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Abstract

Many optimization tasks involve streaming data with un-
known concept drifts, posing a significant challenge as
Streaming Data-Driven Optimization (SDDO). Existing
methods, while leveraging surrogate model approximation
and historical knowledge transfer, are often under restrictive
assumptions such as fixed drift intervals and fully environ-
mental observability, limiting their adaptability to diverse dy-
namic environments. We propose TRACE, a TRAnsferable
Concept-drift Estimator that effectively detects distributional
changes in streaming data with varying time scales. TRACE
leverages a principled tokenization strategy to extract statis-
tical features from data streams and models drift patterns us-
ing attention-based sequence learning, enabling accurate de-
tection on unseen datasets and highlighting the transferabil-
ity of learned drift patterns. Further, we showcase TRACE’s
plug-and-play nature by integrating it into a streaming op-
timizer, facilitating adaptive optimization under unknown
drifts. Comprehensive experimental results on diverse bench-
marks demonstrate the superior generalization, robustness,
and effectiveness of our approach in SDDO scenarios.

Introduction

Many real-world optimization applications are driven by
massive volumes of continuously arriving data. For instance,
traffic optimization in smart cities relies on real-time data
streams from sensors and monitoring systems (Styler and
Nourbakhsh 2015; Kang et al. 2019; Ji et al. 2022). In
streaming environments, the underlying data distribution
may change unpredictably over time due to external factors
such as traffic accidents or weather fluctuations, which is a
phenomenon known as concept drift (Gower-Winter et al.
2025). These drift occurrences, often unknown and associ-
ated with limited data at each time step, give rise to Stream-
ing Data-Driven Optimization (SDDO) problems (Zhong
et al. 2024), where optimization strategies must adapt dy-
namically to maintain performance.

Recent efforts to address SDDO problems have led to the
development of Streaming Data-Driven Evolutionary Algo-
rithms (SDDEAs) (Richter et al. 2020; Yang et al. 2023;
Zhang et al. 2024). These algorithms offer a promising ap-
proach by integrating evolutionary optimization techniques
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with data-driven modeling. Typically, SDDEAs build sur-
rogate models from streaming data and transfer knowledge
from past environments to accelerate optimization of the
current environment (Luo et al. 2019). Although these ap-
proaches have demonstrated encouraging results, their per-
formance often hinges on strong, and often unrealistic as-
sumptions. For example, some methods assume fixed and
known drift intervals, which allows them to explicitly adapt
the optimization strategy at the beginning of each inter-
val (Li, Chen, and Yao 2024; Zhang et al. 2024). Others
assume immediate access to complete data from each envi-
ronment before making optimization decisions (Yang et al.
2023; Liu et al. 2025). In more complex scenarios with un-
predictable drifts and continuous data streams, the absence
of reliable drift detection can lead SDDEAs to overfit out-
dated distributions or overlook recurring patterns, ultimately
degrading optimization performance.

Despite increasing interest in SDDO, effective and gener-
alizable drift detection methods tailored for streaming opti-
mization remain scarce. While drift detection has been ex-
plored in stream data mining (Alsaedi et al. 2023; Wan,
Liang, and Yoon 2024), existing methods are primarily
designed for classification tasks, which struggle with the
unique characteristics of SDDO. Specifically, they often as-
sume discrete labels or bounded outputs, which are incom-
patible with the unbounded, real-valued domains common
in SDDO. Furthermore, these methods typically focus on
detecting abrupt changes in prediction accuracy, overlook-
ing the subtle performance degradation that often signifies
drift in optimization landscapes. To bridge this gap, we pro-
pose TRACE, a TRAnsferable Concept-drift Estimator that
flexibly solves streaming data with varying time scales and
distribution shifts, offering a tailored solution for SDDO en-
vironments. As illustrated in Figure 1, TRACE demonstrates
a strong generalization ability, enabling it to detect drift in
previously unseen datasets by learning and leveraging trans-
ferable drift patterns. Moreover, TRACE can be seamlessly
integrated in many SDDEAs as a general-purpose detec-
tor, enabling adaptive optimization under unknown concept
drift. Our main contributions are summarized as follows:
1) Principled Stream Tokenization for Drift Modeling:
We introduce a tokenization strategy to transform stream-
ing data into a sequence of statistical representations, cap-
turing temporal distributional characteristics that are indica-
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Figure 1: TRACE offers a learnable and generalizable ap-
proach to drift detection in the SDDO landscape.

tive of concept drift. The statistical sequences serve as in-
formative inputs for drift detection models, enabling pattern
understanding and facilitating scalable, label-efficient train-
ing of supervised detection models. 2) Unified Framework
for Learning Transferable Drift Patterns: Building upon
the statistical representation mentioned above, we design a
generalizable detection framework based on attention-driven
sequence modeling. Our attention mechanism captures lo-
cal and global temporal dependencies, which, together with
training on diverse changing landscapes, prevents overfitting
to specific data streams. Our framework allows the model
to learn transferable drift patterns, ensuring robust and ac-
curate detection across diverse tasks and previously unseen
datasets. 3) Plug-and-Play Detection Module for Stream-
ing Optimizers: TRACE can be seamlessly integrated in
many SDDEAs as a general-purpose detector, without re-
quiring modifications to the optimization logic. To demon-
strate this, we design TRACE-EA, a SDDO algorithm that
embeds TRACE as a drift-awareness module. This flexi-
ble design demonstrates a pathway for enabling SDDEAs
to effectively operate under streaming environments with
unknown concept drift, proactively responding to distribu-
tional changes. 4) Comprehensive Validation across Tasks
and Domains: Extensive experiments demonstrate the ef-
fectiveness, generalization ability, and practical utility of our
method in diverse SDDO scenarios. Our evaluation covers
unseen datasets, cross-task optimization and real-world ap-
plications confirms its broad applicability.

Related Work

SDDEAs. SDDEAs address SDDO challenges by reusing
knowledge from past environments to accelerate the current
environmental optimization. Solution-level reuse is com-
mon: SAEF-1GP (Luo et al. 2019) augments training data
with the optimal solution from most recent environment.
SAEA-TL (Wu et al. 2024) reuses historical data whose sur-
rogate yields the lowest RMSE in the current environment.
DETO (Li, Chen, and Yao 2024) clusters past surrogate
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parameters and injects solutions from the closest cluster.
Model-level reuse methods include DSEMFES (Yang et al.
2023), which aggregates surrogates from a maintained sur-
rogates’ pool, and MLDE (Zhang et al. 2024) employs meta-
learning to initialize new models with parameters from pre-
vious ones. While offering promising directions for SDDO,
these SDDEAs commonly assume fixed drift intervals and
full data observation. This leads to treating each data batch
as a distinct environment, which fails to capture unpre-
dictable nature of complex data streams. DASE (Zhong and
Gong 2025) takes a step forward by incorporating statisti-
cal drift detection (HCDD) into streaming optimization, but
its fixed-threshold tests limit adaptability. This fundamen-
tal mismatch between method assumptions and the charac-
teristics of complex streaming data limits the effectiveness
of current SDDEAs. As a result, their practical utility is re-
stricted in applications that demand continuous adaptation.

Drift Detection in Stream Data Mining. Stream data
mining (Alsaedi et al. 2023; Wan, Liang, and Yoon 2024)
has seen the development of numerous drift detection
methods, broadly categorized as statistical or learning-
based. Among statistical methods, DDM (Gama et al.
2004) monitors increases in prediction error means, while
HDDM_A/W (Frias-Blanco et al. 2015) improve adaptiv-
ity via Hoeffding’s and McDiarmid’s inequalities. Two-
window methods compare statistics between recent and
historical data: ADWIN (Bifet and Gavalda 2007) de-
tects significant mean differences using Hoeffding’s bound;
KSWIN (Raab, Heusinger, and Schleif 2020) applies the
Kolmogorov—Smirnov test, and PUDD (Lu et al. 2025) in-
troduces a PU-index using the Chi-Square test for theo-
retically grounded detection. Learning-based methods have
gained increasing interest recently: RADAR (Alsaedi et al.
2023) uses a recurrent variational embedding to learn la-
tent dynamics and detects drift in the representation space.
MCD-DD (Wan, Liang, and Yoon 2024) leverages con-
trastive learning to estimate maximum concept discrepancy
between sample pairs, enabling robust detection in dynamic
environments. However, these methods face key limita-
tions in SDDO with regression-type objectives and surrogate
models: 1) Designed for classification, they assume discrete
labels or bounded outputs, hence unsuitable for SDDO’s
unbounded, real-valued domains. 2) In optimization, drift
may manifest not as prediction error spikes, but as perfor-
mance degradation stemming from evolving objective land-
scapes or shifting surrogate model behavior. Those methods
struggle to distinguish such phenomena. 3) Threshold-based
methods relying on hand-crafted rules often lack generaliz-
ability across different scenarios. The challenges highlight
the pressing need for more flexible, generalizable, and adap-
tive drift detection mechanisms tailored to SDDO.

Methodology

We begin by introducing a tokenization strategy to transform
streaming data into sequences suitable for drift modeling.
We then detail the architecture and training procedure of
TRACE, our proposed transferable concept-drift estimator.
Finally, we present TRACE-EA, an instantiation of SDDEA
integrates TRACE as a plug-and-play module for adaptive



SDDO problems with unknown concept drift.

Stream Tokenization for Drift Modeling

To effectively model concept drift in streaming data, we first
transform the raw stream via stream tokenization, convert-
ing the continuous stream into a labeled sequence of discrete
tokens that capture underlying dynamics. We detail this sta-
tistical approach below.

Given a stream {(x1,91), -, (Xi,¥;)," -}, where x;
represents the sample ¢ and y; is the corresponding objec-
tive value, we train a surrogate model for each environment
to predict the objective value given the input. Then, we com-
pute the prediction error of the surrogate for sample 7 as:

ei_{ yi #0

otherwise
where g; is the surrogate-predicted objective value.

In static environments, prediction errors fluctuate around
a stable mean. However, when drift occurs, changes in
the data distribution lead to a degradation in the surrogate
model’s predictive performance, often manifesting as no-
ticeable change in prediction error. These patterns are what
we aim to capture. Our goal is to create labeled sequences
that can be used to train a supervised drift detection model.
We achieve this through a two-step process: 1) extracting
statistical features from the prediction errors within sliding
windows to create tokens, and 2) combining these tokens
into labeled sequences that incorporate environmental con-
text and temporal coherence.

First, we apply a sliding window of length n to cap-
ture the current statistical properties of prediction errors.
At time ¢, window t contains n most recent data sam-
ples: {(Xt—n+1;Yt—n+1);-- -, (Xt,y¢)}, by which we com-
pute the prediction errors {€;_n11,...,e:} using Eq.(1).
From these, we extract a statistical feature vector: fv; =
(e, o, ming, maxy, Q1g, Q2¢, Q3;), where p; and oy de-
note the mean and standard deviation, and Q1;, Q2;, and
@3 are the first, second (median), and third quartiles of the
error distribution within window ¢. Applying a sliding win-
dow over the stream yields a sequence of feature vectors.

To create training samples, we select 7' consecutive fea-
ture vectors: { fvq, fva, -+, fur}. To incorporate environ-
mental context, we prepend a special context token fuvy,
computed over all data observed in the current environment
up to the start of the 7" windowed vectors, summarizing the
environment’s state. Each training sample is then formed as
a sequence of (T + 1) tokens: {fvg, fv1, fva, -, fur),
with an associated drift labeled di. If no drift occurs within
the subsequence, dl = 0; otherwise, dl = [ indicates drift
occurs at the I-th step (1 < [ < T). Thus, each sample is
a labeled token sequence X € R(T+D*ds where d ¢ is the
dimensionality of each feature vector.

. (D
|yi - yz‘\,

TRACE for Learning Transferable Drift Patterns

Leveraging labeled sequences derived from prediction er-
rors, we unlock rich representations that implicitly capture
evolving drift patterns in data streams — a feat often unattain-
able with raw data alone. Conventional statistical detectors
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struggle with complex temporal and structural changes, es-
pecially under sudden, incremental, or mixed drifts. To over-
come these challenges, we propose TRACE, a learning-
based drift estimator that extracts discriminative, transfer-
able representations directly from sequences of window-
level features. As illustrated in Figure 2, TRACE comprises
three key components: 1) an embedding module that maps
input features into a high-dimensional latent space, 2) an en-
coder that models temporal dependencies and structural pat-
terns across the sequence, and 3) a classification head that
predicts the drift label from encoded representations. The
following sections detail each component of TRACE.

Sequence Embedding. Streaming data results in input se-
quences of variable lengths. To handle this, sequences are
padded to a fixed maximum length using special <PAD> to-
kens that the model learns to ignore. Embedding and posi-
tional encoding then transform these statistical feature se-
quences into temporally aware representations, enabling the
model to capture semantic relationships and sequential de-
pendencies. Further details are provided in Appendix A'.

The TRACE Encoder. TRACE’s encoder employs two
complementary self-attention mechanisms to capture di-
verse temporal dependencies critical for drift detection:

1) Global Multi-Head Self-Attention (G-MSA): G-MSA
models global interactions among all tokens, capturing long-
range temporal and structural patterns indicative of con-
cept drift. This allows the model to capture diverse inter-
action patterns across the sequence. The G-MSA follows
the standard Transformer encoder (Vaswani et al. 2017), en-
abling each token to attend to every other token, captur-
ing long-range dependencies indicative of drift, which of-
ten signal the emergence of concept drift. With the integra-
tion of positional encoding, G-MSA is sensitive to relative
order of tokens, thus modeling both temporal and struc-
tural patterns. Formally, given embedded inputs with po-
sitional encoding HP®, G-MSA first calculates queries Q,
keys K, and values V using learned projection matrices
Wqo, Wi, and Wy, For each attention head ¢, the atten-
tion output is hY’ = Softmax (QzKZT /Vdy ) V. Finally, the
outputs from m heads are concatenated and projected via
Wa: G-MSA(HP) = Concat(h¥,--- ' h% )W

2) Context-Guided MSA (C-MSA): A crucial insight for
drift detection is measuring how recent data deviates from
the current environment. C-MSA directly addresses this by
modeling the relationship between each token and a dedi-
cated context token that encodes the current environment.
Recall that the first token in the input sequence represents
the most recent data distribution and serves as a reference
for detecting distributional changes. To highlight deviations
relative to this context, C-MSA uses the context token as the
sole query: q = hoW,, while treating all other tokens as
keys and values, following the same formulation as G-MSA.
This design explicitly models the relationship between the
current environment context and recent tokens, effectively
capturing incremental drift patterns.

'“Appendix.pdf” in our codebase.
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Figure 2: TRACE Architecture. The upper part illustrates the overall framework, while the lower part details its key components:
the Sequence Embedding Module, the Dual-Attention Encoder, and the Drift Classification Head.

TRACE combines G-MSA and C-MSA to model both
global temporal dependencies and localized context-aware
deviations. The concatenated outputs form a joint repre-
sentation that encodes structural patterns and environment-
specific changes. This dual-attention encoder enables
TRACE to generalize across diverse optimization tasks, with
minimal assumptions about drift characteristics.

Drift Classification Head. The output of the dual-
attention encoder is fed into a pointer-like classification
head. This head predicts the drift index within the input se-
quence or indicates the absence of drift. This formulation
enables both explicit localization of drift events and confir-
mation of distributional stability.

Specifically, the classification head consists of two linear
layers with GELU activation, followed by dropout and layer
normalization to enhance regularization and training stabil-
ity. It outputs a probability distribution over 7'+ 1 classes: T'
classes correspond to the time windows in the sequence, and
the extra class indicates the no-drift case. Formally, given
the concatenated embedding z from G-MSA and C-MSA,
the drift classification head is:

y = Softmax(Wa-LayerNorm(¢(W1-z+b1))+bs) (2)

where y € R7*! represents the probabilities over all win-
dows 1,...,T and the no-drift class (label 0).

Training for Transferability. To provide a controlled en-
vironment for learning, TRACE is trained using synthetic
streams from SDDObench (Zhong et al. 2024), a dedicated
benchmark for SDDO, building on prior work in bench-
marking dynamic optimization problems (Li et al. 2008;
Yazdani et al. 2022). SDDObench simulates diverse types
of concept drifts, allowing TRACE to learn from varied
drift and non-drift scenarios in a controlled yet rich set-
ting. Training mimics a realistic streaming process: starting
with a surrogate model built for the initial environment. As
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the stream progresses, labeled sequences are generated via a
sliding window to represent recent distributional character-
istics. When new data signals a shift, the surrogate model is
updated for the current optimization landscape. To improve
generalization, training samples are randomly truncated af-
ter the true drift index, exposing TRACE to diverse temporal
patterns. The model is optimized using cross-entropy loss
over the predicted drift index, promoting both detection and
accurate localization. This setup enables TRACE to gener-
alize well to new datasets and unseen drift conditions.

Integration into Streaming Optimizers

The TRACE-EA Framework. TRACE is designed as a
plug-and-play drift detection module compatible with many
SDDEAs. To demonstrate its effectiveness, we develop
TRACE-EA by integrating TRACE into DASE (Zhong and
Gong 2025) as the drift detector, replacing DASE’s original
hand-crafted drift detection mechanism, namely the HCDD.
TRACE-EA addresses three challenges in SDDO problems:
accurately detecting distribution changes, rapidly adapting
optimization without restarting, and enabling transferable
drift detection across unseen tasks. The following part de-
tails the detection-adaptation loop that governs TRACE-
EA’s continuous operation. A more detailed description of
TRACE-EA is provided in the Appendix B.

The Detection-Adaptation Loop. TRACE-EA operates
continuously via a detection-adaptation loop integrating
streaming data processing, drift detection, and adaptive opti-
mization. At each time ¢, the algorithm receives a small data
batch D, updates the sliding window, and constructs token
sequences as input to TRACE. If no drift is detected, opti-
mization proceeds normally. Upon drift detection, a new en-
vironment is instantiated, and the archive is queried to iden-
tify similar past environments based on feature similarity.
A knowledge transfer module then reuses relevant surrogate



models and population knowledge to warm-start the opti-
mization in the new environment. Here, a core component
is an archive-based knowledge transfer mechanism. Instead
of discarding prior optimization information when environ-
ment changes, TRACE-EA maintains an archive of past en-
vironments and learned optimization knowledge. When a
drift is detected, it identifies the most relevant prior en-
vironment using similarity metrics and selectively trans-
fers surrogate models and population states. After adap-
tation, the archive is updated with new knowledge. This
continuous detection-adaptation loop allows TRACE-EA to
maintain high performance in dynamic environments by
rapidly responding to changes and avoiding redundant re-
optimization. By reusing experience to guide adaptation,
TRACE-EA achieves efficient and robust performance un-
der streaming data environments.

Experiments

Our evaluation addresses the following research questions:
RQ1: How well does TRACE generalize to unseen datasets
for accurate drift detection? RQ2: Can TRACE-EA effec-
tively solve optimization problems unseen during training?
RQ3: What is the contribution of each core component of
TRACE to the drift detection performance? RQ4: How does
TRACE-EA perform on real-world stream clustering tasks?

Experimental Setup

Training setup. SDDObench (Zhong et al. 2024) gener-
ates training data. For each instance, we create 60 envi-
ronments, each containing a randomly chosen number of
samples from {600, 750,900}. We set sliding window size
n = 30 and max sequence length 20, using a Radial Basis
Function Network (RBFN) as surrogate for error computa-
tion (Zhong and Gong 2025). Training runs for 50 epochs
with batch size 32 and learning rate 5 x 10~ on an AMD
EPYC 9745 CPU and NVIDIA RTX 4080 Super GPU
(Python 3.10.12 and PyTorch 2.0.1).

Competitors. We consider two groups of competitors.
First, for drift detection only, TRACE? is compared with
established drift detectors from different fields, including
DDM (2004), ADWIN (2007), HDDM_A/W (2015),
FHDDM (2016), KSWIN (2020), RADAR (2023),
MCD_DD (2024), and HCDD (2025). Second, for the
higher-level SDDO tasks, our TRACE-EA is compared
against several state-of-the-art SDDEAs, including SAEF-
1GP (2019), BDDEA-LDG (2020), TT-DDEA (2021),
DSEMFS (2023), DETO (2024), MLDE (2024), and
DASE (2025). All baselines are obtained from publicly
available source code or faithfully re-implemented based on
their original papers.

Generalization Tests. To evaluate the generalization ca-
pabilities of TRACE, we conduct experiments using both In-
Distribution (ID) and Out-Of-Distribution (OOD) datasets.
For ID, we utilize SDDObench (Zhong et al. 2024) that em-
ploys a distinct set of problem instances generated with con-
figurations explicitly disjoint from those used during train-

*https://github.com/Y TALIEN/TRACE
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Figure 3: Detector performance comparison. See Appendix
D-1 for additional results.

ing. For OOD, we conduct experiments on DBG (Li et al.
2008) and GMPB (Yazdani et al. 2022) to evaluate TRACE’s
performance on unseen distributions. In addition, we also
evaluate TRACE on four real-world data stream clustering
datasets to provide a realistic assessment.

Performance Metrics. Standard metrics are used: Preci-
sion and F1 for drift detection accuracy, while the Dynamic
Tracking Error (Epr) for the average deviation from the
optimum over time. All results are averaged over 11 inde-
pendent runs. Statistical significance is determined using the
Kruskal-Wallis test (Kruskal and Wallis 1952) followed by
Dunnett’s post-hoc analysis (Dunnett 1955). More experi-
mental details are in Appendix C.

Detector Performance Comparison (RQ1)

Figure 3 presents the precision on a subset of benchmarks;
complete results across all benchmarks are available in the
Appendix D-1. TRACE consistently outperforms all base-
lines, achieving the highest precision on most tasks. It re-
mains robust under both incremental and sudden drift sce-
narios (SDDObench_F1: D2, D4), where traditional meth-
ods often suffer from high false positive. Moreover, TRACE
demonstrates strong performance on OOD datasets (GMPB
and DBGQG), indicating effective transferability. These re-
sults highlight TRACE’s ability to capture generalizable rep-
resentations of concept drift, enabling accurate detection
across varying drift types. Overall, TRACE not only sur-
passes statistical-based methods in accuracy but also gen-
eralizes reliably to diverse, unseen tasks.
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Figure 4: Convergence trajectories over the first 20 environments. Left: SDDObench_F4D4; Right: DBG_F1D2.

Instance D1 D2 D3 D4
Metric Prec F1 Prec  Fl Prec  Fl Prec  Fl
TRACE 0.77 073 1 0.75 0.71 | 0.73 0.70 | 0.69 0.65
w/o PE 0.65 045 | 0.64 046 | 0.65 045 | 0.63 0.50
w/o G-MSA | 0.59 0.25 | 0.55 0.20 | 0.51 0.20 | 045 0.17
w/o C-MSA | 0.50 0.20 | 048 0.10 | 0.52 0.15 | 040 0.20
vanilla class | 0.60 0.51 | 0.65 0.55 | 0.66 0.50 | 0.65 0.60

Table 2: Ablation study results on DBG_F1 (D1-D4).

SDDO Performance Comparison (RQ2)

Table 1 reports the average and standard deviation of Epr
values (full results in Appendix D-2). TRACE-EA consis-
tently outperforms all baselines across diverse benchmarks
and drift types, highlighting its strong generalization. Its ad-
vantage stems from accurate drift detection and effective
reuse of historical knowledge (archived populations and sur-
rogate models) for initialization. Concretely, as shown in
Figure 4, in the complex optimization landscape of SD-
DObench_F4 with incremental drift (D4), TRACE precisely
detects the onset of drift, enabling the algorithm to adapt
quickly and prevent performance degradation. This capa-
bility mitigates data scarcity and enhances efficiency under
streaming environments. TRACE also demonstrates a fast
detection response and low computational overhead. Further
experimental results are presented in Appendix D-4.

Ablation and In-Depth Analysis (RQ3)

Ablation Study. We examine component contributions
via four variants: 1) w/o PE: Remove positional encodings;
2) w/o G-MSA: Removes G-MSA; 3) w/o C-MSA: Removes
C-MSA; 4) vanilla class: Replaces the pointer-like classifier
with a standard fully connected layer. Table 2 summarizes
the results. The removal of G-MSA causes a sharp perfor-
mance drop, underscoring its role in capturing long-range
patterns. Eliminating C-MSA also degrades accuracy, indi-
cating its importance in environment-aware token interpre-
tation. Replacing the pointer-like classification head with a
vanilla classifier reduces performance, highlighting the ad-
vantage of explicit drift localization.
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Figure 5: Attention distribution learned by C-MSA. Higher
weights are assigned to tokens near drift time point and the
first context token, with red ‘X’ indicating TRACE’s pre-
dicted drift and the ground truth at token 12.

What has C-MSA learned? To investigate TRACE’s in-
ternal mechanism, we analyze the attention patterns learned
by C-MSA. Concretely, we visualize its attention weights on
token sequences from six consecutive steps in DBG_F1DI
(Figure5), along with the classification scores. The results
reveals that attention is unevenly distributed, with C-MSA
consistently focuses on tokens corresponding to time steps
with notable distributional shifts. The first token, represent-
ing the current environment, consistently receives high at-
tention, underscoring its role as an anchor of the current en-
vironment. This selective focus indicates that C-MSA effec-
tively identifies drift relevant features, contributing to both
the interpretability and generalization ability of TRACE.

What has G-MSA learned? To understand the rep-
resentations learned by G-MSA, we extract its output
embeddings from six consecutive time steps (TS1-TS6)
in DBG_F1DI1, consistent with the previous subsection.
These high-dimensional vectors are projected into 2D us-
ing PCA (Shlens 2014) for visualization. Figure 6 shows
the token distributions per time point. Blue points indicate
in-distribution tokens (aligned with the first context token),
orange points denote drifted tokens, and green points cor-
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Figure 6: G-MSA token distribution via PCA. Blue
Points: context-similar tokens; Orange Points: distributional
changes; Green Points: padding tokens.

respond to padding. As the stream arriving, token clusters
shift, and drifted tokens become increasingly separated from
the main cluster. This behavior demonstrates that G-MSA
captures global sequence dependencies and distinguishes
between coherent and distributionally distinct tokens. Such
structured separation highlights G-MSA’s critical role in en-
abling TRACE to identify drift across time.

Application to Stream Clustering Tasks (RQ4)

To evaluate the practical utility and generalization capabil-
ity of TRACE-EA in real-world scenarios, we apply it to
streaming clustering tasks. These tasks are fundamental in
streaming environments, where maintaining clustering qual-
ity under continuous distributional changes is critical for
decision-making in domains such as network monitoring
(Borghesi et al. 2019; Bulut and Singh 2005), energy sys-
tems (Yu et al. 2019), and user behavior analysis (Wang et al.
2016; Daza et al. 2023). For proof-of-principled evalua-
tion, we use four widely-used and well-established datasets:
Convtype (Blackard and Dean 1999), Electricity (Asuncion,
Newman et al. 2007), Kddcup99 (KddCup99 2007), and
Pokerhand (Asuncion, Newman et al. 2007). These datasets
feature diverse and well-documented drift patterns and are
commonly used for evaluating stream clustering algorithms.
More details of datasets are provided in the Appendix E.
All algorithms in the experiment are integrated into the
ACDE (Das, Abraham, and Konar 2008) framework to en-
code individuals for optimization, using the Davies-Bouldin
Index (DBI) (Davies and Bouldin 2009) as the optimization
objective. Lower DBI values indicate better clustering per-
formance. At each time point, when a new batch of data ar-
rives, TRACE evaluates whether concept drift has occurred.
If no drift is detected, optimization proceeds using the cur-
rent state. If drift is detected, surrogate is updated to adapt to
the new environment before resuming optimization. Figure 7
summarizes DBI values over 11 runs. TRACE-EA consis-
tently achieves lower scores with reduced variance, demon-
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Figure 7: Boxplot of DBI values obtained by TRACE-EA
and SDDEAs on real-world data stream clustering datasets.

strating superior clustering quality and robustness. Improve-
ments are especially pronounced on Electricity and Kdd-
cup99, which involve varying drifts, highlighting TRACE-
EA’s effectiveness in dynamic real-world environments.

Conclusion

This paper presents TRACE, a novel and transferable con-
cept drift estimator designed for detecting distributional
changes in streaming data for SDDO problems. TRACE
leverages a principled stream tokenization method to ex-
tract statistical representations from data streams, facilitat-
ing learning-based drift modeling. The resulting labeled to-
ken sequences are processed by a dual-attention encoder to
jointly captures the global context and localized drift pat-
terns, enabling precise identification of distributional shifts.
A pointer-like classification head then accurately pinpoints
the most probable drift index within the sequence. Build-
ing upon TRACE, we further introduce TRACE-EA, an in-
stantiation of SDDEA that integrates TRACE as a plug-and-
play drift detector. TRACE-EA supports generalized, drift-
aware optimization across previously unseen datasets and
tasks. Comprehensive experiments on synthetic and real-
world datasets confirm that TRACE achieves accurate and
robust drift detection, while TRACE-EA consistently en-
hances the optimization performance of SDDO. However,
this study also has limitations. First, the fixed sliding win-
dow causes detection delay, which could be mitigated by
adaptive windowing techniques. Second, a tighter integra-
tion of the detector and optimizer, beyond the current plug-
and-play design, could yield further performance gains. The
field of automated algorithm design offers a promising av-
enue for discovering such synergistic frameworks automati-
cally (Chen et al. 2024; Ma et al. 2025; Guo et al. 2025).
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