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Abstract

Time series anomaly detection (TSAD) is critical in various
real-world applications. Due to the high cost of manual anno-
tation, unsupervised methods are commonly employed to dis-
tinguish abnormal patterns from normal ones based on data
or representation characteristics. However, the limited cov-
erage of a single dataset often leads to misclassifying test-
time normal patterns that deviate from the training distri-
bution as anomalies. In view of this, we propose to intro-
duce domain knowledge from auxiliary datasets (AuxSets) to
enhance domain-level normality understanding in the target
dataset (TargetSet). However, through in-depth analysis on
the representation space of the TargetSet after incorporating
AuxSets, we find that consistent knowledge about normality
from homogeneous AuxSets do little help to TargetSet, while
diverse knowledge from heterogeneous AuxSets can bring se-
mantic confusion of normality for TargetSet, both of which
can degrade TargetSet detection performance. To address the
issue, we design DoKnowAD, a framework that introduces
a Representation HyperVolume Estimation metric to iden-
tify helpful heterogeneous AuxSets, and further adopts con-
trastive learning to enforce loose coupling between datasets
and high cohesion within single dataset to calibrate the Tar-
getSet’s representation space, thus mitigating knowledge con-
fusion. Extensive experiments on five popular datasets across
different domains demonstrate that DoKnowAD consistently
outperforms existing TSAD baselines in various metrics.

1 Introduction
With the development of digital technologies (Chen et al.
2025; Li et al. 2025a; Wu et al. 2023, 2024b), real-time sys-
tems in domains like healthcare, industry, and finance are
generating an increasing amount of time series data. These
time series capture system dynamics and provide valuable
insights into changes over time, enabling the detection of po-
tential risks and threats. This approach, known as Time Se-
ries Anomaly Detection (TSAD), has gained growing atten-
tion from both academia and industry, with applications in
health monitoring, manufacturing, and fraud detection, etc.
(Schmidl, Wenig, and Papenbrock 2022).
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Figure 1: Lack of domain knowledge leads to false alarms.

As time series data continue to grow and manual labeling
remains costly, TSAD methods are increasingly moving to-
ward unsupervised settings (Blázquez-Garcı́a et al. 2021).
Compared to traditional methods such as classification-
based (Tax and Duin 2004) and density-estimation meth-
ods (Breunig et al. 2000; Tang et al. 2002), deep learning
methods (Zamanzadeh Darban et al. 2024; Fu et al. 2025;
Huang et al. 2025; Li et al. 2025b; Wu et al. 2022b, 2024a,
2025) offer stronger representation learning capabilities and
have attracted more attention. These methods can be broadly
categorized into two types: one reconstructs or predicts out-
puts using inputs and detects anomalies by comparing out-
puts with expected normal values, while the other measures
the difference between test and normal samples in the rep-
resentation space. In both cases, capturing normal behav-
ior accurately is essential. To this end, various models based
on GANs, VAEs, Transformers, GNNs, and Diffusions have
been proposed (Li et al. 2019; Wang et al. 2024c,a; Yue et al.
2024; Zhang, Zhang, and Tsung 2022), aiming to model
complex temporal dependencies embedded in time series,
thereby constructing discriminative representations of nor-
mal patterns to improve detection performance.

However, deep learning-based TSAD methods often
struggle to distinguish true anomalies from distribution
shifts or pattern variations in test data, as they rely heavily
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Figure 2: Impact of directly incorporating AuxSets.

on training patterns that may not reflect domain definitions
of anomalies. As shown in Figure 1 (a), the training set of
ECG-805 from TSB-UAD (Paparrizos et al. 2022b) primar-
ily consists of normal pattern-1. Methods like OmniAno (Xu
et al. 2018) and AnoTrans (Xu et al. 2021) learn representa-
tions from pattern-1 and assign high anomaly scores to any
deviation, as shown in the third row of Figure 1(a). While
they correctly detect true anomalies, they also misclassify
normal pattern-2 (green shade) due to representation shifts.

However, such fluctuations are generally normal, which
could be seen as specific domain knowledge and should be
flagged as normal. This observation highlights the necessity
of integrating external domain knowledge to enhance the
model’s understanding of domain-normal patterns, rather
than treating all test deviations from the training distribu-
tion as anomalies. In fact, similar patterns (green lines)
also appear in other training datasets within the domain, as
shown in Figure 1 (b), suggesting the potential of leveraging
the auxiliary datasets (AuxSets) to assist the target dataset
(TargetSet) to capture domain-level normality.

Whereas, when directly incorporating such domain
knowledge from all available AuxSets to jointly construct
a domain-level normal representation, we observe a decline
in detection performance. As shown in Figure 2 (a), we
conduct experiments using TimeMixer (Wang et al. 2024b),
iTrans (Liu et al. 2024), TranAD (Tuli, Casale, and Jennings
2022), and AnoTrans (Xu et al. 2021), training them on ECG
domain from UCR archive (Wu and Keogh 2021) and eval-
uating on ECG-017. Surprisingly, methods trained without
AuxSets consistently outperform those incorporating them.
To better understand this, we visualize datasets within the
ECG domain, as shown in Figure 2 (b). Anomalies in ECG-
017 resemble normal patterns in ECG-012, and vice versa,
leading to semantic confusion of anomalies during joint rep-
resentation. This misalignment between anomaly semantics
in the TargetSet and AuxSets contributes to performance
degradation. These findings suggest that directly incorporat-
ing all domain knowledge from AuxSets without identify-
ing what is helpful may suppress the detection sensitivity to
TargetSet-specific anomalies, highlighting a key challenge:

How to identify and incorporate helpful domain knowl-
edge from AuxSets to enrich TargetSet’s normal representa-
tion, while preserving its specific anomaly semantics.

To answer the question, we conduct an in-depth analy-

sis on the ECG domain to investigate how domain knowl-
edge from various AuxSets influences the TargetSet’s rep-
resentational ability and detection performance. As shown
in Figure 3, by visualizing the normal and anomalous rep-
resentations of the TargetSet after incorporating different
AuxSets, we identify two phenomena: First, some AuxSets
are inherently homogeneous with the TargetSet, reflecting
similar perceptions of normal patterns. Under unsupervised
learning, such limited domain-level diversity may adversely
affect detection by reinforcing TargetSet-specific normality
and making anomalies harder to distinguish. Second, while
heterogeneous AuxSets broaden the TargetSet’s understand-
ing of domain-level normality, inconsistent anomaly seman-
tics may cause TargetSet anomalies to drift into AuxSets’
normal regions, weakening sensitivity to TargetSet-specific
anomalies and degrading accurate detection.

Therefore, we formulate the domain-oriented TSAD prob-
lem and propose Domain Knowledge Enhanced Time Se-
ries Anomaly Detection (DoKnowAD), to address these is-
sues through two core components. First, We propose an
AuxSets refinement module that quantifies each AuxSet’s
impact based on the representation shift it induces in the Tar-
getSet. Larger shifts suggest higher heterogeneity and can
provide more diverse domain knowledge. Second, we de-
sign a representation calibration module that further incor-
porates the refined AuxSets to assist the TargetSet’s repre-
sentation learning. Specifically, we construct normality pro-
totypes from the TargetSet’s own representation rather than
the joint representation, preserving its anomaly semantics
while still benefiting from domain knowledge. The main
contributions are summarized as follows:

• We propose leveraging AuxSets to enhance the Target-
Set’s normality representation. Through in-depth anal-
ysis, we find that homogeneous AuxSets provide lim-
ited knowledge, and furthermore heterogeneous AuxSets
could make confusion for TargetSet detection.

• We propose DoKnowAD, which introduces a Represen-
tation HyperVolume Estimation metric to identify helpful
heterogeneous AuxSets via representation space discrep-
ancy, enhancing domain knowledge diversity.

• We design a contrastive loss to enforce loose Target-
Set–AuxSets coupling and high TargetSet cohesion, en-
abling domain knowledge to calibrate the TargetSet’s
representation toward its own normality.

• DoKnowAD achieves up to 20% improvement over
state-of-the-art methods on datasets from multiple do-
mains, with further experiments highlighting its robust-
ness across varied AuxSets and representation model.

2 Related Work
Time Series Anomaly Detection
Mainstream unsupervised TSAD methods can be broadly
categorized by their detection space into two types:
data-space and representation-space. Data-space methods
(e.g., VAE (Su et al. 2019), GAN (Geiger et al. 2020),
GNN (Zhang, Zhang, and Tsung 2022)) detect anomalies
by comparing predicted or reconstructed and actual values.
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Figure 3: t-SNE visualization of the impact of different AuxSets on the representation and detection of TargetSet. (a) Original
TargetSet. (b)-(c) Impact of different AuxSet on TargetSet Representation. (d)-(e) Impact of AuxSets on TargetSet Detection.

Representation-space methods identify anomalies by mea-
suring discrepancies directly from learned representation,
often using attention (Xu et al. 2021; Yang et al. 2023; Yue
et al. 2024) or graph-based models (Deng and Hooi 2021).
However, most of these methods are trained on individual
datasets, resulting in incomplete normality representations.
In contrast, our method incorporates helpful AuxSets to in-
ject domain knowledge into the TargetSet, enhancing do-
main detection performance.

Time Series Representation
Time series representation has drawn increasing interest,
particularly in forecasting tasks. Recent advances move be-
yond conventional black-box models (e.g., CNNs (Wang
et al. 2023), RNNs (Lai et al. 2018), Transformers (Nie et al.
2023), and MLPs (Zeng et al. 2023)) by incorporating clas-
sical time series techniques like decomposition and multi-
periodicity (Wang et al. 2024b), leading to improved down-
stream performance, including anomaly detection. While
most models are trained on a single dataset, their architec-
tures offer insights for modeling patterns. Building on this,
DoKnowAD leverages AuxSets to enhance the TargetSet’s
representation and improve detection performance.

3 Motivation
Domain knowledge can help the TargetSet distinguish true
anomalies rather than simple deviations from training pat-
terns, but not all datasets in AuxSets are helpful and some
maybe harmful. Using a dataset from ECG domain, We an-
alyze how different AuxSets affect the TargetSet’s represen-
tation and detection performance, respectively, as shown in
Figure 3.

Impact of AuxSets on TargetSet Representation
As shown in Figure 3(a), training on ECG-017 alone re-
sults in most anomalies (yellow circles) near the normal re-
gion, increasing misclassification risk. Incorporating ECG-
012, which differs from ECG-017, compresses the normal
region and pushes anomalies (green circles) further away,

improving separability. In contrast, adding ECG-016, which
shares highly similar patterns with ECG-017, causes little
change in the representation space. Due to the lack of help-
ful domain knowledge, anomaly separation becomes even
poorer (red Xs). These results highlight the importance of re-
fining AuxSets, as homogeneous AuxSets may degrade de-
tection performance. Despite improvements from ECG-012,
many anomalies from ECG-017 remain in the normal region
of ECG-012 (purple dots), consistent with Figure 2.

Impact of AuxSets on TargetSet Detection

After incorporating heterogeneous AuxSets, we further in-
vestigate how this affects the detection performance. Taking
ECG-017 as an example, we compare its test-time represen-
tation space before and after incorporating various AuxSets.
As shown in Figure 3(a) and (d), the joint representation
space after incorporating AuxSets shows that many anoma-
lies in ECG-017 drift into the AuxSets normal regions (red
boundaries), leading them to be normal at the domain level.
This also explains why training without AuxSets outper-
forms training with them in Figure 2 (a). In contrast, re-
moving the AuxSets’ normals, as illustrated in Figure 3 (e),
anomalies in ECG-017 results in better separation of anoma-
lies from the normal cluster (black dash boundaries). This
suggests that incorporating AuxSets to calibrate the Target-
Set representation can effectively enlarge the boundary be-
tween normal and anomalous patterns.

Conclusion and Challenges

Through representation-level analysis, we identify two key
challenges in leveraging AuxSets as domain knowledge.
First, homogeneous AuxSets fail to introduce domain-level
diversity, reinforcing TargetSet-specific normality and ob-
scuring the boundary between normal and anomalous pat-
terns. Second, heterogeneous AuxSets may cause TargetSet
anomalies to drift into the AuxSets’ normal regions, lead-
ing to semantic confusion and reduced detection accuracy.
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Figure 4: Overview of the AuxSets Refinement Module via Representation Hypervolume Discrepancy. After refinement, each
TargetSet is paired with k heterogeneous AuxSets to incorporate the most helpful domain knowledge.

4 Method
To address these challenges, we reformulate TSAD into a
domain-oriented problem and propose DoKnowAD, which
tackles them from two complementary aspects. (1) It pro-
poses an AuxSets Refinement Module through Representa-
tion HyperVolume Estimation to identify helpful heteroge-
neous AuxSets via representation space discrepancy. (2) It
designs a Representation Calibration Module to enforce
loose TargetSet–AuxSets coupling and high TargetSet co-
hesion, enabling domain knowledge to calibrate the Target-
Set’s representation toward its own normality.

Domain-Oriented TSAD Problem
Let D = {D1,D2, . . . ,DN} be a collection of time se-
ries datasets from a specific domain, where each dataset
Dn = {X1, X2, . . . , XLn} ∈ RLn×F represents a time se-
ries with length Ln and each Xln ∈ RF represents a fixed
number of features F , which is consistent across all datasets
in the domain. For simplicity, we drop the dataset-specific
index n and use XL to denote the time series data across
all datasets. TSAD aims to design a model F that outputs
anomaly scores a = {a1, a2, . . . , aL}, where L is the total
number of time steps across all datasets. A threshold δa is
applied to predict the anomaly labels Ŷ = {y1, y2, . . . , yL},
where yl ≜ 1{al≥δa}. To more fairly evaluate the perfor-
mance of anomaly detection, we also assess the anomaly
scores using threshold-independent metrics, such as ROC
and VUS (Paparrizos et al. 2022a), etc .

AuxSets Refinement Module
As shown in Figure 4, to identify heterogeneous AuxSets
for TargetSet, we first propose a Representation HyperVol-
ume Estimation metric to quantify their impact by treat-
ing the representation shifts caused by AuxSets as Hyper-
Volume Discrepancy. From Figure 3(b)–(d), we observe
that heterogeneous AuxSets induce greater representation
shifts and promote more compact structures. Based on this,
AuxSets with larger hypervolume discrepancy are regarded
as more heterogeneous and selected to provide diverse help-
ful domain knowledge, ultimately improving the TargetSet’s
normality modeling and anomaly separability.

Representational HyperVolume Estimation. Due to the
high dimensionality of normal representations, direct geo-
metric analysis is intractable. To address this, we project
data into a lower-dimensional latent space using non-linear
dimensionality reduction, which preserves structure and al-
low consistent comparison. Specifically, for each TargetSet
Di in the domain, we treat others {Dj}j ̸=i as candidate
AuxSets. Each dataset is embedded via a mapping Φ(·):

Z(Di) = Φ(Di), Z(Di ∪ Dj) = Φ(Di ∪ Dj), (1)

where Z(·) ⊂ Rd denotes the low-dimensional represen-
tation. We fit a hyper-ellipsoid to the embedded TargetSet
using its principal axes and compute its volume:

Vold(Z) =
πd/2

Γ(d/2 + 1)
·
∏

k = 1dak, (2)

where ak is the semi-axis length along the k-th principal di-
rection of the hyper-ellipsoid. The corresponding hypervol-
umes for the TargetSet alone and jointly with AuxSets are
defined as:

V d(Di) = Vold(Z(Di)),

V d
j (Di) = Vold(Z(Di) | Z(Di,Dj)),

(3)

where the conditional notation reflects the joint embedding.

Refine Domain AuxSets via HyperVolume Discrepancy.
Based on the above hypervolume metrics, we compute the
absolute discrepancy for each candidate:

∆Vol
j =

∣∣V d(Di)− V d
j (Di)

∣∣ , (4)

which measures how much the inclusion of Dj alters the
spatial configuration of the target set. We rank all candidates
{Dj}j ̸=i by their ∆Vol

j and select the top-k with the largest
discrepancies:

A(i)
top-k = TopKj

(
∆Vol

j

)
. (5)

This strategy prioritizes AuxSets that induce substantial
structural shifts in the TargetSet’s representation, improv-
ing coverage and generalization. As a result, the origi-
nal dataset collection {Di}Ni=1 is transformed into pairs
{(DTar

i ,DAux
i )}Ni=1, where each target set is paired with re-

fined AuxSets by the proposed strategy.
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Representation Calibration and Scoring
Even after refinement, incorporating heterogeneous AuxSets
can still introduce semantic confusion. As illustrated in Fig-
ure 3(d) and (e), anomalies in the TargetSet may drift into the
normal regions defined by the AuxSets due to inconsistent
anomaly semantics. This weakens the model’s sensitivity to
TargetSet-specific anomalies and hinders accurate detection.

To address this, DoKnowAD performs Target-Centric
Normal Representation Learning on time series represen-
tation model during training and applies Prototype-Guided
Anomaly Scoring during detection, as illustrated in Fig-
ure 5. When training, DoKnowAD treats TargetSet samples
as positives and AuxSet samples as negatives in a contrastive
learning setup, pulling TargetSet representations closer to-
gether while pushing them away from those of the AuxSets.
This yields a more compact and discriminative representa-
tion space focused on the TargetSet. During detection, Do-
KnowAD constructs the TargetSet’s normal prototype us-
ing refined representations, avoiding unrelated domain-level
patterns and reducing misclassifications.

Target-Centric Normal Representation Learning.
In the representation model fθ, input data x from the Target-
Set and AuxSets is embedded into z and then reconstructed
as x̂. To enable calibration and ensure the model fits entire
dataset pair, the overall objective combines reconstruction
loss Lrec(x, x̂) and contrastive loss Lcontrast(ztar, zaux):

L = Lrec + λ · Lcontrast,

Lcontrast = Ltar − Ltar-aux,
(6)

where λ is a weighting hyperparameter, and Ltar and Ltar-aux
denote contrastive losses that encourage high intra-TargetSet
cohesion and loose TargetSet-AuxSets coupling, respec-
tively. More details of fθ and L are in Appendix.

Prototype-Guided Anomaly Scoring.
After training, we freeze the representation model to con-
struct prototypes from the TargetSet’s own representations,
thereby preserving its dataset-specific normality. Specifi-
cally, we apply DBSCAN clustering to the embeddings z of
all training instances, where each cluster center forms pro-
totypes pj ∈ S . The total prototypes S is determined auto-
matically by the clustering algorithm.

Domain #Datasets Avg Samples per Dataset Avg Anomaly
RatioTrain Test

ECG 22 10523 41095 0.70%
EPG 21 2786 24169 0.40%
SMD 38 5880 18327 2.63%

SMAP 19 1917 5783 3.74%
IOPS 17 5247 67545 1.59%

Table 1: Benchmark Details.

Given a TargetSet test data xtest, its anomaly score AS is
computed as the distance to the nearest prototype:

AS(xtest) = min
pj∈S

∥fθ(xtest)− pj∥2, (7)

with higher scores indicating more likely anomalies.

5 Experiments
Benchmark Datasets
We select datasets from different domains, each character-
ized by complex modalities and widely adopted in litera-
tures. These domains typically encompass a large number of
datasets and align with the current development of bench-
marks. Specifically, we include domains such as Health,
Sensors, Environment, and Web Services. For instance, we
use ECG and EPG from UCR (Wu and Keogh 2021) , as well
as SMD, SMAP, and IOPS from TSB-AD (Liu and Paparri-
zos 2024). Detailed statistics of the datasets are in Table 1.

Baselines
We evaluate the performance of DoKnowAD by compar-
ing it against 11 existing unsupervised methods. These base-
lines can be roughly divided into two groups. The first group
focuses on detecting in data space. This includes models
based on basic architectures, CNN(Munir et al. 2018) and
LSTM (Hundman et al. 2018); stochastic learning meth-
ods including Donut (Xu et al. 2018) and OmniAnomaly
(Su et al. 2019), latent variable reconstruction models like
USAD (Audibert et al. 2020), transformer-based models in-
cluding AnomalyTransformer (AnoTrans) (Xu et al. 2021),
TranAD (Tuli, Casale, and Jennings 2022), and DCDetector
(Yang et al. 2023), and diffusion models such as D3R (Wang
et al. 2024a). The second group focuses on detecting in rep-
resentation space, including M2N2 (Kim, Park, and Choo
2024) and DADA (Shentu et al. 2025).

Evaluation Metrics
The evaluation metrics for TSAD are generally divided into
two categories. One line of metrics treats the task as a classi-
fication problem and relies on thresholding, such as F1-PA.
However, the F1-PA metric tends to overestimate classifier
performance (Kim et al. 2022), even though it has certain
practical ustifications. In this work, we adopt the affiliation
F1 score (F1-A) as one of the evaluation metrics. On the
other hand, to assess the discriminative power of anomaly
scores, additional threshold-independent metrics are also
used, including range-based AUC-PR (R A P), VUS-ROC
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Method ECG EPG SMD SMAP IOPS

F1-A V R F1-A V R F1-A V R F1-A V R F1-A V R

CNN [2018, IEEE] 73.49 71.18 75.55 64.57 95.05 90.19 91.06 77.24 75.97 82.34
LSTM [2018, KDD] 72.56 59.94 72.58 66.94 94.22 85.83 92.04 65.27 73.27 80.65
USAD [2020, KDD] 75.73 57.55 79.87 63.36 84.36 87.84 94.52 71.21 56.42 77.14
Donut [2018, WWW] 69.18 55.42 73.54 64.68 85.58 71.77 84.57 73.44 67.96 71.88

OmniAnomaly [2019, KDD] 74.51 53.41 79.77 62.06 79.18 86.40 85.43 79.25 53.68 74.96
AnoTrans [2021, ICLR] 68.60 52.11 69.41 51.54 78.35 79.72 95.08 51.03 55.64 75.17
TranAD [2022, VLDB] 70.98 55.07 73.28 65.96 86.98 79.45 89.64 59.88 62.15 64.29

DCDetector [2023, KDD] 67.13 53.78 72.19 64.97 85.29 81.20 94.26 66.31 59.09 71.09
M2N2 [2024, AAAI] 73.60 63.00 69.09 65.63 91.86 86.67 95.82 78.62 71.10 84.98
D3R [2024a, NIPS] 65.77 59.05 64.92 51.29 89.12 78.01 88.76 76.81 72.83 69.93

DADA [2025, ICLR] 67.23 54.67 65.21 57.93 94.35 84.10 95.69 73.76 79.47 72.85

DoKnowAD (Ours) 90.15 75.30 82.46 68.53 95.41 87.72 97.24 79.63 83.41 87.74

Table 2: Performance comparison of baselines. All results are averaged over 5 independent trials for each metric. All results are
in %. The best results are highlighted in bold, and the second ones are underlined.

Var. Components ECG EPG SMD SMAP IOPS

AuxSets Refine Contra Proto F1-A V R F1-A V R F1-A V R F1-A V R F1-A V R

1 ✗ ✗ ✗ ✗ 56.12 57.52 64.24 61.20 93.22 86.82 94.13 73.64 79.64 82.25
2 ✓ ✗ ✓ ✓ 64.49 60.82 66.07 61.28 94.16 86.47 94.87 74.07 82.67 85.93
3 ✓ ✓ ✗ ✓ 82.49 72.71 75.68 64.18 94.62 86.73 96.94 76.68 83.12 86.89
4 ✓ ✓ ✓ ✗ 69.49 57.82 79.66 58.06 93.21 87.19 95.66 76.52 82.54 85.10
5 ✓ ✓ ✓ ✓ 90.15 75.30 82.46 68.53 95.41 87.72 97.24 79.63 83.41 87.74

Table 3: Ablation studies on components of DoKnowAD, including AuxSets, refinement strategy (Refine), contrastive learning
(Contra), and prototype-based detection (Proto). All results are reported in %, with the best highlighted in bold.

(V R), and VUS-PR (V P) (Paparrizos et al. 2022a). In the
main paper, we report F1-A and V R as the primary metrics
for SOTA comparison.

Main Results
Each domain includes multiple datasets, as detailed in Ta-
ble 1. For all baselines, we perform training and detection
independently for each domain. Both threshold-dependent
(F1-A) and threshold-independent (V R) evaluation met-
rics are used. To ensure fairness and avoid manual tuning
of hyperparameters such as SPOT (Siffer et al. 2017), we
apply grid search to determine the optimal threshold for
each method. The overall results are shown in Table 2. Do-
KnowAD consistently achieves the best performance under
both evaluation metrics. In domains with complex patterns,
such as ECG and EPG in the health category, it surpasses
other methods by over 20%. For more stable domains like
SMD, SMAP, and IOPS, which are widely used in prior
work, the performance gap between methods is smaller, sug-
gesting these datasets are less challenging.

To evaluate the effect of domain knowledge on base-
lines, we further equip each baseline with All and Re-
fined AuxSets, respectively, and results are provided in Ap-
pendix D. Although most baselines still fall behind Do-
KnowAD, they show some improvements when augmented
with AuxSets. However, on the SMD dataset, including All
AuxSets leads to performance degradation for most base-
lines, with performance drops of up to 3%. This is because

the too much AuxSets in SMD causes the model to lose sen-
sitivity to dataset-specific anomalies. These findings confirm
that adding helpful AuxSets is crucial for performance.

Ablation study
We further evaluate the contribution of each component in
Table 3. We first consider the original representation model,
where each TargetSet is trained independently (Variant 1).
This variant performs poorly on datasets such as ECG, in-
dicating that limited training data without domain knowl-
edge leads to sub-optimal performance. On the other hand,
incorporating all AuxSets without refinement (Variant 2)
still slightly improves performance, confirming the effec-
tiveness of domain knowledge. However, excessive domain
knowledge may over-compress the TargetSet’s representa-
tion, leading to dense prototypes and reduced anomaly sep-
arability, underscoring the need for refinement. Notably,
when AuxSets are refined, using them to assist prototype
construction (Variant 3) yields better performance than con-
trastive training alone (Variant 4), highlighting the impor-
tance of prototype construction. Relying solely on con-
trastive learning during training, without considering the de-
tection phase, may weaken the model’s ability to understand
dataset-specific normal patterns.

To validate the effectiveness of our refinement module,
we evaluate multiple time series representation models un-
der different configurations, including AuxSets, Refine, and
Calibrate variants. As provided in Appendix D, although
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Figure 6: (a) Analysis of the AuxSets Refinement Strategy
and (b) Impact of DoKnowAD on different representation
models for ECG domain datasets.

performance varies across models and domains due to ar-
chitectural differences, most benefit considerably from the
incorporation of domain knowledge.

Method Analysis
To further evaluate DoKnowAD in terms of knowledge re-
finement and representation calibration, we conduct analy-
ses from two perspectives: selecting AuxSets with different
strategies, and applying different representation models, as
shown in Figure 6.

Analysis on the AuxSets Refinement Strategy We rank
candidate datasets for each TargetSet using hypervolume
metrics and select the top-k as AuxSets. To validate the
refinement strategy, we compare three selection variants:
top-k, mid-k, and tail-k, selecting the k datasets with the
largest, middle, and smallest hypervolume discrepancies, re-
spectively. We also evaluate the contribution of each indi-
vidual AuxSet (single), as shown in Figure 6(a). Results
show that top-k performs best, but performance declines be-
yond a certain k, suggesting that excessive AuxSets may
over-compress the TargetSet’s representation. Nonetheless,
it still outperforms the without-AuxSet baseline (56.12),
while other variants perform worse, demonstrating the ef-
fectiveness of our refinement strategy.

Improvements on other Representation Models On
the other hand, we evaluate DoKnowAD across a range
of state-of-the-art representation models, including DLin-
ear (Zeng et al. 2023), iTransformer (Liu et al. 2024),
TimeMixer (Wang et al. 2024b), PatchTST (Nie et al. 2023),
Nonstationary Transformer (Liu et al. 2022), and Times-
Net (Wu et al. 2022a). By integrating DoKnowAD into these
backbones, we aim to assess its generalizability and its abil-
ity to enhance anomaly detection across different model ar-
chitectures. As shown in Figure 6 (b), DoKnowAD consis-
tently improves detection performance across all models (up
to 40%+). More detailed results and discussions for other
domain datasets are provided in Appendix.

Visualization Analysis
To intuitively analyze DoKnowAD, we visualize anomaly
scores on three representative domains: ECG, EPG, and
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Figure 7: Anomaly score visualizations across different
datasets. Failure cases are highlighted with red triangles.

SMD. We compare three variants: (1) Only-TargetSet, us-
ing reconstruction-based detection without any AuxSets; (2)
DoKnowAD w/o Refine, using all domain AuxSets without
refinement and also uses reconstruction scores; and (3) Do-
KnowAD, which using AuxSets refinement module and rep-
resentation calibration module.

As shown in Figure 7, for complex domains such as ECG
and EPG, the Only-TargetSet approach fails to yield clearly
separable scores, and directly introducing all AuxSets (w/o
Refine) may even degrade performance due to the decline
of discriminability in anomalous segments. In contrast, Do-
KnowAD achieves high separation by effectively incorpo-
rating domain knowledge while preserving dataset-specific
anomaly patterns. For relatively simpler domains like SMD,
where anomalies tend to be large outliers, the performance
gap among variants is small. Nonetheless, DoKnowAD still
yields superior anomaly distinction, validating its general ef-
fectiveness across diverse domain scenarios.

6 Conclusion
In this paper, we proposed DoKnowAD, a framework for
time series anomaly detection that incorporates refined do-
main knowledge from AuxSets to enhance the represen-
tations of normal patterns while maintaining sensitivity to
dataset-specific anomalies in the TargetSet. DoKnowAD
significantly improves detection performance, especially in
domains with complex patterns such as ECG and EPG. Ex-
tensive experiments across multiple domains and represen-
tation models show that DoKnowAD consistently outper-
forms SOTA baselines under both threshold-dependent and
independent metrics. In the future, we aim to build intra-
domain and inter-domain representation models to achieve
more generalizable time series anomaly detection, instead
of refining AuxSets separately for each TargetSet, thereby
enhancing generalization and reducing computational cost.
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