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ABSTRACT

Model selection has been raised as an essential problem in the
area of time series anomaly detection (TSAD), because there is no
single best TSAD model for highly heterogeneous time series in
real-world applications. However, despite the success of existing
model selection solutions, which usually learn (a.k.a. train) a clas-
sification model (especially neural network, NN) using historical
data as a selector to predict the correct TSAD model for each time
series to detect, the existing NN-based selector learning method
cannot utilize the auxiliary knowledge in the historical data and
requires iterating over all training samples, which limits the model
selection ability and training speed of the selector. The latter data
efficiency problem can be partially solved by existing data pruning
methods designed for general NN training, but with suboptimal
speedup or degraded selection ability due to disregarding intrinsic
data properties in TSAD model selector training. To address these
limitations, we propose KDSelector, to the best of our knowledge,
the first framework customized for knowledge-enhanced and data-
efficient learning of NN-based TSAD model selectors, of which
we design three plug-and-play modules that are agnostic to NN
architectures (e.g., ResNet and Transformer) and can be seamlessly
integrated into the existing selector learning framework. Specif-
ically, we propose two knowledge enhancement mechanisms to
improve the selection ability of the selector with any architecture
by integrating the auxiliary knowledge in a unified way. We further
design a novel data pruning framework with theoretical guarantees
to achieve state-of-the-art training acceleration for the NN-based se-
lector with almost lossless selection ability. Extensive experiments
demonstrate the superior performance of our proposals in terms of
model selection ability and selector learning efficiency.
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1 INTRODUCTION

Extensive real-world infrastructures [16, 24, 54, 66, 75], such as
power grids [16] and intelligent manufactories [66], employ sen-
sors to record key metrics of interested entities (e.g., temperature of
amachine) to monitor their status. These recordings are real-valued
data points that vary over time, commonly referred to as time se-
ries [28, 57, 65]. Time series anomaly detection (TSAD) [44, 59, 67],
that is, identifying data points that do not correspond to expected
behaviors (e.g., abnormal temperature values of a thermostat sys-
tem), is one of the most important problems in time-series data
management that is crucial for many applications [64, 83].

Although numerous TSAD techniques have been proposed in re-
cent years [6, 44, 59, 67, 82], multiple evaluation studies [30, 59, 67]
consistently show that there is no single best anomaly detection
method (a.k.a. model) when applied to various time series collected
from different entities or domains, partially due to their highly het-
erogeneous nature in terms of data characteristics (e.g., stationary
or non-stationary [70]), anomaly types (e.g., point- or sequence-
based [59, 70]) and numbers, and pattern variations (e.g., one, mul-
tiple similar or different anomalies/normality [59]).

A straightforward solution is to combine all existing TSAD meth-
ods through ensembling [1]. However, as shown in [70], such a
solution requires running all TSAD methods for each time series to
detect, causing excessive computational costs that are prohibitive
for real-world applications, especially for large-scale time series
collections. Meanwhile, bottlenecked by a portion of inferior TSAD
models of the combination, the ensemble method usually performs
worse than the model that has the best detection performance.

Another line of work proposes trial-based model selection so-
lutions [20] that estimate the detection performance of different
TSAD models using predefined surrogate metrics and choose the
model with the best estimated performance. However, it still has
to run all TSAD models to compute the surrogate metrics for each
time series to detect. It is also difficult for surrogate metrics to
accurately evaluate performance over time series of different data
properties, causing suboptimal selection (see Exp-2 in § 5.2).

To overcome the above issues, recent work [64, 70] proposes
meta-learning-based model selection methods to adaptively select the
best TSAD model for different time series. This is usually achieved
by learning (a.k.a. training) a time series classification [38, 50] (TSC)
model as a selector to classify time series into discrete categories
that represent the TSAD models to select, using historical data such
as the previously seen time series and the corresponding correct
TSAD models as training data. By modeling the relationships be-
tween time series and TSAD models, such solutions can better iden-
tify suitable TSAD models (i.e. with high detection performance),
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and only the selected model is run for the target time series, which
is more scalable than running all models as above solutions.

Among existing meta-learning solutions, neural network (NN)-
based selectors have shown superiority in selecting the correct TSAD
models [70], due to their ability to automatically learn complex re-
lationships between time series and TSAD models [33, 49], rather
than relying on complicated and difficult-to-generalize feature en-
gineering as traditional non-NN-based methods [70]. However,
despite the advantages of NN-based selectors, the selector learning
methods used by existing solutions face two main challenges.
Challenge 1. Following the standard TSC training scheme [38, 49],
existing methods can only use the time series and the labels that
represent the best TSAD models for the corresponding series as
training data, ignoring that there usually exists auxiliary knowledge
in the historical data, such as the detection performance of all TSAD
model candidates used for identifying the labels [70], and the di-
verse metadata that reflects the characteristics of the time series,
anomalies, TSAD scenarios, etc [68]. As a result, the learned selec-
tor can still be weak in choosing a good TSAD model (i.e., model
selection ability). Considering that the available knowledge and
selector architecture (e.g., ResNet [21] or Transformer [73]) can be
different across applications, it is difficult yet essential to effectively
and efficiently utilize the heterogeneous knowledge in a unified
and general way to improve the selectors of different architectures.
Challenge 2. NN-based selector learning in existing solutions,
with the widely used stochastic gradient descent (SGD) scheme [33],
requires iterating over all training samples, which is data-inefficient
and time-consuming. Although there exist advanced training data
pruning methods [27, 60, 61, 63] that can remove less essential sam-
ples for training acceleration, current general approaches disregard
the intrinsic data characteristics of TSAD model selector training.
Some of them also incur non-negligible computational costs for the
pruning and can degrade the performance of the NNs. These issues
cause the existing methods to provide limited training speedup and
suboptimal selection ability (see Exp-3 in § 5.2).

To address these challenges, we propose KDSelector [36], to the
best of our knowledge, the first framework for improving selection
ability and learning efficiency of NN-based TSAD model selectors
via knowledge-enhanced and data-efficient selector learning.
Addressing challenge 1. We propose two knowledge enhance-

ment modules to integrate the aforementioned knowledge into the
selector to improve its selection ability.

To utilize the detection performance of all TSAD models, we pro-
pose a simple yet effective performance-informed selector learning
(PISL) module. It transforms the performance scores of different
TSAD models into the probabilities of selecting the models, which
is taken as a soft target to better guide the learning of the selector.

In parallel, we propose a unified meta-knowledge integration
(MKI) framework to gain knowledge from various metadata. Specif-
ically, to flexibly incorporate different types of metadata, MKI first
uses a simple yet general text template to describe metadata in nat-
ural language. On this basis, to understand the knowledge within
the metadata and integrate it into the selector, MKI transforms the
text into unified embedding (i.e., feature vector) via a pre-trained
language model (PLM) [17, 53], taking advantage of the powerful
language understanding capability of the PLM. Then, it introduces
a novel objective for selector learning, by encouraging the mutual
information between the text embedding and the feature vector

of the corresponding time series extracted by the selector to be
maximized, which ensures that the learned selector can share the
auxiliary information (i.e., knowledge) of the metadata.

Addressing challenge 2. We propose a novel framework for ac-

celerating the training of NN-based selectors, named similarity
and difficulty guided pruning (SDGP), which can efficiently prune
more inessential trainfng samples at each epoch with nearly lossless
selection ability. Our key observation is that there are training sam-
ples that are very similar to each other and also have almost equal
learning difficulty. Based on our theoretical analysis, such samples
may have redundant information for selector learning. Therefore,
we randomly prune them and rescale the gradients of the remain-
ing samples, which not only improves the training speed, but also
theoretically guarantees that training on the pruned dataset can
achieve a similar result as training on the original one.

It should be noted that the three proposed key components,
including PISL, MKI and SDGP, are all plug-and-play frameworks
and agnostic to NN architectures. This means that users can flexibly
integrate them into different TSAD model selection applications.
Contributions. We make the following notable contributions.

e We propose KDSelector, to the best of our knowledge, the first
framework for knowledge-enhanced and data-efficient learning
of NN-based TSAD model selectors (§ 2.3).

e We design PISL and MKI, two plug-and-play and architecture-
agnostic modules for selector learning, that make use of the auxil-
iary knowledge in historical data in a unified and general way to
improve the model selection ability (§ 3).

e We design SDGP, a novel data pruning framework with theoretical
guarantees to remove redundant samples to achieve data-efficient
selector learning and almost lossless model selection ability (§ 4).

e Our extensive experiments using various types of datasets demon-
strate the superior performance of KDSelector in terms of model
selection ability and selector learning efficiency (§ 5).

2 PRELIMINARIES AND OVERVIEW

2.1 Notations and Problem Formulation

Time series. A time series is a sequence of values ordered by time,
denoted T = (t1, ¢y, ..., t,), where n = |T| is the length of T. Denote
the I-length subsequence of T that starts from position i as T;; € RY,
ie, T;; = (ti, tiv1, ..., tizi—1), where i € [1,n — [ + 1].

TSAD model and anomaly score. Given an input time series
T, a TSAD model, denoted by M, can be uniformly defined [70]

as a function that maps from T to a sequence of length |T|, i.e.,
M(T) = (s1,S2,--.,5n), where s; € [0, 1] represents the anomaly
score of t; (a higher score indicates more anomalous).

Detection performance. Let L = (Ly, Ly, ..., L,) be the ground
truth (a.k.a. label) of T, where L; = 0 if ¢; is a normal point and
1 otherwise. The detection performance of a TSAD model M is
referred to as a function P(M(T), L) that indicates how accurate
M is when applied to T and accordingly to the ground truth L, i.e.,
how close s; is to L; for all i € [1, n] (the closer, the better). Standard
metrics used for evaluating the detection performance include the
area under the precision-recall curve (AUC-PR) [12], volume under
the surface (VUS) [58], F1-score [68], etc. Since the label L depends
only on T, we abbreviate P(M(T), L) to P(M(T)) for explanation.

TSAD model selection. Given the above notations, we can for-
mally define the problem of TSAD model selection as follows.

Definition 2.1 (TSAD model selection). Given a TSAD model set,
denoted as M = {My, My, . .., My, }, where m = | M| is the number of
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TSAD model candidates, the goal of TSAD model selection is to build
a function f to determine the model in M that has the best detection
performance for an input time series T, i.e.,

£(T) = argmax P(M;(T)), )
i=l...m

where P can be any interested metric, such as the standard AUC-PR or
a customized metric that combines many key performance indicators.

Note that the ground-truth anomalies (a.k.a. the label L) are un-
known for a series T to detect, which means that it is impossible to
accurately evaluate P(M;(T)). Thus, the key to solving the prob-
lem in Definition 2.1 is to design a function f that can select the
TSAD model with the detection performance as good as possible.
In general, f can be built in two different ways, by trial or by meta-
learning. The former uses surrogate metrics to estimate P(M;(T))
for each candidate M; and chooses the one with the best estimated
performance, while the latter builds f with a selector trained using
historical data and directly predicts the best model for an input T.

This study focuses on meta-learning solutions due to their ad-
vantages discussed in § 1. The general framework of such methods
is presented in § 2.2, which serves as the basis of our KDSelector.

2.2 Meta-learning-based TSAD Model Selection
The basic idea of meta-learning-based methods is to learn a predic-
tive function f from historical data to directly predict the correct
TSAD model to be chosen for a time series T, avoiding computation-
ally intensive execution of all candidates on T as in ensembling and
trial-based approaches. This corresponds to a specific TSC problem,
where f is a TSC model (referred to as a selector) that classifies T
into a class i € {1,2,..., m}, representing selecting the model M;
from the set of candidates M. Thus, given available historical data,
mainly including a collection of time series (denoted by 7°) and
the corresponding anomaly labels, the selector f can be learned
using many existing TSC approaches, by identifying the class la-
bel y that represents the correct TSAD model to select for T € 7,
ie,y=argmax; , , P(M;(T)),and then using the preprocessed
labeled time series {(T,y)|T € 7 } as a training set to train f.

However, since the series T in TSAD applications usually have
variable lengths (i.e., |T| is not a constant) and can be very long,
building f on top of the original time series as mentioned above
is very limited, because not all TSC methods can handle variable-
length input and some have poor scalability w.r.t. the length [2],
and batches of time series of variable length cannot be treated in
parallel for acceleration by hardware like GPUs.

To address these limitations, Sylligardos et al. [70] proposes a
general TSAD model selection pipeline, where the original time
series are preprocessed into equi-length subsequences for training
f. Specifically, for a given length I, each original time series T of
length |T| (|T| > I) is divided into a set of [|T|/IT non-overlapping
subsequences of length [, denoted as 7;. In particular, when the
length of T cannot be divided evenly with the length /, the remain-
der, denoted A = [@] -1 —|T|, is added with an overlap between
the first two subsequences. Formally, 77 is defined as follows.

A
-9, [#]>

{Tu} U <T1+17A+i-l, siefor,..., [T

Since all subsequences in 7] originate from the time series T,
they share the same label y = argmax;_, ,, P(M;(T)) as T. All
historical time series in 7~ are divided and labeled in the same way

above to construct the training set. Then, any TSC approach can be

m

. 7|
{THH, nief{o1,..., { T =

=7,

1= @)

sl
T
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used to train a selector f over the training subsequences and class
labels. In the inference (i.e., model selection) stage, the learned f
predicts which TSAD model to use for each subsequence T;; € 77 of
a given time series T, and majority voting is used to select a model
to run on T from all the predictions, as visually illustrated in Fig. 1.

For ease of explanation, in the remainder of this paper, we ab-
breviate a subsequence T;; as T;, denote its class label and the time
series it originates from as y; and T, respectively. And we denote
the full dataset that contains all training subsequences by D.

2.3 Overview of KDSelector
Motivation. While the meta-learning method in § 2.2 is a general
framework for which any TSC model can be used as a selector, this
paper focuses on NN-based selectors due to their superior model
selection ability as discussed in § 1 and verified in Exp-2 of § 5.2.
Generally, an NN-based selector f consists of two learnable com-
ponents, a time series encoder Er appended by a linear classifier Cr.
Given an input subsequence T;, the selector first transforms it into
a feature vector ziT € RPT as

2 = Er(Ty). )

Then, the selector maps z! to a vector p; € R™ that represents the
predicted probabilities of selecting different TSAD models, i.e.,

$;=Cr(z]) = (Pr(M)..... Pr(Mm)), @

where p; ; = Pr(M;) denotes the probability of selecting the can-
didate M; with p; ; € [0,1] and Y7, p; ; = 1, and the model with
the highest predicted probability is chosen by f for T, i.e.,
f(T) ==i_{g1mz:;<i>i,j- )
However, despite the advantages of NN-based selectors, the stan-
dard selector learning framework used by existing TSAD model se-
lection approaches (as Fig. 2 shows), which follows the general
training procedure of a TSC model [70], only uses the time series T;
and the label y; that represents the model of the best performance
for T; (referred to as the “hard label”) to learn f. This is typically
achieved by iteratively adjusting the parameters of f using SGD to
minimize a classification loss between each prediction p; and the
hard label y;, e.g., the commonly used cross-entropy loss defined as
LiCE —log p; ,,- Meanwhile, it requires iterating over all training
samples T; € D at each epoch (see Algorithm 1). As discussed in § 1,
these issues limit the performance of existing NN-based selectors.
Our proposal. To address the aforementioned limitations, our KD-
Selector introduces three independent and plug-and-play modules
that can be seamlessly integrated into the standard NN-based selec-
tor learning procedure, including PISL and MKI that make use of
the auxiliary knowledge in historical data in a unified way to im-
prove the selection ability, and SDGP that dynamically prunes less
important samples during training with theoretical guarantees to
achieve state-of-the-art (SOTA) speedup with nearly lossless selec-
tion ability. The fully decoupled and modular design of KDSelector
allows flexible composition of every component to generalize to
diverse TSAD applications that have specified available knowledge
(i.e., performance scores or metadata) and request (e.g., precision- or
efficiency-first). Although we adopt existing techniques as building
blocks, e.g., PLM-based embedding, we make notable contributions
in customizing the first knowledge-enhanced and data-efficient
framework for NN-based selector learning, based on our novel and
essential insights. We visually illustrate the KDSelector framework
in Fig. 2, and detail our novel technical designs in § 3 and § 4.
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based TSAD model selection (Inference stage).
3 KNOWLEDGE ENHANCEMENT: PISL & MKI

As mentioned in § 1, there are generally two types of auxiliary
knowledge in historical data that cannot be utilized by existing
meta-learning-based TSAD model selection methods following the
standard selector learning framework presented in § 2.3, including
(1) the detection performance of all TSAD model candidates used for
identifying the hard label, i.e., P(M;(T)), ..., P(M,(T)),VT € T,
and (2) the various metadata reflecting the characteristics of the
time series, anomalies, TSAD scenarios, etc (detailed in § 3.2). Next,
we elaborate on how KDSelector integrates these two types of
knowledge into NN-based selectors of any architecture via the
proposed PISL and MKI modules, in § 3.1 and § 3.2, respectively.

3.1 Performance-Informed Selector Learning
Observation. In principle, the performance scores P(M;(T)), j =
1,2,...,m VT € 7 consist of rich information about how different
models perform and how their detection performance is related to
each other on the historical time series, much more than just the
best TSAD model as indicated by the hard label. Such information
can be beneficial for selectors in distinguishing different model
candidates, providing knowledge on how to make a better choice.
For example, using the hard label y = arg max;_; ., P(M;(T))
for selector learning (e.g., by minimizing £ where y; = y) is
equivalent to encourage the probability of selecting the model
M; (j = y;) to be 1 and the probabilities for all other candidates
M; (j # y;) to be 0, meaning that the TSAD models other than
the best one are indistinguishable for the selectors. However, these
models are almost impossible to be equivalent because their perfor-
mance scores on each time series are usually different (see Exp-7
in § 5.2). For this reason, models with better detection performance
should be more likely to choose than those perform worse.
Methodology. Based on our observation, we propose a simple
yet effective performance-informed selector learning (PISL) mod-
ule to make use of the detection performance. The core idea is to
transform the performance scores into probabilities of selecting
the corresponding TSAD models for each time series, and use the
probabilities as a soft target to enhance the learning of the selectors.
Specifically, we use a vector p; € R™ to indicate the probabilities
of selecting different models for the input subsequence T;. To ensure
comparability with the predicted probabilities of the selector f and
correlation to the detection performance, the vector should satisfy:
(1) Probabilistic: Each entry of p;, i.e., p; ;,VJ, indicates the prob-
ability of choosing M;, satisfying p; ;€[0,1] and 372, p; ;=1.
(2) Performance-informed: The probability of selecting M; for T
is proportional to the performance of Mj, i.e., p; ;oc P(M;(T)).
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Figure 2: Framework overview of KDSelector (Training stage).

To satisfy the above conditions, inspired by knowledge distilla-
tion [22], we define p; as the softmax of the performance scores
smoothed by a constant z;, formulated as

o (08,1 / )
= > J
S exp (P(M(T)) / =)
Note that p; can be computed in conjunction with y; during pre-

processing with negligible costs (see Exp-1in § 5.2).
To guide the learning of a selector f using the soft target p;,

we define the objective of PISL as minimizing the cross-entropy
between the probabilities predicted by f (i.e., p;) and target p;, i.e.,

m
LfISL == Zpi,j log[)i,j'

Jj=1

=12,...

(O

ij -1

™

PISL can be seamlessly integrated into existing NN-based selector
learning methods, by optimizing the objective (1—a) L& +a LF1SL
for each input T;, where « is a constant that controls the relative
importance of the soft target p; and the hard label y;.

3.2 Meta-Knowledge Integration

Motivation. Generally speaking, there are many different types
of metadata of the historical time series that can be informative
for model selection, including their data characteristics such as
the length and statistics of the series, their anomaly characteristics
such as the number, length, and type (e.g., an abnormal point or
an anomalous subsequence) of the anomalies, and the application
scenarios (e.g., monitoring a server or recognizing a human’s ac-
tivity) the time series come from. It can further improve the model
selection ability by integrating the related knowledge within the
metadata into the selectors. Unfortunately, this essential idea has
never been explored by existing TSAD model selection approaches.
Challenges. However, integrating knowledge within metadata
into selectors is still challenging due to the following reasons.

(1) Heterogeneity of metadata. The type of metadata can vary
significantly for different historical TSAD tasks. For example, meta-
data for certain tasks may contain detailed descriptions of root
causes and underlying mechanisms of anomalies, e.g., memory
overflow, disk failure, and network congestion that lead to abnor-
mal crashes of a database, while in other tasks, only basic statistics
of the anomalies can be obtained (e.g., derived from anomaly labels),
such as their frequency of occurrence and duration. Obviously, it is
infeasible to design specific methods for different types of metadata.

(2) The need of universality. A natural thought of knowledge
integration is to expand the selector f (i.e., add additional NN
blocks to f) to allow a sample consisting of both a subsequence T;
and its metadata as input, so that the selector can learn combined



features from time series and metadata for predicting a correct
model. However, expanding selectors of different architectures may
need customized approaches, and the added blocks and parameters
will also increase the model complexity of the selectors. Moreover,
unlike in historical data, metadata may be unavailable in the online
model selection stage for a new TSAD task, thus the selector must
make a choice solely based on the time series to detect.
Solution. To address the above challenges, the proposed MKI mod-
ule is a general framework that can integrate the knowledge of
various metadata into selectors of any architecture in a unified
way. Our core idea is to first represent the knowledge from dif-
ferent types of metadata as unified embedding (i.e., knowledge
features) by making use of the flexibility of natural language and
the powerful language understanding ability of a PLM. Then, we
propose a novel MKI objective to encourage semantic consistency
between the time series feature extracted by any selector f and the
knowledge feature corresponding to the series by maximizing their
mutual information, so that f can learn information relative to the
knowledge feature without modifying its model structure and choose
the TSAD models solely based on the series to detect (i.e., without
any metadata) at the inference stage. We detail the method below.
First, to enable flexible representation of various metadata, we
use a simple yet general text template to describe metadata in
natural language. Specifically, the text for the metadata relative to
each input T;, denoted as Kj, consists of sentences that describe key
properties related to model selection and their values derived from
the metadata. Considering the most basic properties available in
the metadata of existing TSAD datasets [59], including the name
and description of the dataset that correlate with the application
scenario, the length of T; and the number and lengths of anomalies
that occur in T; (which can be easily derived from the anomaly label
L), we use the following template by default in MKI, but one can
easily extend the template to incorporate more useful information.

Definition 3.1 (Text template for metadata description). The text
for describing the metadata of T; is defined as:

K; = “This is a time series from dataset [Dataset name of T;],
[Dataset description]. The length of the series is [Length of T;]. There
are [Number of anomalies in T;] anomalies in this series. (The lengths
of the anomalies are [Lengths of the anomalies in T;].)”

Note that the placeholder “[]” denotes the required fields, while
the sentence in “()” is optional and exists only when the number
of anomalies is greater than 0. In this paper, we mainly use the
TSB-UAD datasets [59] for evaluation, where the description in a
short paragraph is available for every training set, as shown in Table
4 in Appendix B [55]. We show an example of K; for a subsequence
T; from the IOPS dataset [59] in the dashed box of MKI in Fig. 2.

Next, we adopt a PLM to encode K; into unified embedding le €
RPK | denoted as le = PLM(K;), which are the knowledge features
extracted from the metadata by taking advantage of the power of
PLMs in natural language understanding. To integrate the extracted
knowledge into a selector f while agnostic to its architecture, from
the perspective of information theory [74], we design a learning
objective to encourage the maximization of mutual information
(MI) between the features of the time series and the metadata. It is
achieved by mapping ziT and zX into a shared space R¥ using two
learnable projections hr and hg, respectively, and then minimizing
the InfoNCE loss [42] that represents the opposite of a lower bound
of MI between two random variables [78]. The MKI objective is
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formally defined as follows.
exp (sim(h-r (ziT), hk (zf())/r)
Zrjen exp (sim(hr (=D, hT(Z}-))/T) ’

where sim(u, v) = u-v/(||u||||v]|) is the cosine similarity, and 7 is a
constant controlling the strength of penalties on hard samples [56].

Similarly, MKI is also a plug-and-play module that can be seam-
lessly integrated into existing NN-based selector learning methods,
by optimizing the objective LiCE + A.LlMKI for each input T;, where
A > 0 is a constant that controls the importance of MKI. Note
that the PLM parameters are frozen (a.k.a. without update) during
training, while the projection hg can be seen as an adapter (i.e., a
lightweight model with trainable parameters added to the PLM) [48]
to adaptively extend the PLM to the selector learning task. Thus,
we encode all the text K; in the preprocessing stage and just use the
embedding zKX for training, which not only significantly reduces
training overhead, but also avoids tuning the well-pretrained PLM
that may degrade its performance (see Exp-4 in § 5.2).

It is also noteworthy that metadata in industrial applications
may be of low quality, limiting the effectiveness of MKI. Although
it is beyond the scope of this paper to study how to evaluate and im-
prove metadata quality, our ablation study in Exp-4 in § 5.2 shows
that MKI can still improve selection ability even using incomplete
K; with missing fields. Moreover, benefiting from the plug-and-play
design, we can easily make a fallback by disabling MKI when de-
ploying KDSelector in cases where metadata quality is undesirable.

L?/’KI —_1
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3.3 Summary and Complexity Analysis
Summary. Based on the discussion in § 3.1 and § 3.2, the objective
of selector learning with the proposed PISL and MKI modules is
to minimize the loss £; defined in Eq. (9) for each subsequence
T; € D, which is achieved by using the popular stochastic gradient
descent (SGD) and back-propagation algorithm [33] to update the
trainable parameters of the selector f and the projections A and hg
(denoted as © 7, Oy and Oy, respectively) over each minibatch.

Li=1-a)LEE + aLPISE 4 A LMK )

The main learning procedure is illustrated in lines 1-4 and 14-
26 of Algorithm 1. For ease of explanation, we denote a training
sample as X; and the full training set as X, where X; = [T, zf ] if
MKI is used (lines 1-2) and X; = T; otherwise (lines 3-4). For each
minibatch, the algorithm first computes the total loss £ over the
samples in the minibatch based on Eq. (9) (lines 19, 20-21 and 22-23),
where ¢; is a rescaling factor for the loss of the sample X; (i.e., £;)
used in SDGP that we will discuss in § 4. To unify the expression,
it is set to 1 for all samples when SDGP is not enabled (lines 13-15).
Next, the algorithm updates the parameters with the gradients of
L w.r.t. the parameters using SGD (lines 24-25 and 26).

After training, only the learned selector f is used for inference (i.e.,
model selection) following the method discussed in § 2.2, regardless
of whether PISL and MKI are enabled during training.
Complexity analysis. The time complexity of the standard selec-
tor learning method without PISL and MKI depends on the architec-
ture of f. Suppose that the time to compute f(T;) for one time is Ty.
Since the model set size | M| =m can be seen as a constant, the stan-
dard algorithm takes O(E|X|Ty) time to learn f, where E represents
the number of training epochs. The additional time caused by PISL
is to compute LfISL for each sample, which requires O(1) time.
Thus, the learning algorithm with PISL still takes O(E|X|Ty) time.
The selector learning time with MKI is O(E|X|(Tf +Tp,)), where



Ty, is the time to compute hT(ziT) and hK(le ) for one time. Using
two lightweight models for hr and hg, the time incurred by MKI is
almost negligible (see Exp-4 in § 5.2).

4 DATA-EFFICIENT LEARNING: SDGP

This section elaborates on SDGP, our novel similarity and difficulty
guided pruning framework with theoretical guarantees for NN-
based selector learning, which aims to achieve SOTA training ac-
celeration without sacrificing selection ability. We present our the-
oretical observation in § 4.1 and detail our SDGP method in § 4.2.
Finally, a theoretical analysis is performed in § 4.3.

4.1 Redundancy of Training Samples

Our key observation behind SDGP is that there are training samples
that can be similar in themselves and also in their difficulty (usually
indicated by training losses of the samples where higher values
suggest harder to learn [4]) in the TSAD model selector learning
problem. The main reason is that the training samples contain
subsequences generated by dividing the original time series (see
§ 2.2), of which subsequences may represent repeated patterns
(e.g., motifs [72] and repeated anomalies [59]), which can lead to
similarity in terms of samples and difficulty. In the following, we
formally show that such training samples may have redundant
contributions to parameter gradients used by SGD for selector
learning, which serves as the basis for our pruning method.

Let £; = L(F(X;0),Y;) be the loss of X; in the current epoch,
where F(X;0) is the full model including the selector f and the
projections hr and hg, Y; is the one-hot encoding of the label y;
(concatenated by p; if PISL is enabled), and © is the set of all train-
able parameters. Recall that the NN-based selector is learned using
SGD, by which the learning result (i.e., update of the parameters)
depends on the gradient of £; w.r.t. ©, denoted as Vg L;. Abbreviate
F(X;;0) as F;. According to the chain rule, we have

VLi=VpL;-VeF;. (10)

Using SGD, we can make a practical assumption that the gradient
in Eq. (10) is bounded (e.g., by gradient clipping), i.e., ||VrL;|| < BL,
and ||VeF;|| £ Br, where By and Br are finite constants. We also
make a commonly used assumption that the functions F, £ and the
derivative VgF, Vp.L are Lipschitz. Then, we have Theorem 4.1.

Theorem 4.1. Suppose X; and X are two training samples that are
similar in themselves and in their difficulty (i.e., losses), denoted as
[|X; = X|| < 6x and |.L; = L;j| < 61, where §x > 0 and 61, > 0 are
two small values. The difference in the contributions of the samples to
the selector learning, denoted by 8y = ||Ve.L; — Vo L;l|, satisfies

5L—LFC]:5X ))

Sy < BFMy(Z'][AXY>5L + ]IAXYSSL - min(2, 7
Y

(11)
+ (BFMFCF +BLMX)5X,

where Axy = Ly||Y; = Y || + LrCrdx, I, is an indicator with I, = 1

if the statement s is satisfied and 0 otherwise. Cr, Mg, My, Mx, LF,

Ly are the Lipschitz constants of F w.r.t. X, VgL wrt. F andY, VoF

wrt. X, L wr.t. F andY, respectively.

Please refer to Appendix A.1 [55] for the proof of Theorem 4.1.

Theorem 4.1 indicates that with appropriate dx and Jy, the dif-
ference in the contribution to selector learning can be minimal.
In particular, when X; and X; originate from similar domains or
entities that can make ||Y;—Y || arbitrarily small, we have dy — 0
as Ox — 0 and §; — 0. It provides a formal intuition that we can
identify redundant samples for selector learning based on their dx
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Algorithm 1: KDSelector Framework

Input: Training subsequences D, class label set {y;|T; € D}, parameters of
selector © 7, learning rate 7, batch size B; soft target set {p;|T; € D}
and importance coefficient « if PISL is enabled; knowledge feature set
{z§(|T,- € D}, parameters of projections Op, Op e, temperature T
and importance coefficient A if MKI is enabled; pruning ratio 7,
number of LSH bits g and number of bins w if SDGP is enabled.

Output: Learned parameters © ¢ of selector f.

if MKI is enabled then

| X —{X;=[T,zF]IT; € D};

3 else

| X« D

5 if SDGP is enabled then

6 HashTables — LSH(X, q);

7 d—{di=1|X; € X};

8 while not converged do

/* Iterate over epochs

9 if SDGP is enabled then

Sy, Xy « SDGP(X,HashTables,d,r, w);
Xirain — S1U Xo;
Ce{e=Z1Xie Siyu{e=1|X; € X}
else
Xirain — X;
Ce—{c;=1|X; € X};

ny = I_M’tr[;zinu;
B1, By, ...
B;
for B = 81,82,.‘.,8% do
/* Iterate over minibatches
L 5 SnesaiLiE:
if PISL is enabled then
| Lo Q-a)L+agSpepeill™h
if MKI is enabled then
L L4 2F Spes i LMK
Ony < Oy — Ve, L

-

N

*/

s B"b <« Randomly split X;,qin into np minibatches of size

*/

25 Opp — Opy — UV@hK L;

26 ®f<—®f—l7V(-)f£;
if SDGP is enabled then
| de (d\{dilX; € B}) U{LilX; € B);

27
28

and Jr. Next, in § 4.2, we clarify how we take advantage of the
redundancy of training samples to accelerate selector learning.

4.2 Similarity and Difficulty Guided Pruning
Key idea. Based on Theorem 4.1, the core idea of SDGP is to divide
the training samples into different buckets at the beginning of each
training epoch, where the samples within each bucket are similar
in themselves and in their difficulty (i.e., losses), and then perform
random pruning by bucket to reduce redundancy. Moreover, note
that training samples that have small loss values indicate that they
have been well learned by the selector [4, 11]. Thus, we divide sam-
ples with losses less than a threshold into one bucket regardless of
their similarity. To theoretically guarantee that using the remaining
samples can achieve a similar result as using the full training data,
we rescale the gradients of the remaining samples before updating
the parameters using them. The details are as follows.

Training sample bucketing. Considering that the training sam-
ples X; € X are invariant during selector learning while their
losses vary with the update of parameters, we first partition X into
groups of similar samples before training starts. Then, we dynami-
cally divide the samples into different buckets at each epoch based
on their losses and the groups they fall into. To avoid additional
costs, instead of specifically computing the losses of all samples in



Algorithm 2: SDGP(X, HashT ables, d, r, w)

Input: Full training set X, Hash tables HashTables, difficulty score set d,
pruning ratio r, number of bins w.
Output: Set of remaining samples in the pruned buckets Sy, set of samples
in the buckets that do not need to prune Xj.
X XX ieX di;
Biny, Biny, . . ., Bin,, < Divide samples in {X; € X | d; > d } into w
equi-depth bins according to d;;
Buckets « 0;

d e

-

1
[

N

3

4 for X; € Biny; U Bin, ... U Bin,, do

5 idx; < Bin index of X;;

6 idx, < Hash table index of X;;

7 if Bucketidx, idx, € Buckets then

8 | Bucketiaxyidx, < Bucketiax, iax, Y {Xi};
9 else

Bucketiax, idx, < {Xi};
Buckets « Buckets U Bucketigx1,idx2;

L

Buckets «— Buckets U {X; € X |d; <d };
Xl — @, Xz «— 0;
for Bucket € Buckets do
if |Bucket| > 1 then
| Xi < XU Bucket;
else
| Xy« Xz U Bucket;

S; < Randomly prune each X; € X; with probability r;
return S;, Xs;

N
S

X before pruning them in each epoch, we divide them according
to the loss value of each X; necessarily computed from the previous
update that uses X;, which we refer to as the difficulty score of X;,
denoted as d;. Formally, let S denote the pruned dataset used for
learning at any epoch t. The difficulty score is defined as
(£+1) LS”, X; €S,
s {d}”, X, € X\S. 2

Since the loss in the early training stage is usually unstable and
cannot well reflect sample difficulty, and therefore pruning based
on it can introduce bias, we initialize all scores as a small value of
1, ie. di(o) =1. As such, no score is less than the threshold defined
below. Thus, the samples are pruned based on only similarity in the
first epoch, avoiding using the unreliable loss to ensure pruning
robustness. The difficulty scores for the remaining samples which
are essential to learn are updated on time, while the scores of the
less important samples also have a probability of being updated due
to the random pruning strategy discussed below. We empirically
show that this scoring approach is more efficient and robust and
does not sacrifice selection ability (see Exp-4 in § 5.2).

Specifically, to efficiently group X, we use locality-sensitive hash-
ing (LSH) [8] to map similar samples into the same hash tables.
This is achieved using g random hyperplanes {hy, hy, ..., hy} to
map each sample X; to a hash table encoded with g bits, where the
J-thbit (j=1,2,...,q)is 1if h; - X; > 0 and 0 otherwise. Next, at
the beginning of each epoch, we partition training samples whose
difficulty scores are no less than a threshold into w equi-depth
bins [51] based on their score values d; and divide the samples that
fall into the same bin and hash table into one bucket, while the
other samples (i.e., with d; less than the threshold) are grouped into
a separate bucket. Since the difficulty scores change over epoch,
it is difficult to identify the easy and hard samples with a fixed
threshold. Inspired by [61], we adaptively set the threshold as the
average score of all samples, denoted d = 2xex di/1X].

1941

With the above method, we can control x and §;, of the samples
in different buckets by adjusting the number of bits ¢ and bins w.
Random pruning and gradient rescaling by bucket. After buck-
eting, we randomly remove redundant samples that fall into the
same bucket with a given pruning ratio r € (0, 1). To be specific,
each sample is pruned with a probability of r for the buckets that
have more than one training sample, while the samples are retained
for the buckets that have only one sample. Formally, we can rep-
resent the original set X using two subsets, i.e., X; that combines
all the buckets that need to be pruned and X, otherwise, where
X =X; UX; and X; N X; = 0. Then, we formulate the pruning as
X; e X,
X; € X,

r,

0. (13)

Pr(X;) ={

where Pr(X;) denotes the probability of pruning X;. Intuitively,
this soft pruning strategy ensures that any sample can be retained
for training to avoid full discard of potentially important samples.

However, compared to training on the full data, directly using the
remaining samples to update the selector parameters will change
the overall gradient, denoted G = } x,e x Vo £Li, which indicates the
direction of parameter update that minimizes the objective £. To
be specific, assume that all samples X are drawn from a continuous
distribution p(X). The objective of selector learning on the full
dataset X can be formulated as

argmin E [L(X;0)] :argmin/ L(X;0)p(X)dX. (14)
o XeX e XeX

However, updating the selector parameters by directly using the
gradients of the remaining samples in S = S; U X, (where S; C X
contains the remaining samples in the pruned buckets), denoted
Gs = 2 x,es VoLi, the learning objective becomes

argmin E [ L(X;0)] = aurgmirJv (1-Pr(X)) L(X;0)p(X)dX
o XeS o Jxex (15)
< arg(;ninxlgx[[(X; 0)],
where the equality satisfies only when r = 0, meaning that it is
inconsistent with the original objective in Eq. (14) for a ratio r > 0.
To address this issue, we rescale the gradients (equivalent to
rescaling the loss values) for the samples that remain in the pruned
buckets by multiplying a factor 1/(1 — r), which is formulated as
=VeLli=Vor L Xi€S
Vo Li, X; € X.
We theoretically show in § 4.3 that using the rescaled gradients
(i.e., loss values) of samples in the pruned dataset S, the objective
is equivalent to that of using the full data.
Summary. Based on the above discussion, we show the pseudocode
of SDGP, in lines 5-7, 9-12, 18-28 of Algorithm 1, and Algorithm 2.
As illustrated in Algorithm 1, all training samples are mapped
into hash tables and their difficulty scores are initialized as 1 before
training starts (lines 5-7). Next, the full training set X is pruned
at the beginning of each epoch using Algorithm 2 (line 10). The
remaining samples in S; and X; are used for training in the current
epoch (line 11), where the factors are set based on Eq. (16) (line 12)
to rescale the gradients (i.e., losses) of the remaining samples (lines
19-23) used for updating the parameters (lines 24-26). Finally, the
computed losses are used to update the difficulty scores (line 28).
As Algorithm 2 shows, to prune training samples in X, SDGP
first divides the samples with d; > d into w equi-depth bins (line
1-2) and those falling into the same bins and hash tables into one
bucket (lines 4-11). Meanwhile, it divides the samples of d; < d
into an additional bucket (line 12). Then, the buckets that contain

Vo L;= { (16)



more than one sample are combined into a set X; (lines 15-16) and
the other buckets are combined into another set X (lines 17-18).
According to Eq. (13), only the samples in X; are randomly pruned
to produce S; (line 19). Finally, the remaining samples in S; and
X are returned (line 20) to Algorithm 1 for selector training.

4.3 Theoretical Analysis

Effectiveness guarantee. Recall that in SDGP, we use the remain-
ing samples in S = S; U X; to train the selector with the gradients
rescaled according to Eq. (16), where S is a subset of X; produced
by randomly pruning each sample with probability r € (0, 1) as in
Eq. (13). Thus, we have the following theorem.

Theorem 4.2. Using the rescaled gradients G; = Y.x,es VoL,
for parameter update, the objective of the selector learning, denoted
arg min ES[L’(X; )], satisfies the following equation for anyr.

o Xe

argémnx]gs[.[j (X;9)] = argémnxlgx[.[:(X; 0)]. 17)

Please refer to Appendix A.2 [55] for the proof of Theorem 4.2.

Theorem 4.2 indicates that the learning objective of using the
data pruned by SDGP is always equivalent to that of using the full
training set, theoretically showing the effectiveness of SDGP.
Complexity analysis. Dividing X using LSH takes O(q|X|Dx)
time, linear to the number of bits g, the number of all training
samples |X| =|D| and the dimensionality of the sample Dy, and
is only performed once before training starts. Algorithm 2 has a
time complexity of O(|X|) that is run for each training epoch. Thus,
the time complexity of selector learning (Algorithm 1) changes
from O(E|X|Tyoget) to O(E(IX|+|S|Tnoder) +9|X |Dx) with SDGP,
where Troqe1 = Ty + Tp, if MKl is enabled and Tpuoqe1 =Tf otherwise
(as discussed in § 3.3), and |S| is the number of remaining samples
used for training. Since the training time is dominated by T,;,54e1,
SDGP can achieve acceleration with |S| < |X| by pruning.

5 EXPERIMENTS

5.1 Experimental Setups

Datasets. We mainly use the 16 TSB-UAD [68] datasets following
the TSAD model selection benchmark [70]. The name, statistics
and description used by K; of the datasets are shown in Table 4 in
Appendix B [55]. For a fair comparison, we use the recommended
train/test split [70] by default for selector learning, where the train-
ing set is a combination of samples from the 16 datasets, while time
series from 14 subsets are used for the test of model selection.
Baselines. We mainly evaluate our KDSelector in two aspects. For
model selection ability, we consider three types of baseline methods:
(1) Meta-learning-based model selection. This includes:

o Non-NN-based methods extended by [70] including (i) feature-
based methods that use the open-source tool TSFresh [10]
to extract features from the input subsequences, and train
classical classifiers on top of the features, containing K nearest
neighbors [18] (KNN), support vector classifier [7] (SVC),
AdaBoost [19], and random forest [23] (RF), and (ii) kernel-
based method that refers to MultiRocket [71] (MR) that uses
multiple convolutional kernels with a Ridge classifier.

based models, i.e., ResNet [21] (ResN) that uses convolutional
layers with residual connections, and InceptionTime [26]
(IncepT) that combines ResNets with kernels of multiple sizes,

NN-based methods including (i) two representative convolution-
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and (ii) an advanced Transformer (Trans) model correspond-
ing to SiT-stem in [70]. As discussed in § 2.3, the NNs are
learned using the standard method in existing solutions.

(2) Trial-based model selection. This refers to the method proposed
in [20], denoted UMS, which selects TSAD models by running
and ranking them based on computing surrogate metrics.

(3) Ensembling. The baseline solution that runs all TSAD models
and combines them through average ensembling [70] (AvgEns).

For learning efficiency evaluation, we compare the pruning frame-
work of KDSelector, i.e., SDGP, with the following methods.
(1) Full refers to the baseline that trains over the full dataset X.
(2) GC [27] prunes the samples by maximizing the submodular
function that considers diversity and information. The remain-
ing samples are used for all training epochs.
(3) EL2N [60] is similar to GC, but estimates sample importance
with the error-L2-norm and removes less important samples.
(4) UCB [63] prunes the samples at different training epochs using
the upper confidence bound of the loss values.
(5) InfoBatch [61] prunes the samples of small loss values at ran-
dom for each epoch and scales up the gradients of the remains.

We use their open-source implementations with the preferred
parameters without specification for the baseline methods.
TSAD models. To achieve a fair comparison, we use the 12 rep-
resentative TSAD models the same as [70] in our TSAD model
set, namely Isolation Forest (IForest), IForest1, Local Outlier Factor
(LOF), Histogram-based Outlier Score (HBOS), Matrix Profile (MP),
NORMA, Principal Component Analysis (PCA), Polynomial Approxi-
mation (POLY), One-class Support Vector Machines (OCSVM), LSTM-
AD (LAD), CNN, and Autoencoder (AE) (see details in [59, 70]).
Implementations. KDSelector is implemented using PyTorch 1.12.
The experiment was run on a server with Platinum 8260 CPUs and
Ubuntu 20.04 LTS, using a single NVIDIA GTX 3090 GPU. We use
the base BERT [14] by default for text embedding with the specific
[CLS] token of the last layer. The projections ht and hg used in
MKI are implemented using two multi-layer perceptrons (MLPs),
respectively. Each MLP has one hidden layer of 256 dimensions,
with ReLU as the activation function. We optimize the weights «
for PISL and A for MKI as detailed in Exp-5 in § 5.2 and choose
Dk € {64,256}, 7, € {0.2,0.22,0.25} through cross-validation. The
temperature 7 of InfoNCE is set to 0.1. For SDGP, we set the pruning
ratio r to 0.8. The number of bits g used in LSH is set to 14, and the
number of bins w is set to 8. Other settings are consistent with the
baselines that use the same architectures for a fair comparison.
Evaluation metrics. We adopt the widely used AUC-PR [67, 70]
by default to measure the detection performance of the TSAD model
and the selection ability of the selector. The latter is obtained by
running the selected model on the test time series and computing
the metric score of the predicted anomaly scores. For evaluation
of selector learning (a.k.a. training) efficiency, we report the total
runtime of the training algorithm, including (i) pruning and (ii)
training over the remaining data (i.e., pure training).

For a fair comparison, we exclude SDGP for selection ability
evaluation because existing solutions do not use any pruning, while
we keep PISL and MKI in use when comparing pruning methods.

5.2 Experimental Results

Exp-1: KDSelector vs. Standard NN-based selector learning.
We compare our knowledge enhancement and data pruning mod-
ules with the standard selector learning method discussed in § 2.3
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Figure 3: AUC-PR of KDSelector on different test sets. The selector architec-
ture is ResN. Similar trends can be observed for IncepT and Trans.
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Figure 4: Selector learning and model se-

lection (inference) time for KDSelector
using different architectures.

Table 1: Overall AUC-PR for KDSelector using different architectures.  iii¥ s e B0 7o s
- 0

Architecture ResN IncepT Trans
Method Standard __+PISL& MKI_| Standard __*+PISL&EMKI_| Standard + PISL& MKI 5 |
Full  SDGP Full  SDGP Full  SDGP 18020
Avg. AUC-PR 04213 0.4609 04572 | 04144 0.4529 04443 | 04353  0.4500 0.4402 1.000
Improved by PISL & MKI 70.039 [ - 10.0385 [ - 70.0147 0.001 1 Figure 6: Ranking of meth-
Reduced by SDGP - | 10.0037 - | 10.0086 - | 10.0098 .

for training selectors of different architectures. We show the aver-
age AUC-PR for all test series in Table 1 and the detailed results
on different test sets for ResN in Fig. 3. We also show the time of
selector learning and the total model selection time for all test series
in Fig. 4. From the results, we can make the following observations.

(1) As shown in Table 1, learning using the knowledge enhance-
ment modules (Full) is consistently better than the standard method
for different architectures, with 0.0147-0.0396 higher on AUC-PR.
Furthermore, we see from Fig. 3 that the selector learned with PISL
and MKI performs better or equally in terms of AUC-PR for all
test sets, except NAB where the standard method is slightly better.
Meanwhile, Fig. 4 shows that the selector learning and model selec-
tion time are almost the same with and without the two modules,
indicating negligible overhead incurred by them.

(2) Compared to Full, learning with SDGP does not much sac-
rifice and even improves model selection ability in most datasets
(Fig. 3), with the average AUC-PR reduced by less than 0.01 for dif-
ferent architectures, still outperforms the standard method (Table 1).
The decrease rate for ResN is only 0.8% (0.0037/0.4609), which is
nearly lossless. However, we observe from Fig. 4?? that using SDGP
dramatically reduces the runtime of selector learning, improving
the efficiency 3.1-3.8x compared to Full.

In addition, we report the preprocessing time in Fig. 5. Consistent
with the analysis in § 3, PISL almost has no additional overhead com-
pared to existing standard methods, because the performance scores
used by PISL are intermediate results needed by all meta-learning
baselines for identifying the best models (i.e., hard labels). The time
added by MKI for metadata embedding is just 0.1%, which is also
negligible. Note that while preprocessing seems time-consuming,
it is needed only once and allows for reuse by all meta-learning
solutions to train and improve selectors, and it can be incrementally
executed for newly added data, models, and metrics.

Exp-2: Comparison of model selection methods. We conduct
an end-to-end evaluation on the model selection solutions.

For comparison of model selection ability, we plot the critical
difference diagram in Fig. 6 based on the Wilcoxon-Holm test [13]
to show the AUC-PR ranking of the methods on the test sets, where
a higher ranking indicates better performance, and the methods
within different thick horizontal lines indicate that there is a sig-
nificant difference between their performance with a statistical
level of 0.01. From the diagram, we observe that the meta-learning-
based solutions are generally better than the trial-based UMS and
the ensembling method AvgEns among the baselines, especially
for the NN-based selectors ResN, IncepT and Trans. Compared to

Figure 5: Preprocess time. ods based on AUC-PR.

baseline methods, the selectors trained using KDSelector consis-
tently perform better. The best method, namely KDSelector-ResN,
even outperforms the non-NN-based, trial-based and ensembling
solutions with statistical significance, showing the superior model
selection ability of our NN-based selector learning framework.

To further show the advantages of our meta-learning-based solu-
tion, we evaluate the runtime of our best method KDSelector-ResN
(KD-R) and the competitors UMS and AvgEns for online inference
(i.e., model selection, MS) and anomaly detection (AD). The total
time and the time distribution over all test series are shown in Ta-
ble 2 and Fig. 7, respectively. We can observe that both AvgEns and
UMS take a long time for AD because they run all TSAD models.
In addition, UMS spends a lot of time on MS by computing the
surrogate metrics. Our solution is much faster because the learned
selector directly predicts the correct model without time-consuming
evaluation, and only the chosen model is run for detection. Note
that unlike meta-learning solutions, the ensemble-based (AvgEns)
and trial-based (UMS) approaches do not need offline preprocessing
and selector training on the historical data. However, ensemble-
and trial-based methods suffer significantly lower MS & AD effi-
ciency as discussed above due to the exhaustive evaluation of all
candidates, and thus meta-learning solutions can be more appli-
cable because end-to-end latency of online MS and AD is usually
important for a deployed TSAD service.

Note that we also compare our KD-R with the solution of running
a single TSAD model on all test series. The results show that model
selection is superior to all single models on almost all test sets. We
refer the reader to Fig. 17 in Appendix C [55] for full results.
Exp-3: Comparison of data pruning methods. We evaluate the
model selection ability and the training efficiency of different data
pruning methods. The selector architecture is ResN (the same as
in the following experiments without specification). The pruning
ratio is 0.8 for all methods. The results over all test sets are shown
in Table 3, from which we make the following observations.

(1) UCB, InfoBatch, and SDGP, which dynamically prune dif-
ferent samples during training, outperform GC and EL2N, which
select a static subset of samples in terms of AUC-PR. Notably, SDGP
achieves the highest AUC-PR among pruning methods, the only one
that has a performance loss less than 1% compared to Full, showing
effectiveness of our method in removing redundant samples.

(2) GC and EL2N are faster in pure training because they remove
the given ratio of samples, but they spend a lot of time on pruning,
even longer than training. In comparison, the pruning time for UCB,
InfoBatch and SDGP is negligible, but their pure training time is
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Table 2: Overall inference (MS) and AD = 17 =
time (h) of different types of solutions. = 1 %]
o 10
Method AvgEns UMS  KDSelector-ResN < 1074 %]
< 10-1
MS - 79.59 0.01 Z 02 ]
AD 242.01  242.01 2.82 AvgEns UNMS KD-R
Total 24201  321.60 2.83 Figure 7: Time
Speedup  85.52x  113.64x -

over all test series.

a few longer, since the actual ratio of samples removed is usually
smaller than the given with their dynamic pruning mechanisms.
SDGP, with the minimum loss of AUC-PR, is also the fastest in the
total training phase, achieving 3.10x of speedup compared to Full .
We further assess the scalability of the pruning methods w.r.t.
the total number of samples |D|=|X| (default 600k) and the subse-
quence length [ (default 128). As Fig. 8 shows, our SDGP performs
better under all sample sizes and lengths. The learning time is close
for different methods when the sample size is small (e.g., 200k), but
SDGP is increasingly more efficient as the sample size grows, showing
the significance of our SDGP for large-scale data collections.
Exp-4: Ablation study. We conduct ablation studies to evaluate
the effectiveness of key designs of KDSelector. The average AUC-
PR for all test sets and the selector learning time of the comparative
methods are presented in Fig. 9. We discuss the results as follows.
(1) Study on loss functions. As shown in Fig. 9a left, we compare
Full with its variants without the proposed losses of PISL, MKI, and
both. We can see that both loss functions are effective in improving
AUC-PR, while their impact on training speed is negligible.
(2) Study on gradient rescaling. We compare SDGP with its variant

that does not rescale the gradients of the remaining samples used for
training. As Fig. 9a right shows, the time cost of gradient rescaling
is negligible, while the strategy significantly improves AUC-PR,
which is consistent with our theoretical analysis in § 4.2-4.3.

(3) Study on difficulty score. As Fig. 9a right shows, we replace dl.(o)
of all samples by their loss values at the beginning of the training.
The resulting variant (i.e., w/o init.) achieves significantly lower
AUC-PR than SDGP, revealing the negative impact of the poten-
tially unstable early-stage loss and thus demonstrating the effec-
tiveness of our score initialization in improving pruning robustness.
Next, we compare SDGP with its variant that does not use Eq. (12)
but naively computes the losses of all samples per epoch to update
dl.(Hl) (i.e., w/o update). The result shows that update as our SDGP
is much more efficient without sacrificing AUC-PR.

(4) Study on PLM parameters. We make a comparison between freez-

ing PLM parameters and fine-tuning them simultaneously during
training. As Fig. 9b left shows, Frozen is much more efficient. It
also has slightly higher AUC-PR, suggesting that fine-tuning may
destroy the well-learned knowledge of the PLM.

(5) Study on PLM models. As Fig. 9b right shows, we replace the
default BERT (110M) by alternative PLMs, including GPT-2 [62]
(124M), DeepSeek [5] (8B) and LLama 3 [15] (8B). Since these models
do not have the [CLS] token for text encoding as BERT, we use the
mean pooling of the tokens of the last layer following LLM2Vec [3].
We observe that the default BERT outperforms the other three PLMs
in terms of AUC-PR. The reason may be that BERT is encoder-only
that is suitable for our classification-style tasks, while the others
are mainly designed for text generation. DeepSeek and LLama 3
that are larger in parameter scales are inferior to GPT-2 and BERT,
perhaps because the larger models are too general to fit the task
of MKI without further adaptation (e.g., prompt engineering [43]).
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Table 3: Overall results of data pruning methods.

Method | Full | GC EL2N UCB InfoBatch SDGP
Avg. AUC-PR | 0.4609 | 0.3154 0.2877 04066 04551  0.4572
Time | Prune - 35121 29196  0.37 0.01 0.51
(emins) Train | 282.02 | 58.48 54.86 124.48  173.71 90.41

Total | 282.02 | 409.69 346.82 124.85 17372  90.92

Speedup - 0.69x  0.81x  2.26X 1.62% 3.10x
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(a) Varying sample size. (b) Varying input length.
Figure 8: Scalability of data pruning methods.
The selector learning time of using different PLMs is close because
the metadata is embedded during preprocessing.

(6) Study on metadata template. We compare the metadata tem-
plate K; in definition 3.1 (Full) with its ablations without dataset
name or description (desc), series length, and anomaly description.
As Fig. 9c left shows, all these fields in K; are effective in improving
selection ability. Desc and anomaly have a higher impact than name
and length, which is reasonable because the description of scenar-
ios and anomaly patterns is intuitive to have more context related
to choosing a suitable TSAD model. We also note that the above
ablations achieve 0.001-0.013 higher AUC-PR than the variant w/o
MKI shown in Fig. 9a left, implying the effectiveness of MKI even
with incomplete templates that have one of the fields missed.

(7) Study on metadata embedding. To study the effectiveness of
knowledge feature extraction using PLM, we compare MKI with
its variants that use simple (i) One-hot encoding of text K;, and
(if) Numeric features consisting of one-hot features of the name
and description of the datasets, concatenated with the values of the
series length, anomaly count and lengths, as the knowledge features
zg( . As Fig. 9c right shows, both simple features are inferior to the
default PLM embedding in terms of AUC-PR. Numeric is slightly
better than One-hot that also uses Kj, which indicates that although
the representation of metadata in text is flexible and informative,
it is essential to incorporate a powerful language understanding
model (e.g., PLMs) to extract useful meta-knowledge from the text.
Exp-5: Impact of key parameters. We first analyze the parame-
ters of SDGP, including the pruning ratio r, the number of LSH
bits g and bins w. We report the total selector learning time and
the average AUC-PR for all test sets in Fig. 10, where the blue area
shows the 95% confidence interval (CI). Note that the width of the
CI is almost constant with each varying parameter, because the
variation of AUC-PR is generally consistent on each dataset.

(1) Effect of r. As Fig. 10a shows, training time decreases with in-
creasing r. For r < 0.8, the AUC-PR drops very slightly as r increases
and is almost lossless compared to training without pruning, in-
dicating that r < 0.8 can be safe for training speedup without
much sacrificing the selection ability for each dataset. However,
the AUC-PR will degrade dramatically with a further increase in r.

(2) Effect of q and w. As Fig. 10b shows, the time increases with in-
creasing g, because fine-grained buckets with more hash tables will
preserve more samples from being pruned. The AUC-PR generally
improves as ¢ increases within a low-to-moderate range (g < 14),
but plateaus to the level of training without pruning when g further
increases, as all samples will remain with g— +oc0. The effect of w
is similar (Fig. 10c) as it also controls the granularity of the buckets.
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Figure 9: Ablation study results.

Next, we study the weights a of PISL and A of MKI. Since they
mainly affect the selection ability, we only report the AUC-PR.

(3) Effect of a and A. As Fig. 11 shows, the overall AUC-PR is in
slight variations for « (Fig. 11a), while a relatively larger value
(e.g., [0.78,1]) can be better for A (Fig. 11b). We also note that AUC-
PR at each specific weight is always lower than that of using the
best weight for each dataset, as the selector performs better with
different values of @ and A for different applications (i.e., datasets).

Guidance for parameter setting. Based on the above analysis,
we provide a guide to the setting of key parameters for deploying
our KDSelector. By default, we recommend r = 0.8, ¢ = 14 and
w = 8 for SDGP considering both learning efficiency and selection
ability, but one can easily tune them for a preferred tradeoff. For the
importance of PISL and MKI, it is practical to determine them from
afew generally better values, e.g., 2 €{0.2,0.4, 1} and 1 € {0.78, 1} as
our default, for an overall good selection ability without much tun-
ing effort. One can also optimize them more precisely and efficiently
using well-established hyper-parameter tuning systems [34, 35].
Exp-6: Evaluation on out-of-domain generalization. We fur-

ther evaluate the generalization ability of the model selection meth-
ods for unseen domains. We train selectors over all training data
except a target domain (i.e., dataset) and then assess the selectors on
the target domain. Fig. 12 shows the overall performance averaged
over all 16 target datasets and the results of four representative
domains (e.g. healthcare and IT infra), from which we observe:

(1) KDSelector consistently improves AUC-PR for different archi-
tectures. Note that existing meta-learning-based solutions that use
the standard selector learning method perform similarly to or even
worse than AvgEns and UMS that do not rely on historical training
data, while the methods optimized by our KDSelector achieve an
overall performance superior to UMS and competitive to AvgEns
(Fig. 12a), and perform significantly better than both baselines in
some cases (e.g, KDD21 in Fig. 12b and SVDB in Fig. 12d).

(2) The ablated KDSelector that uses only PISL (i.e., w/o MKI)
consistently outperforms the standard method, while the full KDS-
elector including MKI can further improve selection ability. This
indicates that both modules are essential for improving general-
izability to unseen domains. The reason is that PISL is helpful to
learn the relationship between different time series and TSAD mod-
els, which may contain more domain-shared knowledge than a
simple mapping to the best model. Meanwhile, MKI provides the
meta-knowledge to enhance general-purpose context for MS (e.g.,
relationships between anomaly characteristics and TSAD model
performance). By encouraging the time series and meta-knowledge
features to be close while the features of different series to be distant,
MKI is also beneficial for learning the inherent features that distin-
guish all time series from each other, which can disentangle domain
and class to achieve more transferability across domains [69].
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Figure 12: Out-of-domain evaluation. Overall means the average over all datasets.

Note that the improvement of MKI seems limited compared to
PISL because the meta-knowledge we use is still basic. Based on
Exp-4 (6), MKI has the potential for further improvement in the
real-world applications that have more useful meta-knowledge.

(3) In the extreme case where the target domain may be very
different from the training data (e.g. YAHOO where many anom-
alies are isolated data points rather than segments [59]), the meta-
learning-based methods with our KDSelector are still inferior to Av-
gEns in terms of AUC-PR. This indicates an optimization direction
for future work that is to further improve the generalization ability
of the selectors, to provide both MS and AD efficiency (shown in
Exp-2) and detection performance with the meta-learning methods.
Exp-7: Study of the learned selector. To better understand how
KDSelector improves the model selection ability of the learned
selector, we first show in Fig. 13a the mean cosine similarity of
the knowledge features corresponding to the time series (TS) of
all 16 training sets that belong to the same (intra-) and different
(inter-) classes (i.e., the best TSAD models). We observe that the
intra-class similarity is higher than the inter-class similarity for 11
out of the 12 TSAD models, indicating that the PLM can extract
semantic information from the metadata for distinguishing different
models. Next, we conduct a study on IOPS, a data set containing
performance indicators that reflect the scale, quality of web services,
and health status of a machine. We visualize the TS features (i.e.,
ZIT) of the ResN selectors in Fig. 13b for the test set using the
two-dimensional t-SNE [47], where the features learned using the
standard method (denoted ResN) and our KDSelector (denoted KD-
ResN) are presented in top and bottom, respectively. Classes are
distinguished using different colors. We observe that the TS features
of KD-ResN form more separated clusters, suggesting low-entropy
encoding that is easier to classify for the input subsequences, which
explains why KDSelector can improve the model selection ability.

We further show the detection performance of the 12 TSAD
models and the models chosen by ResN and KD-ResN for the test
series in Fig. 13c. We see that both selectors correctly select the best
models for 9/17 series. However, KD-ResN tends to choose a nearly
optimal model even if it fails to identify the best one (e.g., for series
0, 3, 9, 13-15), but ResN selects the models of much lower AUC-PR
compared to the best (e.g., 4, 7, 10, 11, 16). This indicates that the
selector can better learn the relationships between time series and
different TSAD models with the knowledge enhancement modules
of KDSelector, resulting in better selection across different series.
Exp-8: Study of alternative metrics. To validate the generaliza-

tion of our framework on metrics (used as P in Eq. (1)), we train
selectors by replacing the default AUC-PR with alternative metrics
commonly used in TSAD, including AUC-ROC and VUS-PR [58]
(Fig. 14a), and precision at specific recall (Fig. 14b). The results
show that KDSelector consistently improves the selection ability
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compared to the existing standard selector learning method, fur-
ther indicating that KDSelector is a general framework that can be
integrated into TSAD services that use different metrics of interest.
Exp-9: Generalization on multivariate time series (MTS). We

further evaluate our framework using MTS. We use the recently
published TSB-AD-M dataset [46] which contains heterogeneous
MTS from different areas (see [76] in detail). For benchmarking, we
use the data split recommended by [45] and ResN with the same
settings as in § 5.1. Since IForest1l, MP and POLY are not directly
applicable to MTS, we exclude them and use the remaining TSAD
models. The results are shown in Fig. 15. Similarly, learning with
our PISL and MKI (Full) improves the selection ability on almost all
MTS test sets with only 3% increase in training time, while pruning
with SDGP saves 47% time with almost lossless or even improved se-
lection ability. The average AUC-PR of Full has improved by 0.0303
compared to Standard. Although this is lower than the 0.0396 (see
Table 1) achieved in the univariate scenario, it is still significant.

Exp-10: Study of selective model combination. Considering
that even with improved selection ability, the selector can still fail to
choose the best model, and there might be diverse top-performing
models that complement each other, we study a practical solution
to run the models of the top-k votes and combine their scores (e.g.,
based on Average or Weighted Average according to their votes)
for detection. We observe that the performance of all selection
variants improves after k > 1 and plateaus or degrades after k of
2-5 (Fig. 16a), while the detection time increases with k (Fig. 16b).
It suggests an effective balance between accuracy and runtime
with a proper k, compared to using only top-1 or a naive ensemble
of all models (e.g., AvgEns). WA is generally a better strategy
than A because it takes into account the importance (i.e., votes)
of different models. KDSelector outperforms Standard for both
strategies, further verifying the effectiveness of our framework.

6 RELATED WORK

Model selection for TSAD. In general, existing studies on TSAD
model selection are in two lines. Goswami et al. [20] propose a
trial-based method that chooses the TSAD model using three care-
fully designed surrogate metrics. The method falls short of the
high computational overhead required to run all TSAD models and
calculate the metrics. It is also difficult to accurately estimate the
detection performance using the hand-crafted metrics. On the other
hand, Ying et al. [81] introduce the meta-learning-based model se-
lection mechanism and show the effectiveness in their production.
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Navarro et al. [52] design improved meta-learners for multivariate
and dissimilar time series. Sylligardos et al. [70] propose a general
meta-learning pipeline (see § 2.2) and adapt different TSC models to
be selectors, showing advantages in selection ability and efficiency.
Data pruning for NN training. Data pruning emerges as a pre-
vailing trend in both database and machine learning areas. Exist-
ing methods can be divided into two types. Static pruning meth-
ods [27, 29, 31, 60, 79, 80] remove less important samples using
predefined metrics and train the model only on the remaining data.
These methods suffer excessive computational costs for large-scale
data collections, which is even higher than training. Moreover, the
predefined metrics hardly perform well across different datasets
and architectures. In contrast, dynamic pruning methods [61, 63]
adaptively select subsets of samples during training based on sam-
ple information (i.e., loss values) at different epochs, which has
lower pruning costs and is more generalized.

Improvement for TSC. There exist improvement methods for
general-purpose TSC, such as self-supervised pre-training [9, 37,
38, 42, 84], data augmentation [25, 32, 77], privacy protection [39-
41], etc, which can also be jointly used with KDSelector for selector
learning, so our method is complementary to them.

7 CONCLUSIONS AND FUTURE WORK

This paper presents KDSelector, a novel framework for NN-based
TSAD model selector learning. We design two knowledge enhance-
ment modules to utilize the auxiliary knowledge in historical data
to improve the model selection ability. We further propose a novel
dynamic data pruning framework with theoretical guarantees to
accelerate selector learning with almost lossless selection ability.
Extensive experiments verify the effectiveness of our proposals.
In the future, it is interesting to explore model selection in a
finer granularity, i.e., identifying the best TSAD model for each
subsequence independently, which may further improve TSAD per-
formance. Such cases face a non-trivial challenge in subsequence
labeling, as anomalies are usually rare and thereby many subse-
quences contain only normal points, making standard metrics like
AUC-PR, VUS-PR, and recall inapplicable for evaluation on those
subsequences. Moreover, a realistic problem is how to construct
rich and high-quality metadata to bring our method into full play.
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