.18% 11.61% 14.63% 14.03%13.71% 16.62% 12.97% 18.05% 9.88% 9.90% 9.69%

MAE | 575 149 218 152 143 137 146 153 141 160 182 138 367 136 134 1.33

Horizon 3 |RMSE| 9.65 260 398 308 304 2890 303 317 276 328 382 288 367 251 248 2.46
MAPE|14.56% 3.00% 4.92% 3.20% 3.05% 2.90% 3.20% 3.35% 3.00% 3.47% 4.16% 2.92% 10.87% 2.88% 2.719% 2.78%

% MAE | 575 190 272 214 185 178 186 195 181 195 234 180 369 172 167 1.65
8 | Horizon 6 |RMSE| 9.65 339 517 448 421 402 410 431 368 426 505 404 3.69 327 320 3.16
2 MAPE|14.56% 4.03% 6.47% 491% 4.26% 4.10% 4.31% 4.52% 4.14% 4.48% 553% 4.12% 10.89% 3.92% 3.75% 3.70%
= MAE | 5.75 236 3.61  3.04 231 220 224 245 220 235 302 231 375 206 198 1.94
“ lHorizon 12/RMSE| 9.65 422 672 612 529 499 502 538 441 512 645 525 375 390 382 3.73
MAPE|14.56% 5.18% 8.95% 7.47% 553% 527% 5.34% 5.83% 5.19% 553% 17.23% 5.58% 10.99% 4.92% 4.71% 4.61%

MAE | 29.56 143 485 260 138 137 181 224 121 184 229 115 353 122 130 1.05

| Horizon 3 |[RMSE| 40.01 410 801 638 471 492 505 533 304 524 519 459 353 157 162 137
| MAPE| 3.09% 0.15% 0.50% 0.26% 0.14% 0.14% 0.19% 0.23% 0.12% 0.19% 0.24% 0.12% 0.36% 0.12% 0.13% 0.11%
2 MAE | 2956 223 5.00 3.5 212 190 220 269 191 243 281 209 355 189 213 1.65
& | Horizon 6 [RMSE| 40.01 477 821 713 574 533 534 565 385 557 562 566 355 232 251 201
2 MAPE| 3.09% 0.23% 0.51% 0.32% 0.22% 0.19% 0.23% 0.28% 0.19% 0.25% 0.28% 0.21% 0.36% 0.19% 0.22% 0.18%
E MAE | 2956 3.12 580  3.19 355  2.72 305 342 314 3.18 355 467 366 3.02 359 2.70
S |Horizon 12RMSE| 40.01 556 888  7.69 725 585 600 624 518 608 630 818 366 353 401 3.09
= MAPE| 3.09% 0.32% 0.59% 0.39% 0.36% 0.28% 0.31% 0.35% 0.32% 0.33% 0.36% 0.48% 0.37% 0.31% 0.37% 0.28%
MAE | 20.78 7.28 13.72 10.18 637 616 7.33 849 629 810 753 640 1810 6.80 6.14 5.63

| Horizon 3|RMSE| 2464 999 1606 1319 921 906 1054 1176 885 1109 1035 9.36 1810 7.91 744 6.94
g MAPE|49.82% 19.15% 23.65% 17.70% 15.10% 14.74% 15.54% 20.59% 15.68%19.25% 18.59% 13.77% 57.17% 15.39% 15.31% 13.69%
) MAE | 20.78 11.85 18.27 1550 934 880 10.77 1156 9.14 1092 11.01 1044 1819 10.24 893 7.94
& | Horizon 6 [RMSE| 24.64 1495 2092 19.06 12.92 1245 1468 1551 1214 1468 1448 1434 1819 1174 10.38 9.42
= MAPE|49.82% 32.85% 32.33% 28.52% 23.59% 21.74% 26.84% 29.77% 24.40%27.56% 28.52% 20.32% 57.45% 22.87% 22.97% 19.97%
g MAE | 20.78 16.06 1655 15.07 1298 1152 1259 12.94 11.89 12.83 12.77 22.15 18.68 13.46 11.62 10.33
8 |Horizon 12/RMSE| 24.64 19.47 1941 1824 17.19 1583 16.83 1749 1527 17.31 1666 27.72 18.68 15.04 13.14 11.88
= MAPE|49.82% 46.85% 28.87% 26.89% 36.79% 29.29% 32.41% 34.76% 33.10%34.03% 35.27% 21.82% 58.56% 30.95% 30.35% 26.75%
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Table 6.4: Performance Comparison Based On Large-scale Data Training

Graph

WaveNet DGCRN GTS SAGN CGLM

Horizon Metric

MAE  2.69 2.62 264 246 2.39
Horizon 3 RMSE  5.15 501 495 441 4.28
MAPE 6.90% 6.63% 6.80% 6.41% 6.14%
MAE  3.07 2.99 301 279 271
Horizon § RMSE  6.22 6.05 585 5.15 5.03
MAPE 8.37% 8.02% 8.20% 7.64% '7.38%
MAE  3.53 344 341 3.16 3.09
Horizon 12 RMSE  7.37 719 674 591 5.82
MAPE 10.10% 9.73% 9.90% 9.10% 8.85%

METR-LA

6.4.3 Experimental Results

We evaluate CGLM on three real-world datasets of varying scales. They have different
numbers of stream nodes; the two traffic datasets, METR-LA and PESM-BAY, have more
stream nodes, while the weather dataset has fewer stream nodes. This also demonstrates
the adaptability of our proposed CGLM to data streams of varying scales.

Table 6.3 presents the overall comparison results. Our method outperforms other base-
lines in multi-step prediction tasks across all datasets when only small-scale data is
available for model initialization. For the four multi-streams across the three datasets,
our CGLM improves predictive performance over the state-of-the-art GNN-based model
by 2.46%, 1.41%, 12.75%, and 9.57%, respectively. The METR-LA and WEATHER (rh2m)
datasets contain more drifts, whereas the PEMS-BAY and WEATHER (psur) datasets
exhibit more regular and consistent data distributions. This indicates that our CGLM is
not limited by the degree or frequency of drift occurrences. The continual graph learning-
based design allows the model to dynamically adjust the self-adaptation mechanism and

level based on the drift’s extent.
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Additionally, we conduct further comparison tests using several high-performance GNN-
based methods on the METR-LA dataset, as shown in Table 6.4. In these tests, the
first 70% data of the dataset is used for initial model training, 10% data is used for the
validation, and the test data remains unchanged. It can be observed that traditional
static models show improved prediction performance due to covering more data distribu-
tions during training. However, our proposed CGLM still maintains the best prediction

performance.

By comparing Table 6.3 and Table 6.4, it can be seen that when the amount of data
used for initial training is significantly reduced, concept drift has a noticeable impact
on the performance of static models. Most models exhibit a decline in performance due
to the inability of the training data to cover the unknown data distributions in the
future timeline. Even though there are relatively regular changes in these datasets,
maintaining high-performance predictions continuously requires the model’s adaptive

capabilities.

To demonstrate the practical applicability of the proposed CGLM framework in real-world
scenarios, we record the runtime and compare it with baseline methods. For fairness,
all methods are initialized using 70% of the METR-LA dataset during offline training.
As shown in Table 6.5, our method exhibits the longest computation time; however, the

increase is not exponential, and remains within a reasonable range.

More importantly, as listed in the dataset descriptions, the fastest sample update fre-
quency in our benchmark is found in the two traffic datasets, where new data arrives
every 5 minutes. In contrast, the average time required for online adaptive learning
at each time step in our framework is significantly shorter than this interval. This
means our model can complete its online adaptation well within the data update window,

ensuring that there is no delay in prediction or downstream application.
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Table 6.5: Runtime Comparison on METR-LA Dataset

Computational Stage

Method | Offline Training (s/epoch) | Online Testing (s/sample)
GTS 48.87 0.0006

SAGN 49.24 0.34

MSGR 51.96 1.06

SAGN 53.34 1.15

Table 6.6: Ablation Study

Horizon Metric

Wav

Graph
eNet

w/o ol w/o agg w/o adp CGLM

Horizon 3 RMSE

MAE 2.85 274 3.24 260 249

5.42 5.18 5.61 443 4.46

MAPE 7.54% 17.05% 9.04% 6.90% 6.42%

Horizon 6 RMSE

MAE 3.32 3.22 3.92 3.07 2.88

6.62 6.27 6.98 5.69  5.29

MAPE 9.26% 8.87% 11.55% 8.69% '7.95%

METR-LA

Horizon 12 RMSE

MAE  3.85 3.76 491 3.63 3.34

7.81 7.39 8.54 6.73 6.18

MAPE 11.18% 11.08% 15.13% 10.65% 9.69%

6.4.4 Ablation Study

We perform ablation experiments on the METR-LA dataset to further validate the

effectiveness of the various components in our framework. Graph-WaveNet is the GNN-

based model with the best performance initialized on small-scale data in Table 6.3, we

also add it to the comparison to show the performance difference.

w/o ol refers to the model operating entirely in offline mode, meaning that when new

samples arrive, the model does not receive any updates and relies solely on the initialized

model to perform the prediction task on unknown data. From Table 6.6, it can be seen

that even in offline mode, our method maintains the best performance. It also shows

the adaptive correlation graph structure generated by our designed AGG has better
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generalization performance than pre-defined graphs.

w/o agg denotes that we remove the attention-weighted part of the sampled graph
during the graph generation process in the AGG module. We only use the sampled graph
to construct a multi-stream correlation graph structure. Additionally, there is no drift
detection or ADGAT module during the online testing phase. Sub-graph updating relies
solely on fine-tuning the node weights with new samples. As shown in Table 6.6, its
performance declines when the model lacks adaptive modules. Although new samples
can still help adjust the sub-graph weights, this undifferentiated, lightweight update

method is insufficient for adapting to unknown concept drift.

w/o adp represents that the ADGAT module is removed. The initialized model still
includes the complete AGG module. However, during the online testing phase, there will
no longer be a sliding window to store new samples for dynamic graph generation and
weighting fusion between the original and new graphs. Instead, only lightweight sub-
graph updating will be performed using the new samples. It can be seen that, compared
to the results of w/o ol, the model’s performance improves due to the adjustment of
sub-graph weights with new samples. However, the self-adaptation mechanism must

still be active during the online testing phase to better adapt to concept drift.

To provide a clearer understanding of our proposed method’s performance during the
online adaptation phase, we present a comparison of loss trends between our method and
existing online adaptation approaches when drift occurs in multi-stream METR-LA (the
average loss of these three methods on the validation set are all below 2.75). As shown
in Fig. 6.5, our method demonstrates enhanced adaptability to new data distributions
and achieves superior average prediction performance compared to the two existing

approaches.
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Figure 6.5: Online Drift Adaptation Comparison.

6.4.5 Parameters Sensitivity

The parameter sensitivity experiments are constructed in this section. Four parameters
in our framework are tested: the sliding window size 1 for dynamic graph generation, the
sub-graph update rate e(l)l, e(z) ; for non-drift and drift scenarios, the adaptive parameter o
for weight fusion during original correlation graph updating. MAE is used as the metric
in this section, and all testing results are shown in Fig. 6.6.

The parameter 7 is the size of the sliding window, and it determines how many recently
obtained new samples are used to generate the new dynamic adaptive graphs. Through
testing (Fiig. 6.6 (a)), it can be seen that this parameter is not sensitive. This indicates
that our designed ADGAT can effectively capture changes in the latest samples. However,
considering the efficiency of online computation, this parameter should not be set too
large to avoid unnecessary computational burden.

The sub-graph update rate e(l)l and ei ; (Fig. 6.6 (b), (¢)), represents different learning

degrees under non-drift and drift situations. It can be observed that both ell)l and e%l
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Figure 6.6: The effect of different parameters in the online self-adaptation phase.

should not be set too large, as this may lead to erroneous updates or overfitting. In
our framework, the role of ei ; is to maintain model performance stability by updating
sub-graphs lightly. 9(271 is a base updating rate for drift-detected scenarios. The model

automatically adjusts ei ; based on the extent of drift according to Eq.(6.17).

The o represents the initial coefficient for updating the weights of the original graph
structure in ADGAT. This coefficient will continuously adapt and adjust during the
online testing phase, but the initial value should not be set too large. It can be observed
from Fig. 6.6 (d) that an excessively large initial value may cause the model’s weights to

concentrate too heavily on drifting regions, leading to a risk of overfitting.
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6.5 Summary

In this paper, we propose a continuous graph learning-based multi-stream concept drift
adaptation method, CGLM. This framework is designed around a multi-stream corre-
lation graph structure and achieves self-adaptation to new data distributions through
adaptively driven sub-graph updating. Unlike traditional GNN model training methods
that rely on pre-defined graphs and large amounts of historical data, our approach
introduces a new graph neural network architecture embedded with an adaptive graph
generation module, AGG. This allows the construction of a highly generalizable multi-
stream correlation graph structure and initialising the base prediction model using only
small-scale training data.

When multi-stream updates, drift detection results trigger different continuous graph
learning-based self-adaptation mechanisms to complete the sub-graph updating process.
The lightweight adjustment for sub-graphs is applied under non-drift conditions. Corre-
spondingly, we design the ADGAT module, working with the proposed AGGto handle
drift, which uses multi-head attention to capture drifting nodes within sub-graphs and
maintains global stability through a diffusion mechanism. The adaptive parameter o
automatically adjusts the degree of weight fusion. Under this adaptive mechanism,
any distribution and local correlation changes in the multi-stream data are promptly
captured and addressed, enabling the model to continuously provide high-performance
multi-step predictions across all streams. Extensive and comprehensive experiments

demonstrate the effectiveness and superior performance of CGLM.
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CHAPTER

MULTI-SCALE ADAPTIVE CONVOLUTIONAL GRAPH FOR

MULTI-STREAM CONCEPT DRIFT

7.1 Introduction

In streaming environments, data distributions often change over time, a phenomenon
known as concept drift [53]. This occurs frequently in real-world scenarios, such as shift-
ing topics in social media discussions or abrupt changes in weather and traffic patterns
[141]. Concept drift is inherently unpredictable. Moreover, the rapid growth of data
sources and the speed of information generation adds further complexity to prediction
tasks in such contexts [56]. Traditional machine learning methods typically assume
consistency between training and test data distributions [99]. However, when static mod-
els fail to adapt to new distribution patterns in dynamic data streams, their prediction
performance can degrade significantly [107]. This limitation has led to the development
of concept drift adaptation techniques aimed at improving real-time prediction in the

face of changing data distributions [136].

143



CHAPTER 7. MULTI-SCALE ADAPTIVE CONVOLUTIONAL GRAPH FOR
MULTI-STREAM CONCEPT DRIFT

The goal of concept drift adaptation is to enable models to recognise and learn new distri-
bution patterns from incoming data, thereby addressing the concept drift problem [142].
Adaptation mechanisms are typically activated by pre-defined rules or drift detection
modules [137]. While these approaches perform well in single-stream scenarios, they also
exhibit certain limitations [114]. In a single-stream context, the focus is primarily on
isolated drift patterns and their effects. However, in multi-stream environments, there
may be spatial and temporal correlations between streams, meaning that drift does
not always occur in isolation. Instead, multiple streams may be impacted simultane-
ously [130]. In such situations, constructing separate adaptation frameworks for each
stream becomes inefficient and difficult to scale. As a result, developing a concept drift
adaptation framework based on multi-stream correlations has emerged as a significant

challenge in the field [111].

The correlation among multiple streams is essential for constructing an effective con-
cept drift adaptation framework [138]. Beyond reducing computational redundancy by
avoiding repeated use of single-stream adaptation frameworks, this correlation intro-
duces more complex drift patterns. When drift occurs—such as congestion, accidents, or
road maintenance—its impact may spread synchronously or asynchronously to multiple
connected routes [140]. Figure 7.1 illustrates an example of multi-stream correlation
changes. There are two cross-sea passages in the figure. Due to their proximity, conges-
tion on the road segment monitored by sensor A leads to simultaneous congestion on the
segment monitored by sensor B (concurrent drift). Soon after, the increased volume of
vehicles entering another cross-sea passage causes congestion on the road monitored
by sensor C, which is affected by the previous congestion (delayed drift). Furthermore,
sensor D, being located farther away, may not be affected if congestion on the cross-
sea passage is quickly resolved. In real-world applications, various complex correlation

changes can also occur due to temporary maintenance, road repairs, and other factors
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unrelated to the distance between locations.
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Figure 7.1: In traffic scenarios, multi-stream correlations can change dynamically. Sen-
sors generate data streams, and when drift occurs, different streams may experience its
impact on different streams may be concurrent or delayed, occurring at varying time
steps.

In recent years, research on multi-stream adaptation frameworks has gradually gained
attention. However, existing frameworks still exhibit certain limitations. Some methods
are designed specifically for two to three data streams, requiring one stream to serve
as the source and the others as targets [143], akin to the source and target domains in
transfer learning [144]. Additionally, some approaches are tailored for small-scale multi-
stream scenarios and specific drift types [111]. Some studies have explored using graph
neural networks to capture and represent the correlation among multiple sequences,
thereby driving prediction tasks [139]. Motivated by these studies, [132] and [140]
introduce GNN-based multi-stream adaptation frameworks with similar motivations,
but the former only relies on simple online learning, while the latter focuses more on the
graph structure constraints of adaptation learning.

To further bridge gaps, we propose a novel multi-scale adaptive convolutional graph
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framework, MACG, to address multi-stream concept drift by tackling two key challenges:
constructing a generalizable multi-stream correlation graph during initial training and
enabling proactive model updates to predict and adapt to drift during online testing. To
achieve this, we design adaptive graph convolutional layers that apply multi-scale convo-
lutions across temporal scales to historical data, followed by independent multi-sampling.
This captures complex spatio-temporal correlations and produces a highly generalizable
graph structure. During online testing, the model adapts dynamically based on real-time
feedback. In non-drift periods, lightweight sub-graph updates are performed using new
samples. When drift is detected, a more robust strategy is applied. Firstly, the multi-scale
adaptive convolutional layers used in training are performed on a sliding feature window
to generate a new graph, which is fused with the previous graph by a learnable parame-
ter using an exponentially weighted moving average (EWMA) style. The proactive drift
prediction module matches current drift patterns with historical ones to guide updates.
To prevent mismatches with unknown drift patterns, we incorporate a shadow model
that performs synchronized updates using a data sliding window. Dynamically random
validation ensures that model adjustments proceed in the correct direction.

The contributions of this chapter are as follows:

¢ We introduce MACG, a multi-scale adaptive convolutional graph framework de-
signed to overcome concept drift in multi-stream. MACG performs multi-sampling
on historical data across different time-scale convolutions to initialize a highly gen-
eralizable correlation graph structure without pre-defined graphs during training.
This approach captures various levels of spatial-temporal dependencies between
streams, ensuring that the generated graph structure provides a more flexible and

comprehensive representation of data characteristics.

* The novel adaptation learning module, is designed to facilitate model updates for

effective drift adaptation. When drift is detected, MACG first generates a new
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correlation graph by applying the same multi-scale adaptive convolutions used
during training to the feature sliding window, then fuses it with the previous
graph. Next, MACG leverages historical data to match potential drift patterns
and combines them with new samples and the fused graph to predict the current
drift and update sub-graph weights. Furthermore, a shadow model synchronously
updates using only new samples, while dynamic random validation mitigates the

risk of erroneous updates caused by misinterpreted drift trends.

* In this chapter, extensive experiments are conducted on three large-scale real-
world datasets. The results indicate that MACG achieves significant improvements

over state-of-the-art baseline methods.

The work described in this chapter is based on the manuscript "Multi-Scale Adaptive
Convolutional Graph for Multi-Stream Concept Drift" under consideration by IEEE-
TCYB.

7.2 Problem Statement

Before introducing our proposed framework, we define our problem first in this section.

We summarise important notations of our settings in Table 7.1.

Definition 7.1 (Multi-Stream). A multi-stream, represented as %, consists of multiple
data streams 2°, where & = {21,22,...,92'}. Each individual data stream 2° within .¥
includes a set of feature time series, defined as 2 ={J1,972,...,977}. At a given time

step ¢, the value of a particular time series I is represented by X{ .

Given the complexity of multi-stream environments, this chapter assumes that each data
stream 2" in the multi-stream . contains identical feature time series. For instance,

in an urban traffic network, monitoring points represent a multi-stream, where each

147



CHAPTER 7. MULTI-SCALE ADAPTIVE CONVOLUTIONAL GRAPH FOR
MULTI-STREAM CONCEPT DRIFT

Table 7.1: Summary of Notations

Notations Description
F ={@1,... 91} | Amulti-stream contains i data streams.
@ ={J1,..., 97} | Adata stream contains j time series.
gJ = {X{ } A time series in the data stream.
X/ The feature value of the time series.
tezZ”* The time step.
P The probability distribution.
A The past window size.
n The prediction time steps.
4 The correlation graph structure of multi-stream.
F The predictor for multi-stream.
S pral gpte | The training, validation and testing sets.

stream consists of multiple feature time series such as speed or vehicle count. Our study
focuses on shared features across these streams, where identical feature series from

different data streams collectively form the multi-stream in the task at hand.

Definition 7.2 (The Correlation in Multi-Stream). The spatio-temporal correlation
between streams in the multi-stream . is defined as 4. ¢ also includes the potential

correlations between drifts caused by complex spatio-temporal dependencies.

When discussing spatio-temporal correlation between streams, both fixed and dynamic
factors should be considered. For instance, in urban traffic monitoring networks, sensor
location information typically serves as a fixed factor. However, traffic flow between
roads can be mutually influenced by dynamic factors like traffic accidents, resulting in
complex drift scenarios and relationships. These dynamics include a higher-dimensional

spatio-temporal correlation change between streams. For a multi-stream, the global
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correlation typically remains stable, while the local correlation may change over time

caused by concept drift.

Definition 7.3 (Concept Drift in Multi-Stream). The data distribution is represented as
2. Concept drift occurs at time step ¢ + 1 if the data distribution at that time, 22, 1(%),
differs from the distribution at the previous time step, Z(#). The concept drift in the

multi-stream is identified when drift occurs in any stream within .%.

Definition 7.4 (Concept Drift Correlation in Multi-stream). In multi-stream environ-
ments, drift correlations can be categorized based on the time difference between drifts.
Concurrent drift refers to concept drift occurring simultaneously across multiple streams.
On the other hand, delayed drift occurs when there is a time gap between the drifts in
different streams. A detailed definition of the correlation between drifts in multi-stream

settings is provided in [132].

Problem 5 (Adaptation Learning for Multi-Stream at #-step with Dynamic Correlation
Graph %;). At time step t, given the observed 6-step data and the correlation structure

%t — 1), to map next n-step data and 9, formalized as follows:

(7.1) F1,%; = argmin ¢ (f (Fr-p+1:6:Ge-1), Fre1:847) -
feZF,94

where %;,%; are learned adaptively from Fi_1,%;_1.

Our task shares some similarities with traditional multi-sequence prediction tasks, but
differs in that we consider the concept drift problem within the test set. These drifts
may negatively impact the model’s prediction performance. In our setting, the initial
multi-stream correlation graph structure is learnable and adaptive, and the test phase is
conducted online. The model is no longer static; instead, it undergoes adaptation learning

with continuously incoming new samples.
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7.3 Methodology

In this section, we provide a detailed introduction to the proposed MACG framework.
Figure 7.2 presents an overview of the framework’s design. We address model adap-
tation to concept drift from both the initialization and online testing phases. During
initialization, we design a novel adaptive graph convolution module to help generate
a multi-stream correlation graph structure with high generalizability. Specifically, we
apply convolutions at multiple temporal scales on historical data and perform multi-
sampling to capture complex spatio-temporal correlations between streams, especially
for recognizing dynamic shifts at different frequencies across streams.

During the online testing phase, real-time prediction performance serves as an indicator
for concept drift detection. Based on the detection results, tailored adaptation strate-
gies are employed to ensure accurate sub-graph updates. In non-drift scenarios, new
samples directly guide sub-graph updates. When drift is detected, multi-scale adaptive
convolutions are applied to a feature sliding window to generate a new correlation graph,
which is then fused with the previous graph. A proactive drift forecasting module further
matches and predicts potential drift patterns using historical data. To prevent erroneous
updates, a shadow model and a dynamic random validation mechanism are incorporated

into the framework.

7.3.1 Spatio-temporal Correlation Graph Initialization

In recent years, GNN-based frameworks commonly rely on pre-defined graphs, often in-
corporating location information from multi-stream sensors, to construct spatio-temporal
correlation graphs. However, this approach faces challenges such as the unavailability
of pre-defined graphs, reliance on fixed location information, and limited generalizabil-
ity needed for adapting to concept drift. To overcome these issues, we propose a novel

spatio-temporal correlation graph construction method based entirely on historical data.
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Figure 7.2: Overview of the MACG framework. The left portion depicts the model initial-
ization phase, utilizing historical data to construct a highly generalized multi-stream
correlation graph structure. Multi-scale adaptive convolutional layers are designed to
individually extract features across diverse time scales, incorporating multi-sampling
techniques. These features are iteratively integrated into a diffusion recurrent graph
convolution layer, enabling the model to capture intricate spatio-temporal correlations.
The right portion illustrates the online testing phase, where new samples come continu-
ously. Real-time prediction performance serves as a drift detection indicator, guiding the
model’s adaptation through tailored strategies.

7.3.1.1 Multi-Scale Adaptive Correlation Graph

Although drift occurrence is difficult to predict and may involve unknown data dis-
tributions, thoroughly leveraging historical data remains essential when constructing
models. Historical data contains complex spatio-temporal correlations between streams,
particularly with reference to time, where non-synchronous variation patterns may exist
across different streams. These characteristics play a significant role in enhancing model

generalization to adapt to concept drift.

To address this, we design a multi-scale adaptive convolutional graph structure to
fully explore the complex relational patterns in historical data. Existing work, such
as [96], also recognized the limitations of pre-defined graphs and used a sampling-
based approach to construct adjacency-matrix-like structures. Although this method

has some limitations in capturing complex spatio-temporal information, it provided
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us with valuable insights. In our design, we integrate multiple convolutional layers of
different time scales for feature extraction. These convolutional layers are embedded into
independent hypernetworks that capture both synchronous and asynchronous patterns
across streams within multiple time windows along the temporal dimension. Specifically,
we treat all the historical data from the multi-stream .#!" as a whole, and for each

different time scale, we perform two convolution sets:

Conv’ : H* = ReLu(BN1(Conv*(#)))
(7.2)

Conv’ : H% = ReLu(BNy(Convi(H¥)))
where k represents different time scales, We can adjust %2 based on the complexity of the
multi-stream data and the prediction requirements. In this chapter, based on our multi-
step prediction task, % is set to 2, which allows for flexible capturing of dependencies
between streams at both long and short time steps. Then, the fully connected layers (FC)
are used to achieve vectorization: z* = FC(vec(H ’5)). Each stream is mapped into one

dimension in z*.

Then, to calculate the probability-based correlation weights between streams and gener-
ate the sampled graph, we first use a one-hot, non-diagonal interaction graph that treats
each stream node as both a "receiver" and "sender." This setup allows us to simulate
directed relationships between stream nodes via feature combinations, represented as an
N-dimensional vector, Q. Next, the Gumbel-Softmax reparameterization trick [119] is
applied to each stream node pair (2%,2") in the vector 2, resulting in a sampled graph

structure, denoted as Ggum:

{Gumi}igN = —log(—log(Ui)), Ui ~ U(O, 1)

Goum = softmax(log(M
1-pw

(7.3)
)+ (Gum, — Gum,))/6
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where {Gum;};< are independently sampled Gumbel noise terms, adding randomness to
the logits of each potential pairwise connection and introducing variability that captures
the stochastic nature of real-world connections. These terms support differentiable
sampling, allowing gradients to flow during training. Here, p(, ), represents the discrete
probability of the connection between streams 2% and 2V, while § is the temperature
parameter that controls the smoothness of the sampling distribution.

While the graph generated through Gumbel sampling captures the overall distribu-
tion of historical data, concept drift in multi-streams often occurs locally. It usually
affects specific subsets of streams or time periods. To capture these patterns, we perform
multiple independent Gumbel samplings on %k extracted multi-stream feature vectors
{Q;}i<r. These feature vectors are processed using k-scale convolutions. The multi-scale
convolution captures asynchronous changes across streams at different temporal gran-
ularities. This is crucial for identifying local and temporal variations. By averaging
k independently sampled graphs, as shown in Eq. (7.4), we reduce noise and stabi-
lize the model. This approach ensures robustness against spurious fluctuations while

maintaining adaptability to meaningful drift:

k .
(7.4) Gacum == ) GGum
i=1

| =

To enhance the robustness and learnability of the graph generation process, we intro-
duce an adaptive embedding matrix. Two dictionaries, £ and E9, are initialized with
learnable parameters to represent the source and target node embeddings, respectively:
E1,E5 € RN*? where d is the embedding dimension. The adaptive embedding matrix
Aqdp is computed by taking the dot product of E1 and Eg, followed by a ReLU activation

and a softmax function:

(7.5) Aqgp = Softmax(ReLu(EE?))
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The ReLLU activation function removes weak connections between streams, while the soft-
max function normalizes the matrix, ensuring weights represent the relative importance
of node interactions. This adaptive matrix acts as an additional layer to model dynamic
relationships between stream nodes, capturing the evolving correlations between senders
and receivers in sampled graphs.

In our design, the generated correlation graph structure is then embedded into a dif-
fusion convolutional layer, where the self-learned adaptive spatial correlation matrix
plays a crucial role. It serves as a pre-diffusion process, refining the learned graph
structure before applying graph convolutions to better capture the correlations between
streams. Through this approach, the adaptive matrix dynamically adjusts the pairwise
correlations, allowing the model to better represent the actual data streams and respond
to changing patterns in the data.

Finally, the dynamic weighted sampled graph and the adaptive matrix are fused and

embedded into the diffusion process as the multi-stream correlation graph structure:

P
(7.6) G = ZOGZGumprl + AP, S Wy
p:

where P represents the finite steps of graph signal diffusion and W, denotes the p-th
order graph convolutional parameters. This design enables the generation of a high-
generalizability, distribution-based graph that captures deep spatio-temporal correlations
between streams. Moreover, this graph structure is flexible and can continue to adapt to
concept drift during the online testing phase, enhancing the model’s ability to handle

dynamic data streams effectively.

7.3.1.2 Adaptive Graph Convolutional Recurrent Layer

In MACG, we employ a sequence-to-sequence model with an encoder-decoder structure

to achieve the multi-step mapping tasks for multi-stream: S; a1+ to S¢y1:444. The
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multi-scale adaptive graph initialized by the spatial convolution layer is embedded into
the recurrent diffusion convolution layer to update hidden state at each time step ¢*.
Specifically, the multi-stream values within the window A are used as inputs for the
encoder, which is updated hidden state iteratively from £ —~A+1tot: hs«_1 to hy+. The
updated state h;+, representing %+, is then used to drive the recurrent update of the
decoder, from ¢ +1to ¢ + 7.

Our multi-scale adaptive correlation graph is designed to capture spatial-temporal
relationships, including the directionality between stream nodes. Consequently, we apply
the Diffusion Convolutional Gated Recurrent Unit (DCGRU), as proposed by [86], which
is well-suited for directed graphs, to perform convolutional computation. Also, after the
adaptive matrix completes the preliminary diffusion for the initialized correlation graph
structure, a bidirectional random walk is used to achieve the diffusion process to further

enhance the robustness of the ¥:

P
(7.7) OrxgZ=Y (0) (M,'9)" +0) (M 9T))Z
p=0

where O represents the filter applied to the diffusion process, with out-degree and in-
degree matrices My and M| for forward and reverse propagation. The parameters ©,
are learned filters, where A denotes specific values r, ¢, and ¢ for reset, update, and
candidate gates.

The recurrent convolutional computation using these diffusion-enhanced gates proceeds

as follows:

rye=sigmoid(0, kg[S | hy_11+0b,),

cyr =sigmoid(0O; g[S+ || hy_11+ D),
(7.8) 4

q¢ =tanh(Qg xg [F+ || (re= @ hye_11+by),

ht* = Cyx* Ght*—l +(1_Ct*)®qt*
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The recurrent process integrates both spatial and temporal dependencies through ¥%-
based convolution operations at each time step ¢*, enabling the model to adaptively
capture evolving relationships between stream nodes. The reset gate r;+ and candidate
gate ¢4+ dynamically control the flow of information within the graph structure. Mean
Absolute Error (MAE) is used as the loss function in our framework, with the average

loss for the multi-step prediction task calculated as follows:

R 1 n I J .
(7.9) $=$(@/,@)——JZZZ|@Gﬁ—@ml,
t=1i=1j=1

where & € R7*I*/ represents the prediction values, & € R7*1*7 represents the ground
truth values. I denotes the number of streams and </ denotes the output dimension.

We use rich historical multi-stream data to train, generate the multi-scale adaptive
correlation graph and initialize a basic prediction model. When online testing starts, we
apply online adaptation learning on this initialized model {%y, %} to learn new arriving

samples and adapt to unknown data distribution caused by concept drift.

7.3.2 Online Adaptation Learning for Concept Drift

While existing methods offer valuable insights, they have notable limitations. During
initialization, they struggle to effectively capture complex spatio-temporal dependencies
between streams. During testing, they focus solely on adapting to new sample features,
neglecting the challenges of historical forgetting and the reuse of historically similar
drift patterns.

Our method is designed to overcome these limitations and challenges. During training, we
build a high-performing base prediction model with a generalizable multi-scale adaptive
correlation graph structure: %y,%y. In the online testing phase, we continuously monitor

the model’s performance and apply tailored adaptation mechanisms for drift and non-
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drift scenarios. The adaptation learning process is illustrated on the right side of Fig.
7.2, with detailed calculation steps provided below.

At the start of testing, we initialize a pool and two sliding windows: a pool B for storing
dynamic real-time loss values; A sliding window #* with size A, initialized using histori-
cal features from offline training, continuously slides forward and stores new features
over time; a sliding window 7* with size 7 to store and update new multi-stream data. To
detect concept drift, we set the initial loss £, from the base model %#0,%40 on the offline
validation set as the starting value of B. As predictions proceed, new loss values at each
time step Z; are added to B. If at any time step ¢, the loss % is less than the average
loss in B: %; < B, we assume no drift is occurring. In this case, the new data stored

yV

in77: ,Yf/_ A B along with the adaptive matrix module in ¢, are used to

A+1:2%

adjust the connection weights between stream nodes in sub-graphs at a low update rate:

V.1
& €01

{(F1-1,%:-1}

{Z:,%;}. The updated model then performs the prediction task for the
next time step.

When %, > B, concept drift is assumed to occur, and a more complex adaptation learning
strategy is applied. First, we use the same multi-scale adaptive convolution used during
training to the sliding window #*, which contains features from both historical and new
data, to generate a new graph structure Giem. Next, to capture evolving patterns that
reflect the new data distribution while retaining important historical information for
global graph stability, we apply the learnable parameter o for Exponentially Weighted

Moving Average (EWMA)-style updates on sub-graphs:

(7.10) G =Gl .0+%,_1-(1-0)

This approach enables smoother adaptation of the graph structure ¢ to dynamic changes
in the sub-graphs.

To enhance drift adaptation, we introduce a proactive drift prediction module. This
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module is motivated by the observation that, in real-world applications, drift rarely
occurs in isolation—certain drift patterns may recur. While such patterns may have
been encountered during training, the fast update rate of data streams and the ongoing
prediction task can lead to catastrophic forgetting. To address this, when drift is detected,
we match all acquired data patterns similar to the current drift, enabling drift prediction
based on historical similarities.

Specifically, for each detected drift time step ¢, the matching process is initiated by se-

4
*+1:t*+n

lecting the ground truth data segment [5” from 77" as the matching target. This
target segment is then compared to all currently available data: Ezt*—A+1:t* ;2*+1:t*+7] )
where the historical segments [3’2_ A+1;t*] are used as the matching source. The similar-

ity matching is performed as follows:

14
‘y;*+1:t* +n

7 —
”x*_'_l:t*_‘_n” : ”‘%:—A+11t: ”

. '2:—A+1:tf
(7.11) sim(¢;) =

where ¢! denotes each multi-step window corresponding to each time step in the acquired
historical data . The top b segments with the highest similarity scores are then

selected:

(7.12) top-b segments = top-b ({sim(ti)}f\il, b)

These selected b segments, containing potential subsequent drift patterns, are used
along with data from 77, a new graph structure Giem (Eq.(7.10)) and another update

rate ei ; to enhance the model’s adaptation learning process:

SV =(FVATED,
(7.13)

V* . atem. 2

4 ’Gt €01
{gt_l,(gt—l} {gt,(gt}
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When similar drift patterns reoccur, this drift pattern matching can be seen as an active
prediction for current concept drift. It also helps mitigate the issue of insufficient data
within the sliding window when repetitive drift patterns emerge.

However, this process carries certain risks, such as the emergence of new drift patterns
or the instability of the matched historical data. Therefore, we have also designed a
dedicated dynamic validation module to ensure that the model’s adaptation learning is
heading in the right direction. To achieve this, we create a shadow model {#," ;,¥9," ;}.
When drift is detected at time step ¢, we replicate the current model first and then carry
out a synchronized adaptation process. The key difference is that the data used for the

shadow model’s adaptation learning is limited to the data in 77, without performing

drift pattern matching:

V.tem. 2
’Gtem

€51 * *
{(F,,%}

(7.14) {gt*—l’(‘gt*—l}

In this case, the shadow model will focus on the adaptation learning to new drifts. After
the synchronized adaptation learning is completed, we randomly sample a subset of
the validation set #'* to perform online dynamic validation. The model with better

performance after validation will be used to perform the prediction at the next time step:

y*val - yval, where |5p*val| =x- |yval|
(7.15)

(F1, 9} = argmin (LT} 4D, LS LT, 6Y)
where #?% represents a subset of #** selected randomly with a sampling ratio of .
This random dynamic validation approach not only reduces the computational overhead
of online adaptation learning but also helps improve the model’s robustness, mitigating
the risk of overfitting and ensuring a good balance between new and known data.
Overall, in MACG, whether the multi-stream is in a stable prediction state or experienc-

ing drift, the complex spatio-temporal correlations of the multi-stream are dynamically
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adjusted through various learnable modules, and the model can adapt to new samples
and drifts using different adaptation learning strategies. We present the pseudo-code for

the online adaptation learning of MACG, as outlined in Algorithm 4.

7.3.3 The Online Adaptation Learning of MACG

We present the pseudo-code for the online adaptation learning of MACG, as outlined in

Algorithm 4.

In Steps 1 and 2, the initialization and parameter settings for the online testing are
carried out. The online prediction tasks and adaptation learning processes begin in
Step 3, using the base prediction model {%,%,}. As streaming data updates and new
samples arrive, the new data is stored in 7 (Step 4). The related windows, 7" and #*,
are updated to manage data and features, respectively (Step 5). The real-time loss of the
model is calculated in Step 6, followed by updating the dynamic loss pool B in Step 7.

The drift detection threshold is computed in Step 8 by averaging values stored in B.

If no drift is detected, only the data in 7" is used to drive the model and the sub-graphs
updating. In this case, the adaptive matrix adjusts the correlation weights of sub-graphs
at a lower update rate, eil (Step 9). When drift is detected, the multi-scale adaptive
convolutional layer from offline training is applied to the feature window #* to generate
a new graph structure, Gi*™ (Step 11). The learnable adaptive parameter o is then
activated to update sub-graphs in Step 10. To prevent incorrect updates in subsequent
steps, a shadow model {Z," ;,%/" |} is created in Step 13. Subsequently, the most similar
drift patterns are searched within . , and the top b historical data segments with the
highest similarity scores are selected. These segments, along with the data in 77, are
used for adaptation learning in Step 15. Simultaneously, adaptation learning only based
on 7" for the shadow model {%," ;,%,” ;} is performed in parallel. Finally, a dynamic

validation subset #*# is sampled to validate the performance of the two updated models.
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The better-performing model is chosen (Step 16) to handle prediction tasks in the next

time step.

7.4 Experiments

7.4.1 Datasets and Baselines

Datasets. We conduct comprehensive experiments on three large-scale real-world
datasets to validate the effectiveness of MACG. These three datasets cover two common
multi-stream scenarios: traffic and weather. A statistical summary of these datasets is
provided in Table 7.2.

Given the varying complexities of the datasets, for the two traffic datasets, we use 70% of
the data for initial training, 10% for cross-validation, and the remaining 20% for testing.
The weather dataset is relatively simpler, so we use 50% of the data for initial training,

10% for cross-validation, and the remaining 40% for testing.

Table 7.2: Datasets Statistics Summary

DataSet Stream Nodes Samples Updating Rate

WEATHER 10 29639 60min
METR-LA 207 34272 S5min
PEMS-BAY 325 521160 5min

* WEATHER is a weather dataset collected in Beijing, China [125]. It consists of
hourly weather observations recorded from January 1, 2015, to May 31, 2018.
For our research, we selected three specific meteorological features: psur (surface
air pressure), rh2m (relative humidity at two meters above the ground) and
q2m (specific humidity at a height of two meters above the ground in grams per

kilogram).
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Algorithm 4 MACG Online Adaptation Learning

1: Input Multi-stream multi-step data ¥ with an input length A and an output length 7. The superscripts of
< represent the data set sources, with tr,val,te, pre denoting the training, validation, test, and prediction sets. &
represents all available data for training, combining historical and new samples. To simulate streaming environments,
The batch size is set to 1, with samples arriving sequentially. The learnable parameter ¢ in ¢, sub-graphs updating
rates ei and e% for non-drift and drift scenarios, and epoch counts are Q,ln and Q?n. The loss function £ is optimized
using Adam [122].

2: Initial The initialized prediction model is {F(,%y,09}. The dynamic loss pool B starts with £ (the loss of base
model on V). Two sliding windows: 7" for storing new data (size 1) and #? for new data features (size 1), initialized
with historical features from offline training. The sampling ratio x for the dynamic validation, and the drift pattern
matching considers the top b segments.

for New samples arrive at each time step, t =1,2,3,... do

3: Multi-step Prediction:
t . _qbre |
Tt (‘Spt—eA+1:t’(‘gt_1’®t_1) - St+l:t+n’
if t > 1 then
4: Obtain Ground Truth: S i:rtl-i%—l; P — gpnew.
5: Update Sliding Windows New arriving samples and features are stored in 7* and #*, while the old

data and features will slide out of the windows;
6: Calculate Real-time Loss:

Ly =loss(Fy_1 (s;i It
7: Update Dynamic Loss Pool:

G1-1,0;-1),845 ));
B=[%y,..1— %
— ¢
8: Concept Drift Detection: B = % Y %
=0

if #; <B then

9: Adaption Learning under Non-Drift

forQ =1,2,...Q} do
9;-1,0;-1 = Adam(#” , £,(Eq.(1.9);el)), Fy;
Gt =G-1, Ft = F1-1;

end
else

10: Adaption Learning under Concept Drift
for @ =1,2,...Q2, do

11: Generate A New adaptive Graph based on #*: Giem(Eq.(7.7));
12: Fuse Adaptive Graphs:

G =G -0+ 9;_1-(1-0),(Eq.(7.10);
13: Generate A Shadow Model:

{gttl 7('4;,1} = {gt—lr (gt—l};
14: Drift Patterns Matching on F

sim(¢; )(Eq.(7.11)); top-b segments,yy*(Eq.(TlZ));
15: Update the Model and Shadow Model

G =9G,_1, Fr = F;_1(Eq.(7.13));

4 =9, F; =, (Eq.(7.14)) 16: Dynamic Validation and Model Selection

sval.q, gEq.(71.15)
end

end

end
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* METR-LA is a traffic dataset that records the velocity of vehicles across the road
network in LA County. The data is collected from loop detectors located at 207 sites.

Spanning four months from March to June in 2012 [86].

e PEMS-BAY is a traffic dataset collected by the California Transportation Agencies’
(CalTrans) Performance Measurement System (PeMS) [134]. It contains data from

325 sensors in the Bay Area and spans six months, from January 1 to May 31, 2017
[86].

Baselines. We select a diverse set of baseline methods, including traditional regression
methods, traditional GNN-based methods, and multi-stream adaptation methods.

Traditional Regression Methods:

- HA: Historical Average method,;

- VAR: Vector Auto-Regression model;

FNN: Feedforward Neural Networks;

FC-LSTM: Fully Connected LSTM.

Popular GNN-based Methods:

- DCRNN [86]: Diffusion Convolutional Recurrent Neural Network replaces the
fully connected layer in GRU [133] with a diffusion convolutional layer to model

spatiotemporal dependencies effectively;

- Graph-WaveNet [88]: Leverages node embeddings to learn an adaptable depen-
dency matrix in the graph convolutional layer, enabling the effective capture of

both temporal and spatial dependencies;
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- AGCRN [95]: Introduces two adaptive blocks,Ainode adaptive learning and data-
adaptive graph,Aiinto Adaptive Graph Convolutional Recurrent Network to model

dependencies between streams;

- STFGNN [89]: Spatial-Temporal Fusion Graph Neural Networks use a data-driven
approach to generate temporal maps during training, addressing deep correlations

that spatial maps may overlook;

- GTS [96]: Graph for Time Series employs Gumbel sampling to construct discrete

graph structures for modeling relationships among multiple data streams;

- ASTGCN [90]: Attention-based Spatial-Temporal Graph Convolution Networks
integrate a novel attention mechanism with graph convolution to enhance perfor-

mance;

- S?TAT [135]: Synchronous Spatiotemporal Graph Transformer integrates attention
mechanisms and graph convolutions to achieve simultaneous modeling of spatial

and temporal data.

- DGCRN [91]: Dynamic Graph Convolutional Recurrent Network incorporates
dynamic graphs, generated via dynamic filters and pre-defined graphs, within a

dynamic convolutional recurrent framework;

Multi-stream Adaptation Methods:

- MuNet [111]: This method incorporates a periodically re-trained predictor and
Bayesian connectors to learn and transfer new distribution information caused by
concept drift. Due to its scalability constraints, we test this method on 10 streams

extracted from the traffic datasets;
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- SAGN [132]: A GNN-based framework for concept drift self-adaptation, where the
adaptation process is facilitated through sub-graph online learning and periodic

validation and reselection of stored models.

- MSGR [140]: A multi-stream adaptation method based on graph structure con-
straints, using the nearest neighbours calculated by the sliding window as a

regularization auxiliary for the self-adaptation process.
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Table 7.3: Benchmark Comparison of MACG and Baseline Methods on Real-world Datasets

Step |Metric] HA VAR SVR ngM Wif;‘;\it DGCRN ASTGCN AGCEN DCRNN GTS STFGNN S2TAT MuNet SAGN MSGR MACG
MAE | 416 442 399 344 269 262 486 287 277 264 323 278 1002 246 242 240

Step3 |[RMSE| 7.80 789 845 630 515 501 927 558 538 495 743 543 1002 441 434 431
MAPE| 13.00% 10.20% 9.30% 9.60% 6.90% 6.63% 9.21% 17.70% 1.30% 6.80% 17.82% 7.38% 15.13% 641% 6.26% 6.15%

< MAE | 416 541 505 377 307 299 543 323 315 301 402 310 1006 279 272 270
| Stepe |RMSE| 780 913 1087 723 622 605 1061 658 645 585 949 639 1006 515 504 502
= MAPE| 13.00% 127 12.10% 10.90% 8.37% 8.02% 10.13% 9.00% 8.80% 8.20% 10.00% 8.10% 15.719% 1.64% 7.41% 17.21%
2 MAE | 416 652 672 449 353 344 651 362 360 341 505 343 1013 316 307 3.04
= Step12|RMSE| 7.80 1011 1376 869 737 719 1252 751 759 674 1167 732 1013 591 577 573
MAPE | 13.00% 15.80% 16.70% 13.20% 10.10% 9.73% 11.64% 10.38% 10.50% 9.90% 12.97% 10.02% 15.97% 9.10% 8.79% 8.67%

MAE | 288 174 18 205 130 128 152 137 138 132 139 133 526 130 129 128

Steps |[RMSE| 559 316 359 419 274 269 313 287 295 262 290 289 526 243 243 240
MAPE| 6.80% 3.60% 3.80% 4.80% 2.713% 2.66% _ 3.22% 2.94% 290% 2.80% 2.96% 2.83% 18.36% 2.75% 2.71% 2.67%

% MAE | 2.88 232 248 220 163 159 201 169 174 164 177 162 531 160 158 156
| gteps |RMSE| 559 425 518 455 370 363 427 3.8 397 341 397 373 531 311 309 3.05
& MAPE| 6.80% 5.00% 5.50% 5.20% 3.67% 3.55% 4.48% 3.87% 3.90% 3.60% 4.02% 3.67% 18.46% 3.61% 3.54% 3.47%
= MAE | 2.88 293 328 237 195 189 261 196 207 191 215 185 546 185 181 180
Plgtep 12|RMSE| 559 544 708 496 452 442 542 454 474 397 492 430 546 361 355 355
MAPE| 6.80% 6.50% 8.00% 5.70% 4.63% 4.43% 6.00% 4.64% 490% 4.40% 517% 431% 18.71% 4.37% 4.26% 4.22%

MAE | 2852 156 162 206 100 094 152 103 106 104 144 126 342 096 093 091

| steps |RMSE| 89.96 460 521 500 480 433 450 477 481 28 500 500 342 129 125 123
5 MAPE| 3.00% 0.16% 0.16% 0.21% 0.10% 0.10% 0.14% 0.11% 0.11% 0.11% 0.15% 0.13% 0.35% 0.10% 0.09% 0.09%
2 MAE | 2852 230 257 286 144 156 215 148 151 155 203 183 345 143 138 136
| steps |RMSE| 8996 536 629 580 513 509 532 511 523 339 533 474 345 179 173 172
= MAPE| 3.00% 0.23% 0.26% 0.29% 0.15% 0.16% 0.22% 0.15% 0.16% 0.16% 0.21% 0.19% 0.35% 0.15% 0.14% 0.14%
= MAE | 2852 3.09 858 871 225 271 290 231 237 249 279 259 358 229 221 219
Slstep 12|RMSE| 89.96 602 721 654 557 611 594 560 524 430 585 566 358 267 256 256
g MAPE| 3.00% 0.31% 0.36% 0.38% 0.23% 028% 0.30% 024% 024% 0.25% 0.28% 026% 0.36% 0.23% 023% 0.22%
MAE | 515 061 025 030 056 056 061 059 059 060 064 063 133 056 055 054

_|steps |RMSE| 629 104 058 058 100 101 102 103 103 088 106 112 133 069 068 0.7
£ MAPE |191.12% 12.64% 13.32% 19.28% 10.38% 10.89% 13.39% 11.20% 11.20% 11.26% 12.22% 12.35% 42.04% 10.72% 10.59% 10.45%
S MAE | 515 086 038 043 079 081 086 082 082 084 089 084 135 079 077 0.6
| steps |RMSE| 629 134 074 073 130 134 134 133 134 117 138 134 135 093 091 0.90
= MAPE|191.12% 18.84 21.32% 29.07% 15.30% 16.61% 17.63% 16.13% 16.45% 16.47% 16.98% 16.10% 42.55% 16.02% 15.60% 15.49%
g MAE | 515 117 053 059 110 117 116 116 116 116 116 115 155 110 106 1.05
S|step12|RMSE| 629 172 089 08 170 179 172 174 177 153 173 174 155 125 120 119
S MAPE |191.12% 27.73% 32.70% 42.29% 23.33% 25.83% 25.11% 25.00% 24.98% 24.43% 24.46% 24.88% 46.65% 24.24% 23.20% 23.05%
MAE | 2041 743 779 782 578 715 675 644 578 556 670 689 1320 566 535 5.29

~| Step3 |RMSE| 2365 1024 1151 1113 867 1042 941 947 862 810 981 975 1320 697 666 662
& MAPE| 56.37% 19.22% 23.97% 24.26% 13.76% 15.23% 16.31% 15.40% 13.73% 13.17% 16.09% 16.30% 36.89% 13.09% 12.98% 12.61%
= MAE | 2041 1209 1285 1269 821 1351 1003 957 827 803 980 978 1326 846 17.63 17.56
| Step6 |RMSE| 23.65 1530 1687 1637 1198 1830 1323 1352 1198 1108 1365 1346 13.26 997 911  9.07
= MAPE| 56.37% 33.41% 42.44% 42.60% 19.92% 22.05% 2555% 24.11% 20.06% 19.56% 24.78% 24.04% 37.09% 19.69% 19.17% 18.53%
5 MAE | 2041 1632 13.75 1421 1090 2493 1199 11.38 1118 1092 11.63 11.66 13.48 1171 10.28 10.11
%|Step 12|BRMSE| 2365 1976 1826 1801 1530 30.86 1570 1579 1575 1448 1603 1605 1354 1335 1183 1168
g MAPE| 56.37% 47.83% 42.23% 46.98% 27.56% 27.35% 31.21% 29.34% 28.08% 21.93% 30.65% 30.14% 37.67% 28.36% 21.15% 26.12%
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7.4. EXPERIMENTS

7.4.2 Experimental Setup

Platform. The model implementation is carried out using PyTorch 1.7.1. All experiments
are conducted on a server equipped with two NVIDIA A100 Tensor Core GPUs (80GB
memory each) and an Intel(R) Xeon(R) Gold 6342 CPU running at 2.80GHz.
Parameter settings. In the model training phase, the Gumbel sampling parameter 6
is set to 0.9. The initial learning rate is 0.005 with 200 epochs for the traffic datasets
and 0.001 with 300 epochs for the weather dataset. The diffusion step number is set to 3
for METR-LA, WEATHER (psur), and WEATHER (rh2m), and 2 for PEMS-BAY and
WEATHER (¢2m).

For online adaptation, the sub-graph learning rate under non-drift conditions is 0.000005
for METR-LA, PEMS-BAY, WEATHER (psur), and WEATHER (¢2m), and 0.0000005
for WEATHER (rh2m). During drift, the learning rate is 0.00001 for METR-LA and
PEMS-BAY, 0.000005 for WEATHER (psur) and WEATHER (rh2m), and 0.0000001
for WEATHER (g2m). The drift pattern match size is 2 for METR-LA and WEATHER
(rh2m), and 127 for the remaining datasets. The validation ratio is set to 0.8.
Evaluation Metrics. The performance of MACG and all comparison methods is assessed
using mean absolute error (MAE), mean absolute percentage error (MAPE), and root
mean square error (RMSE). The predicted values and ground truth values are first

converted back to their original scales before calculating the evaluation metrics.

7.4.3 Experimental Results

We evaluate MACG using three real-world datasets of different scales, each with varying
numbers of stream nodes. The two traffic datasets, METR-LA and PEMS-BAY, have a
larger number of stream nodes, while the weather dataset has fewer. This highlights the
adaptability of MACG to data streams of different scales.

Table 7.3 presents the benchmark comparison results. Our method, MACG, outper-
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forms baseline models in multi-stream, multi-step prediction tasks. The METR-LA and
WEATHER (rh2m) datasets experience more frequent drifts, while other datasets have
more stable data distributions. Especially for WEATHER (g2m), the changes in this
dataset are very regular, so some traditional machine learning models also perform well
in the tests. Across the four multi-stream scenarios and three datasets, MACG improves
prediction performance over the state-of-the-art traditional GNN-based model by 9.52%,
2.44%, 15.19%, 4.09%, and 6.36%, respectively. It also surpasses the state-of-the-art
GNN-based multi-stream adaptation model by 0.25%, 1.28%, 2.13%, 1.26%, and 1.29%,
respectively. Thanks to the model’s ability to capture complex spatio-temporal corre-
lations across multiple time scales and the active drift pattern matching, we achieve
significant improvements over traditional GNN models, and further improve adaptation
performance over existing multi-stream adaptation methods. Meanwhile, MACG can

maintain strong performance even in cases of less severe drift fluctuations.

7.4.4 Ablation Study

We conduct ablation experiments on the METR-LA dataset to verify the effectiveness of
each component in our framework.

w/o ol refers to the complete removal of the online adaptation module. In this case,
the model performs the same prediction task as traditional models, performing static
prediction under offline mode without considering concept drift in the test set. To evaluate
the high generalizability of our initialized model, including the multi-stream correlation
graph structure, we compare its performance with the initialized models of state-of-the-
art multi-stream adaptation frameworks "SAGN ol" and "MSGR ol". From Table 7.4, it
can be observed that our initialized model is still better equipped to adapt to unknown

concept drift in the test set compared to existing models.

w/o adp removes the concept drift detection and adaptation modules. The model relies
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Table 7.4: Ablation Study

Step Metric SAGN o/l MSGR o/l w/ool w/oadp MACG

MAE 2.64 2.60 259 241 2.40

Step 3 |RMSE  4.95 4.42 486 4.34 4.31
MAPE 6.80% 6.86% 6.54% 6.25% 6.15%

j MAE 3.01 2.97 294 273 2.70
e | Step6 |[RMSE  5.85 5.78 5.75  5.07 5.02
E MAPE 8.20% 8.36% 7.81% 7.45% '7.27%
MAE 3.41 3.35 3.31  3.10 3.04

Step 12| RMSE ~ 6.74 6.65 6.59 5.84 5.73
MAPE 9.90% 10.07% 9.33% 8.83% 8.67%

only on sub-graph updates driven by new samples to adapt to drift. From Table 7.4,
the results show that the model still performs better than the static model, proving the
need for a multi-stream concept drift adaptation framework. However, without targeted

adaptation strategies, its performance still has room for improvement.

7.4.5 Parameters Sensitivity

We construct parameter sensitivity experiments on four parameters in online adaptation
learning: the sub-graph learning rate e(l)l, e% ; under non-drift and drift cases, the drift
pattern match size b and the dynamic validation set sampling ratio x. We use MAE as
the metric in these tests, and the experimental results are shown in Fig. 7.3.

Since we have constructed a highly generalizable model and correlation graph structure
during the initialization phase, which already has some ability to adapt to concept drift,
the update rates used for sub-graph updates during online adaptation learning should
not be set too high to avoid overfitting to new samples or matched drift patterns. We use

two different update rates, e(l)l and e%l (Fig. 7.3 (a), (b)), to maintain model performance
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Figure 7.3: The effect of different parameters in online adaptation learning.

stability during non-drift periods while allowing the model to adapt smoothly to new
sample distributions during the drift.

The parameter « represents the proportion of randomly selected samples from the valida-
tion set during dynamic validation. The model is not sensitive to this parameter (Fig. 7.3
(c)) because the drift fluctuation is not large, and the large sample size provides enough
data for validation. We recommend increasing this proportion when data fluctuations

are large, or the validation set is small to ensure robust validation.
The matching parameter b for the drift pattern represents the amount of data extracted
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from historical data that is highly similar to the current drift pattern. Here, we observe
that the model is not very sensitive to this parameter (Fig. 7.3 (d)). As the data stream
updates over time, the drift pattern matching is actually based on local drift features,
rather than requiring large amounts of data to drive model updates. Furthermore, if the
distribution in the test set differs significantly from that in the training set, our dynamic

validation will prevent such matching.

7.5 Summary

This chapter introduces a multi-scale adaptive convolutional graph framework, MACG,
designed for multi-stream concept drift adaptation. The framework is developed around
two key aspects to enhance the model’s ability to adapt to concept drift: the generalization
performance of the initialized model and the ability to proactively predict drift during
online testing.

For the former, we propose a novel graph neural network architecture based on a
multi-stream, multi-scale adaptive correlation graph, replacing the traditional reliance
on pre-defined graphs. By performing multi-scale convolutions and multi-sampling on
historical data features, the framework initializes a highly generalizable multi-stream
correlation graph while capturing complex spatio-temporal correlations and dynamic
patterns between streams.

For the latter, the model’s real-time performance serves as an indicator for drift detection,
triggering different adaptive learning mechanisms for online adaptation. When no drift
occurs, new samples drive sub-graph updates. When drift occurs, a more sophisticated
adaptive learning mechanism is employed. Multi-scale adaptive convolution layers are
reused on the feature sliding window to generate a new graph, which is adaptively
fused with the previous graph. Simultaneously, potential drift patterns are matched

from historical data. Finally, the fused graph, matched drift patterns, and new samples
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jointly drive sub-graph updates, enabling the model to adapt effectively. This mechanism
predicts drift trends to a certain extent while mitigating catastrophic forgetting.
Extensive experiments demonstrate the effectiveness and outstanding performance of

MACG.
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CHAPTER

CONCLUSIONS AND FUTURE STUDY

This chapter concludes the thesis and suggests directions for future research.

8.1 Conclusions

Recent research on concept drift has achieved success in many fields and has demon-
strated significant advantages in various practical applications. However, these existing
works also have certain limitations. Many frameworks and methods focus on single-
stream scenarios, often neglecting multi-stream contexts. In fact, multi-streams not
only have broader application potential but also present more challenging obstacles in
developing corresponding frameworks. To fill this gap, this thesis focuses on autonomous
Learning for Multiple Data Streams under Concept Drift. There are five main challenges
addressed in this work: i) identifying the concept drift problem on multiple data streams;
ii) recognizing the drift relationship between multiple data streams according to the
concept drift in each data stream; iii) solving concurrent drift in multiple data streams

with considering the drift relationship between streams; iV) solving delayed drift in mul-
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tiple data streams with considering the relationship between streams and v) designing
autonomous learning algorithms for multiple data streams under concurrent/delayed
drift.

To address the challenges outlined above, this thesis presents five specific research
questions along with their corresponding objectives. The key findings of this study are

summarized as follows:

1. The theoretical foundation is built for identifying the concept drift problem and
recognizing the drift relationship between multiple data streams according to the

concept drift in each data stream. (to achieve RO 1)

2. We propose a multi-stream adaptive framework targeted to the concurrent drift
problem based on the correlation between streams. A novel Bayesian-based con-
nector is designed to learn the drift information from the base stream without a

separate adaptive method required. (to achieve RO 2)

3. We propose a self-adaptation framework based on graph neural networks. The
correlation in multi-stream is presented by a graph structure. Any type of drift
can be adapted during the online learning phase and multiple GNNs perform

prediction tasks by rolling strategy. (to achieve RO 3)

4. We design a concept drift self-adaptation framework for multi-stream based on dy-
namic graph regularization. It takes full advantage of the original graph structure,
which achieves self-adaptation by error-based detection and applies corresponding

dynamic graph regularization weight based on the drift level. (to achieve RO 4)

5. We consider stricter multi-stream model initialization conditions and extend the
framework’s adaptability to concept drift from a lifelong learning perspective. The
model can be initialized by just a small amount of historical data and performs

stable prediction during long-term autonomous learning. (to achieve RO 4)
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6. We approach multi-step prediction by utilizing multi-scale convolutional time
windows to capture the dynamic correlation and data feature of multi-stream. The
initialized model with high generalizability balances the prediction accuracy for
both short-term and long-term horizons. Also, the proactive drift matching module
is employed to achieve more accurate adaptation performance and avoid the risk of

catastrophic forgetting. (to achieve RO 4)

Furthermore, based on the outcomes of this thesis, several valuable insights have been
gained regarding the strengths and limitations of leveraging inter-stream correlations
to address the concept drift problem in multi-stream scenarios. A summary is provided

below:

Strengths:

1. Identification and Definition of Concept Drift in Multi-Stream: The foun-
dation for addressing concept drift in multi-stream settings lies in effectively
identifying and defining such drifts. A fundamental challenge in multi-stream
concept drift is the inherent difference between handling drifts across multiple
streams and focusing solely on a single data stream. Multi-stream concept drift
exhibits greater complexity, often accompanied by dynamic changes in inter-stream

correlations triggered by the drift.

2. Recognition and Representation of Multi-Stream Correlations: One of
the significant challenges in multi-stream concept drift is identifying and repre-
senting inter-stream correlations, which are essential for constructing data- and
correlation-driven drift learning models. Graph structures, a traditional tool in ma-
chine learning, can model deep spatiotemporal correlations among stream objects.
Integrating graph structures into a concept drift learning framework addresses

the static limitations of traditional graphs, enabling the automatic adjustment
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and adaptation to new multi-stream data distributions that encompass novel

correlations.

3. Enhanced Flexibility: Building flexible graph neural network-based models
removes reliance on the volume of initial training data or predefined graphs.
By leveraging a learnable and adaptive framework, these models maintain the
ability to capture and adapt to evolving data distributions over extended periods
of online learning. This automated adaptation process enables rapid responses to
drifts of varying magnitudes, benefiting multi-stream prediction tasks by ensuring

sustained precision and stability.

4. Improved Generalization: Traditional machine learning approaches focus on
constructing static models, which are less suitable for concept drift scenarios. How-
ever, the generalization capability of the initial model remains critical for adapting
to unknown data distributions. Employing a highly generalized correlation-driven
graph structure to power multi-stream concept drift learning models enables faster
and more accurate adaptation to inconsistent data distributions during online
learning. This approach also enhances the model’s capacity to learn and integrate

new distribution information.

Limitations:

1. Precise Drift Detection Mechanism: While error-rate-based drift detection is
quick and effective, the complexity of multi-stream scenarios demands a more
precise detection mechanism. This is particularly necessary to identify drift in
specific streams or across multiple streams, requiring more sophisticated detection

modules.

2. Increased Complexity: Concept drift learning models based on improved graph

neural networks must address both offline initialization and online adaptation.
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Consequently, as the scale of multi-stream data grows significantly, the computa-

tional cost of the model increases accordingly.

8.2 Future Study

Although our current work has partially alleviated the issue of multi-stream concept drift

in some scenarios, it remains unexplored in more complex real-world settings. For future

research, This thesis identifies further investigate this topic based on the limitations of

the present work, focusing on the following aspects:

1. Enhanced Drift Detection

Future research will focus on improving the drift detection module within the
framework. This will enable the model to precisely pinpoint the specific locations
of drift within multi-stream environments and help differentiate between drift and
noise. By doing so, the model can avoid erroneous updates and reduce unnecessary

computational overhead.

. Smarter Adaptation Strategies

In the current work, the overall drift level of multiple streams is linked to parame-
ters such as the model’s update rate, allowing the model to adjust its adaptation
level automatically. In future work, with a more refined drift detection mechanism,
the model can focus more on streams with significant drift. This targeted approach
will enable the subgraph updating process in the multi-stream relational graph

structure to adjust correlation weights more accurately.

. Framework Scalability
The current framework is designed for predictive tasks in multi-stream environ-

ments. However, certain dynamic multi-stream scenarios, such as when the number
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of data streams changes, cannot be directly addressed. In future work, we aim to

design the framework with this challenge in mind to enhance its adaptability.

4. Increased Automation
While the current framework achieves automatic concept drift adaptation through
a highly generalized initialization model and drift-level-linked adaptation mech-
anisms, many parameters still require manual tuning during training. In future
work, we will aim to further reduce the reliance on manual parameter adjustments,

enhancing the model’s automation and self-learning capabilities.
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