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In the context of time series anomaly detection, X € RN*T denotes a time series with N channels
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RT as the time series of n-th channel, where n = 1,2, - - - , N. The multivariate time series anomaly

*ﬂIﬂkéE?r mﬁﬁﬁﬁ detection problem is to determine whether X. ; is anomaly or not.
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Figure 1: Types of time series anomalies.
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CATCH: CHANNEL-AWARE MULTIVARIATE TIME SERIES ANOMALY DETECTION VIA FREQUENCY PATCHING.
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(b) Varying correlations among channels.
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Figure 2: CATCH architecture. (1) Forward Module normalizes the input data, patchifies the fre-
quency domain, and then projects it into the hidden space. (2) Channel Fusion Module captures
channel interrelationships in each frequency band with a Channel-Masked Transformer (CMT)
Layer, where the mask matrix (channel correlation) is generated by Mask Generator (MG). Dur-
ing training, MG and CMT are optimized by Channel Correlation Discovering (CCD) for more
appropriate channel correlations. (3) Time-Frequency Reconstruction Module obtains the frequency
reconstruction through Flatten & Linear Head Layer, and obtains the time reconstruction after iFFT.

CATCH: CHANNEL-AWARE MULTIVARIATE TIME SERIES ANOMALY DETECTION VIA FREQUENCY PATCHING.
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L = [T = pl/s + 1 is the total patch number,
where p is the patch size and s is the patch stride

CATCH: CHANNEL-AWARE MULTIVARIATE TIME SERIES ANOMALY DETECTION VIA FREQUENCY PATCHING.



N ERBAAL

5) EAST CHINA NORMAL
UNIVERSITY

AREE 2

Channel Fusion Module

. Channel-Masked \ $
Channel Fusion Module (CMT) ‘ )
Transformer Layer \ iFFT a en e a to
Channel Correlation Mask Generator VR J S r r
s . \ f
Discovering (CCD) (MG) Feed-F . S
&i (BiEee 4? = \\ Flatten & Linear Head
ustermgLoss CI == CD [ Add&Norm ] . J
N s (i) Balanced L3 \ f
3 Z ( —1 #p(SE, )

\(q i D
2 S oo M| Mask Matrixm | /7 ™\ ‘ Channel Fusion Module
D
RegularLoss: 1 mg-1
1 . y

Mana . . ,?: p .
wlt - Mile olold | il e aon)) D' = o(Linear(P")), M" = Resample(D"*),
Th.c ppsitive -and negative g A;/t{e:irtllt;gn ]‘t 2 o
Efl(r;l;rMamx Tad S * S | Projection
. e . ; X
Prolsability Matiix D) Aﬁi’:ﬂ:n |, i where Pﬂ = RNX d D! € RN X N and M?® € ]RN X N
T ,f FFT & Patching 4 !

] Negative pairM, ,,, = 0 \ﬁ i - / [’ :— f .
M positive pair Mj,, =1 Inst N \ | SRarcy T R Xy - L
M is the Mask Matrix in MG| [#‘ Norm jI - FAALE IR J J EF"' 1 I patCh E/J l3 ﬁ%m > Tﬂ%z%ﬁ %;Fn —A{E%@EUJ %EI: lg$

?

otward Module | Channel Fusion Module | Time-Frec

Pﬁ. = RNKCE

CATCH: CHANNEL-AWARE MULTIVARIATE TIME SERIES ANOMALY DETECTION VIA FREQUENCY PATCHING.



N ERBAAL

5) EAST CHINA NORMAL

AREEEH Channel Fusion Module

UNIVERSITY
. Channel-Masked \ $
CMT r B
“hanhel Tustol YIORL _freansuemer Layer ©0 iFFT Channel-Masked
Channel Correlation Mask Generator \\ ; f ’
. atten near mea
ClusteringLoss: CI : d-CD [ Add E:Norm ] \\ - f s ranS Ormer ayer
N N ; Balance
1 (T eon(Sha)r L \(G g ~
w2 (F )| sk || N[ (S RSO o
Regnibicoss TopoE plcer Jq | . | | _
A R ‘ [ Mc }—f cmr | P*' = LayerNorm(P’") = (P"* — Mean’_, (P"" ))/\/VarN (P, .)
NHI*MZHF [;]E]E] Masked @ J y o n=1 n,: n=1 e £
> Attention |
Th.c ppsitive -and negative Matrix I N
fﬁgﬁ}MamxTMd S 4 N | Projection Q% — P WO K =P . WK VI = P . WV
Probabilit‘j[ Matrix D A“cnﬁ‘m f’ L 1 J i i T i i’ i 7 i ’
Matrix i o . = J— —
T | FFT & Patching T'=Q - K), =T oM + (1 -M") O (—o0),
[ Negative pair My , = 0 \ﬁ i - |/ I i ] MaskedScores’ = S*/v/d, P* = Softmax(MaskedScores®) - V¢,
M Positive pair M;,, =1 T | Instance Norm
M is the Mask Matrix in MG MLP | = ? 4
| Forward Module [ Channel Fusion Module [ Time-Fre

Pﬁ. = RNKCE

CATCH: CHANNEL-AWARE MULTIVARIATE TIME SERIES ANOMALY DETECTION VIA FREQUENCY PATCHING.



AREE 2

Channel Fusion Module

Channel Correlation
Discovering (CCD)

ClusteringLoss:
Z m=1 ”p(sa Al
z:; (Ex 1 exp(T; “)/T)

RegularLoss:
1 i
FIE=Milr

The positive and negative
pairs in Matrix 7 and S
in CMT

[] Negative pairM; ,, = 0

B Positive pair M; ., =1
M is the Mask Matrix in MG

Mask Generator
MG) (_Feed-Forward |
+
el - (" Add&Norm )
Balanced %
Mask Matrix M ' \
Masked
> Attention
Matrix
Resample 'y S
Probability Matrix DD Afdzrt‘ggn
T

MLP

Channel-Masked CMT)
Transformer Layer

Add

)

*

Channel Fusion Module

iFFT

?

 Flatten & Linear Head |

f

(Channel Fusion Module)

CCD

’\[MG HCMT])

Projection

T

FFT & Patching

?

-~

\Tnm

Tir

Forward Module |

~

Instance Norm

-

S

T

Channel Fusion Module | Time-Frec

BROBIAL

UNIVERSITY

Channel Correlation
Discovering

ClusteringlLoss = —

=1 exp(S; )/ T

lel ewp(ﬂﬁ,;)/ T

1 ;
RegularLoss = ﬁ”l - M'||rp

CATCH: CHANNEL-AWARE MULTIVARIATE TIME SERIES ANOMALY DETECTION VIA FREQUENCY PATCHING.

5) EAST CHINA NORMAL

)



BROBIAL

EAST CHINA NORMAL
UNIVERSITY
: Channel-Masked t ——
Channel Fusion Module Tra:s"f::mer’ia‘;er (CMT) ‘\ [ e ] i Time Im 1X' € RV <1,
Channel Correlation Mask Generator Add \ f : ﬁ - _’_1‘_1:-1 f_il_e_c___{
Di ing (CCD) MG) E I < < RV T
RNEERE MG) \\ [ Flatten & Llnear Head ] : IX < 1
ClustermgLoss CI @ CD) Add&Norm \ I:I : X = P T
Balanced T ﬁ TFRM Freq-Rec I ~ o e
v Zl ( Iti );/ ) IV \(Channel Fusmn R ' IS B e 'R : L R1 R R
Pk X 1 —
ccn i o g X" = Projection , (FlattenHead ({P***, P**2, ... [ P"*L }))
RegularLoss: oo L.—‘ i __-__!_ ! = ! R d . ? ?
L Mie oFilo— s [ MG} cwr | : ——. “I CFM ~ ~ -
e T HEER B 5] SR SRRt X" = Projection (FlattenHead({P'*, P2 ... | PIL}))
PG;SP;SMZ;X T :EZ -‘;e Mfs‘mx | o 1 - Projection — J I 7 ? b b
oM 7y [[ Projectlon ] : .:] .] .] l] P e RNXZP
ProbahilitI MatrixD) Aﬁiﬁ; Il t X - i X’ _ 'FFT X’ R X’ I
T } [ FFT & Patching ] 1 T Rl BEE-B ricrve =1 3
[ Negative pairM; ,, = 0| i i . ’I 4 : : Imag D D D I:l Pli ¢ RN*P
M Positive pair My, =1 + \_;_/ i [ Instance Norm ] | Time ,ﬁ NxT
is the Mask Matrix in MG [ MLP ] [ Norm ] | ? 4 2 W\\/\ XeR

' Forward Module  Channel Fusion Module = Time-Frequency Reconstruction Module | t > , 2
rme

| | o | RecLoss = ||X = X||%

Figure 2: CATCH architecture. (1) Forward Module normalizes the input data, patchifies the fre-

quency domain, and then projects it into the hidden space. (2) Channel Fusion Module captures

channel interrelationships in each frequency band with a Channel-Masked Transformer (CMT)

Layer, where the mask matrix (channel correlation) is generated by Mask Generator (MG). Dur-

ing training, MG and CMT are optimized by Channel Correlation Discovering (CCD) for more freq __ R R I I

appropriate channel correlations. (3) Time-Frequency Reconstruction Module obtains the frequency RecLoss - | |X - X | |1 + | |X -X | |1

reconstruction through Flatten & Linear Head Layer, and obtains the time reconstruction after iFFT.
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£ = RecLoss™™® + \; - RecLoss’ ™ + A5 - ClusteringLoss + A3 - RegularLoss,

Algorithm 1 Bi-level Gradient Descent Optimization

14 Input: Model parameters € y,04e1, @mask, learning rate mmodel, Mmask, Number of iterations
No, N7, loss function £ = RecLoss?*™¢ + A\ - RecLoss? 77 + A\, - ClusteringlLoss
+ A3 - RegularlLoss
Initialize: 0,4, < initial value, @, < initial value
Fori = 1to No
Outer Loop: Update the mask generator parameters
Omask < Omask — Mmask * Vo L (Omodel ; Omask ) > Update the Mask Generator
For j = 1to N;
Inner Loop: Update the model parameters
9m0de1 — gmodcl — "model * VG £(911‘1@(:131; gmask) > Update the model
EndFor
EndFor
Output: Optimized parameters @podel, Omask

model

S0 BRI R

Pk ek

CATCH: CHANNEL-AWARE MULTIVARIATE TIME SERIES ANOMALY DETECTION VIA FREQUENCY PATCHING.
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Figure 3: Proposed Anomaly Scoring.
AnomalyScore = time-score + Agqore - freq-score
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Table 2: Average A-R (AUC-ROC) and Aff-F (Affiliated-F1) accuracy measures for 11 real-world
datasets and 6 synthetic datasets of different types of anomalies. The best results are highlighted in
bold, and the second-best results are underlined.

Dataset |Metric | CATCH Modern iTrans DualTF ATrans DC TsNet Patch DLin NLin AE Ocsvm IF PCA HBOS TFAD
Aff-F 0.787 0.654 0.708 0.692 0.560 0.664 0.657 0.660 0.669 0.669 0.243 0.693 0.604 0.619 0542 0579

CICIDS | "AR | 0795 0697 0692 0603 0528 0638 0732 0716 0751 0691 0629 0537 0787 0601 0760 0.504
cay | AFF | 0835 0780 0812 0751 0729 0697 0794 0793 0793 0757 0587 0783 0402 0768 0756 0744
AR | 0838 0676 0791 0574 0533 0527 0771 0808 0752 0695 0767 0804 0775 0790 0798 0.504

Creit | ATFF | 0750 0744 0713 0663 0650 0632 0744 0746 0738 0742 0561 0714 0634 0710 0695 0600
AR | 0958 0957 0934 0703 0552 0504 0957 0957 0954 0948 0909 0953 0860 0871 0951 0500

GECCO | AF | 0908 0893 0839 0701 0782 0687 0894 0906 0893 0882 0823 0666 0424 0785 0708 0.627
AR | 0970 0952 0795 0714 0516 0555 0954 0949 0947 0936 0769 0804 0619 0711 0557 0499

Genesis | AfEF | 0.896 0833 0891 0810 0856 0776 0864 0856 0856 0829 0854 0677 0788 0814 0721 0535
AR | 0974 0676 0690 0937 0947 0659 0913 0685 0696 0755 0931 0733 0549 0815 0897 0497

vsL | AfEE | 0740 0726 0710 0588 0692 0694 0734 0724 0725 0723 0625 0641 0584 0678 0680 0665
AR | 0.664 0633 0611 0576 0508 0507 0613 0637 0624 0592 0562 0524 0524 0552 0574 0500

Nyc | AfEF | 0994 0769 0684 0708 0853 (0862 079 0776 0828 0819 0689 0667 0648 0.680 0.675 0.689
AR | 0816 0466 0640 0633 0671 0549 0791 0709 0768 0671 0504 0456 0475 0666 0446 0502

psy | AfEF | 0859 0825 0854 0725 0710 0682 0842 0831 0831 0843 0707 0531 0620 0702 0658 0628
AR | 0652 0593 0592 0600 0514 0501 0592 0586 0580 0585 0650 0619 0542 0648 0620 0.500

sMp | AEF | 0847 0840 0827 0679 0724 0675 0831 0845 0841 0844 0439 0742 0626 0738 0.629 0.660
AR | 0811 0722 0745 0631 0508 0502 0727 0736 0728 0738 0774 0602 0664 0679 0626 0500

gwar | AfEF | 0755 0728 0718 0695 0573 0567 0720 0730 0725 0729 0737 0691 058 0678 0673 0686
AR | 0545 0244 0242 0567 0488 0534 0506 0482 0471 0500 0497 0529 0410 0496 0521 0500

asp | AF | 0804 0782 0780 0605 0674 0702 0800 0777 0782 0766 0731 0617 0781 0656 0669 0.630
AR | 0824 0692 075 0579 0506 0520 0805 0760 0739 0690 0.704 0588 0618 0656 0.603 0.502

Comextual | ATEF | 0823 0619 0802 0635 0601 0597 0666 0766 0780 0700 0755 0696 0679 0475 0481 0.569
AR | 0910 0562 0905 0598 0546 0525 0908 0854 0700 0530 0896 0711 0821 0538 0464 0504

Glopad | ATEF | 0949 0748 0922 0649 0656 0567 0910 0940 0928 0808 0919 0849 0912 0704 0528 0.566
AR | 0997 0873 0976 0595 0564 0514 0989 0992 0979 0675 0996 0996 0938 0758 0608 0.500

Seasonal | AFEF | 0997 0681 0992 0776 0788 0859 0992 0989 0993 0951 0927 0805 0938 0637 0673 0686
AR | 0998 0512 0946 0701 0584 0644 0958 0922 0823 0623 0949 0829 0918 0437 0516 0502

Shapeler | AIFF | 0985 0675 0961 0692 0699 0737 0941 0933 0961 0759 0871 0771 0887 0683 0640 0684
AR | 0970 0522 0864 0573 0519 0597 0877 0818 0684 0563 0865 0655 0748 0517 0337 0.503

Tend | AfEE | 0916 0734 0901 0677 0584 0765 0897 0888 0721 0830 0699 0691 0914 0693 0.669 0642
AR | 0892 0612 0847 0524 0500 0569 0858 0835 0671 0642 0482 0471 0878 0484 0468  0.502

Micure | AfEF | 0892 0856 0862 0652 0641 0709 0863 0879 0727 0839 0673 0676 0881 0676 0.667 0710
AR | 0931 0763 0854 0570 0522 0516 0861 0863 0767 0749 0493 0475 0911 0517 0531 0.501

CATCH: CHANNEL-AWARE MULTIVARIATE TIME SERIES ANOMALY DETECTION VIA FREQUENCY PATCHING.
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Table 3: Multi-metrics results on three real-world multivariate datasets. The best ones are in Bold.

Dataset | Method | Acc P R F1 R-P R-R R-F Aff-P Aff-R Aff-F A-R A-P R-A-R R-A-P V-ROC V-PR

TimesNet 0.984 0.379 0.804 0.516 0.053 0.782 0.099 0.810 0997 0.894 0.954 0410 0977 0428 0974 0.429
GECCO | ModemnTCN | 0.984 0373 0.779 0.504 0.086 0.644 0.152 0.808 0998 0.893 0.952 0.447 0978 0459 0975 0.461
CATCH (ours) | 0.984 0.380 0.818 0.518 0.065 0.795 0.119 0.832 0998 0908 0970 0418 0990 0473 0987 0.465

TimesNet 0.855 0.166 0.093 0.119 0.130 0.224 0.164 0.589 0973 0.734 0.613 0.146 0.701 0.231 0.692 0.227
MSL ModernTCN | 0.857 0.166 0.090 0.117 0.129 0.194 0.155 0578 0975 0.726 0.633 0.146 0.708 0.224 0.701  0.220
CATCH (ours) | 0.853 0.185 0.117 0.143 0.150 0.241 0.185 0.599 0966 0.740 0.664 0.167 0.747 0.260 0.735 0.256

TimesNet 0.931 0.176 0.181 0.178 0.110 0.385 0.171 0.745 0938 0.831 0.727 0.141 0.747 0.140 0.746  0.140
SMD ModernTCN | 0.931 0.151 0.145 0.148 0.092 0378 0.148 0.755 0948 0.840 0.722 0.130 0.743 0.130 0.742 0.130
CATCH (ours) | 0918 0.194 0.305 0.237 0.095 0478 0.158 0.773 0938 0.847 0.811 0.172 0.800 0.159 0.797 0.159

CATCH: CHANNEL-AWARE MULTIVARIATE TIME SERIES ANOMALY DETECTION VIA FREQUENCY PATCHING.
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