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1. Motivations



TSAD identifies observations that deviate from normal behavior in 
streaming data, and it is important for early monitoring and mitigation in 
many domains.
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Time Series Anomaly Detection (TSAD)

Anomaly: rare point or sequence (of a given length) potentially non-
desired.
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TSAD: real applications

• System failures and malfunctions: In industrial settings, anomalies 
in sensor readings can signal equipment breakdown, requiring 
predictive maintenance.

• Fraud detection: Unusual patterns in financial transactions or 
network traffic can point to fraudulent activities or cyberattacks.

• Healthcare monitoring: Anomalies in patient vital signs or medical 
sensor data can alert healthcare providers to critical health events.

• Environmental monitoring: Detecting abnormal changes in climate 
data or pollution levels can help identify environmental crises.

• Urban planning: Identifying unusual spikes or drops in public 
transport usage (like taxi passengers) can inform urban planning and 
emergency response.
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TSAD: New York Taxi Data



Type of  Time Series

Multivariate TS

Univariate TS
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Type of  anomalies
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Point anomaly: observation differs significantly from the overall 
behavior of the signal.

Collective anomaly: series of observations forms an abnormal pattern, 
whether these are isolated anomalies or recurring. contextual 

Contextual anomaly: observation appears normal overall, but 
deviates from its local context.
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Semi-supervised learning for TSAD

Score

Anomalies are rare events. We train the model exclusively on normal 
(clean) samples.
At inference time, when anomalies may occur, the model outputs an 
anomaly score.
Higher scores indicate higher likelihood of abnormal behaviour.

<latexit sha1_base64="Qsn7SiNj5bEKRXXQ8UxhdTZqPdk="></latexit>

xt =





x(1)
t (Feature 1)

...

x(M)
t (Feature M)




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Semi-supervised learning for TSAD

Model
Statistical model: Z-scores, Isolation Forest, KNN, …

Classical ML model: One Class SVM, …
Deep learning model: neural networks 

Anomaly Score

Anomalous Normal

In the following, our attention is focused on deep learning–based models.

<latexit sha1_base64="LIIIs0wRS0Mfz020S+R9OEFcZ7E="></latexit>

xt =





x(1)
t (Feature 1)

...

x(M)
t (Feature M)



 → RM
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Deep Learning for TSAD:  
Sliding window

In practice, one uses a sliding window of a predefined size , .e., one 
relies on the the most recent  to infer the 
normality of .

<latexit sha1_base64="1HcORVetK06jZ4yGC6EFYrSb3e4="></latexit>ω
<latexit sha1_base64="VePuoWHC8RPieYVkP7zVYMKT+CY="></latexit>

xt→ω+1:t → Rω↑M
<latexit sha1_base64="aYCuvM4EsjnjgiKrRnLghNJ+m5s="></latexit>xt+1

<latexit sha1_base64="pUnBuGlfe92PjWLCb5m4QJHeDJI="></latexit>

M = 2, t = 30,ω = 10

: signals from time  to .
<latexit sha1_base64="ssN0eNbAKfswbaqdnvLAuK8ahj4="></latexit>xt→ω+1:t <latexit sha1_base64="6uC76S22eq3B9yo8MgCPXgkBQlU="></latexit>

t→ ω + 1
<latexit sha1_base64="Mmh6Z1MMeHB8fTmIBW8w4dPjpGQ="></latexit>

t
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Deep Learning for TSAD:
 Prediction error-based anomaly 

If the prediction error exceeds a predefined threshold,  is 
deemed anomalous otherwise, it is considered normal.

<latexit sha1_base64="aYCuvM4EsjnjgiKrRnLghNJ+m5s="></latexit>xt+1

Model’s prediction of the true signal  
<latexit sha1_base64="aYCuvM4EsjnjgiKrRnLghNJ+m5s="></latexit>xt+1

<latexit sha1_base64="I6wCWtTSnlr8UtmaOflhk4RNd5U="></latexit>

x̂t+1 = fω(xt→ε+1:t) → RM
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Deep Learning for TSAD: 
Prediction error-based anomaly 

The anomaly score of prediction-based models corresponds to the 
prediction error given by

 Typical models include LSTM-based model, Transformer-based 
model [Vaswani et al. NeuriPS ’17] , PatchTST [Ni et al. ICLR’23]

 According to the model, the higher the anomaly score, the more likely  
 is abnormal.

<latexit sha1_base64="aYCuvM4EsjnjgiKrRnLghNJ+m5s="></latexit>xt+1

<latexit sha1_base64="seqzq59rK7erBXTMBDVihEy9LJU="></latexit>

anomaly score = →x̂t+1 ↑ xt+1→2
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Deep Learning for TSAD:
 Reconstruction-based models

Reconstruction   models  aim  to  reconstruct  the  input  window.  
These  models commonly  learn  a  latent  representation  space  in  
an  autoencoder  manner  based  on  windowed  inputs 

.
<latexit sha1_base64="Lerbyg/5ynlguhykaJbJD2/nLFg="></latexit>xt→w+1:t
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Deep Learning for TSAD:
 Reconstruction-based models

The anomaly score of reconstruction-based models corresponds to the 
reconstruction error given by

<latexit sha1_base64="rzwyaI0MfOB4FLQr+NAOSMbfku0="></latexit>

anomaly score = →x̂t→w+1:t ↑ xt→w+1:t→2

<latexit sha1_base64="MlTFb555w6WiaYrbmblTz4DRKcM="></latexit>

x̂t→w+1:t = Decoder(Encoder(xt→w+1:t)) → Rω↑M

MLP (PatchAD) [Zhong et al. ’24]

Transformer (TranAD) [Tulie et al. ’22]

LSTM-based autoencoder 
[Provotar et al., ATIT’19]

CNN [Ismail Fawaz et al. ’20]



2. PatchTrAD



Patching mechanism: divides time series into smaller, overlapping 
segments called "patches," treating these as tokens for the Transformer. 
This helps in extracting local semantic meaning and reduces the 
sequence length, making the Transformer more efficient.

Patching (1)

The input data is a window . 

For a  given  stream  of  a  modality , denoted  its patch 
transformation is determined by the patch length  and the stride 

.
Before patching, we pad the -th stream by repeating  times the 
last/test observation .
Patches can overlap and  belongs to the last patch. 

<latexit sha1_base64="ssN0eNbAKfswbaqdnvLAuK8ahj4="></latexit>xt→ω+1:t
<latexit sha1_base64="MStGwySBz63zVqMbJqkzO7TjkRU="></latexit>m

<latexit sha1_base64="BehQ6pILtXqop26O/iloKPkVFL8="></latexit>

x(m)
t→w+1:t

<latexit sha1_base64="mWxqT5VxufWvPief8cqmhtJF3ns="></latexit>

Plen
<latexit sha1_base64="bRYb9DRU2m/IkO1n+t/v7QJEgqU="></latexit>

S
<latexit sha1_base64="MStGwySBz63zVqMbJqkzO7TjkRU="></latexit>m

<latexit sha1_base64="bRYb9DRU2m/IkO1n+t/v7QJEgqU="></latexit>

S
<latexit sha1_base64="4FS48iWJet9MDS+ax98kJTcLJeo="></latexit>

x(m)
t

<latexit sha1_base64="4FS48iWJet9MDS+ax98kJTcLJeo="></latexit>

x(m)
t
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The number of patches si given by  

                   
We transform the input window  into 

<latexit sha1_base64="H/Vi+No+OP87FjRQUWYCFfSMH2k="></latexit>

Pnum =

⌊
(w → Plen)

S

⌋
+ 2.

<latexit sha1_base64="9+QcDopq+SD6jSRaqJWuLKYn0go="></latexit>

xt→w+1:t → RM↑ω

Patching (2)

<latexit sha1_base64="dUxDVOHCbMfW6ll4UHxGqwb/hBs="></latexit>

xp → RM→Pnum→Plen
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<latexit sha1_base64="aiqTHM0DiogEmJU1gS6cb6TX7I8="></latexit>

x(m)
p → RPnum→Plen

set  of  patches  for  the m-th

  modality extracted  from 
<latexit sha1_base64="f/VioN39PPlZNm4xwChLeDF1MRQ="></latexit>xp

<latexit sha1_base64="97mwo8TFYeRfiV07o7Qbskt1Tfk="></latexit>

x(m)
pi

→ RPlen

i-th patch for the m-th modality, 

with 
<latexit sha1_base64="qxKGbAMnsJ39Kki/DV7taz3gyj0="></latexit>

i → {1, . . . , Pnum}



Transformer  attention mechanism
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We project  using a learnable  and   add   a   fixed   

positional   encoding  

The single-head attention block for one layer is defined by , 
,  and   

(only one head and one layer presented, with  hidden dimensions).

<latexit sha1_base64="0159XaGwk8O6/v+CBggAJr4UPUM="></latexit>xp
<latexit sha1_base64="EkQgc4PlKjPW1Y2ovM27LoM1/PM="></latexit>

Wproj → RPlen→Dmodel

<latexit sha1_base64="imejqjGdhzOfKEpozUkiP8jYVQA="></latexit>

Wpe → RPnum→Dmodel

<latexit sha1_base64="EZ1hLJtS8bJNs22k43lz/qArz4g="></latexit>

x̃p = xpWproj +Wpe → RM→Pnum→Dmodel

<latexit sha1_base64="SnGWanCqGb1I27mzCir4cnY2ibc="></latexit>

WQ → RDmodel→Dk

<latexit sha1_base64="L9F6annzrn7aT9YReNqlBOk4gDU="></latexit>

WK → RDmodel→Dk
<latexit sha1_base64="Cf1gPzf6WzFW46Oce/vidTnDyGg="></latexit>

WV → RDmodel→Dv
<latexit sha1_base64="p19KmxP6bd+vEgHTr9hZC68+0QI="></latexit>

Wout → RDv→Dmodel
<latexit sha1_base64="Uec2u9xBPU68h5CSMB10qW37YxI="></latexit>

Dk, Dv

<latexit sha1_base64="bWUE+wZ3/Q1FQHALvwZXrAM243Q="></latexit>

Q = x̃pWQ → RM→Pnum→Dk ,
<latexit sha1_base64="JQbBYJVpSHtFZK+Y/kUi0kUePtY="></latexit>

K = x̃pWK → RM→Pnum→Dk ,



Patch head
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The patch  head  takes  as  input  the  output  of  the  encoder 
. It  projects  each  

back to  the  patch  length  size  using  learnable linear functions 
. Hence we have  

 

<latexit sha1_base64="LnPZBYrwoLmyPmfMtOIgbnSph1M="></latexit>

z → RM→Pnum→Dmodel
<latexit sha1_base64="sz9MazRmo1Bsrfzc8RnBAdvuxn4="></latexit>

z(m) → RPnum→Dmodel

<latexit sha1_base64="GeQk1BtFl5EJ6LEP8qLLLShZMtI="></latexit>

M
<latexit sha1_base64="mQWi6FrLi/iAjHGfN27Z6MxY4Iw="></latexit>

Wm
out → RDmodel→Plen

<latexit sha1_base64="EafritqMihwSPaDS8+MBOVksw20="></latexit>

x̃(m)
p = z(m)Wm

out → RPnum→Plen ,
<latexit sha1_base64="T9OX12ytuzqggq5U5AnPzv6mogM="></latexit>

x̃p = concat(x̃(1)
p , . . . , x̃(M)

p ) → RM→Pnum→Plen .

<latexit sha1_base64="xP2EYfHo9uNuR0Vf1mVujO2IMaM="></latexit>

V = x̃pWV → RM→Pnum→Dv ,
<latexit sha1_base64="6SrOk7kxIbm2wc3noh3m2OGBWSw="></latexit>

h = Softmax

(
QK→

→
Dmodel

)
V ↑ RM↑Pnum↑Dv ,

<latexit sha1_base64="H6BQHu2if+nZaaAi/bJlI/vlTEQ="></latexit>

z = hWout → RM→Pnum→Dmodel .



Patching Transformer
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Channel independence

Channel independence: refers  to  the  scenario  where  each  input  
patch  contains  information  from  only  a  single  modality. 
Each channel is patched, embedded, and passed through the same 
Transformer encoder independently.

This reduces complexity, increases the number of training samples, and 
helps the model focus on temporal patterns inside each variable.
Empirical studies show that this design improves model robustness 
while maintaining performance (Han, Ye, and Zhan 2023).



PatchTrAD : Overview

 By construction, the test observation  t always belongs to the last patch 
of each modality. Therefore, during inference, we focus on the error of this 
final patch.

<latexit sha1_base64="+9FV17y292KHnj9VPznlKdSgkhs="></latexit>xt



PatchTrAD: Benchmarks
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We train models on a training set containing only normal observations.
We evaluate its performance on a test set, which includes both normal 
and anomalous samples, using the ROC-AUC metric.



Results: ROC-AUC
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 ROC-AUC scores (red: first, blue: second, green: third)



Results: Nemenyi test 
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Critical difference diagram for ROC-AUC scores using the post-hoc 
Nemenyi test with , where better-ranked methods appear on the 
upper right.

<latexit sha1_base64="8Now6TVCy8oTNPyEW7zYG7yuyN4="></latexit>

ω = 5%



Inference-time computation
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Since we focus on real-time anomaly detection, the models under 
consideration should be both fast and efficient during inference.
PatchAD: most  time-consuming  and  PatchTrAD  is  more  efficient 
than  PatchAD. 
PatchTrAD  is  still  behind  TranAD, and  this  gap  becomes  more  
noticeable  as  the  window  size increases.



Take home meassage

• We introduced a Patch-Based Transformer leveraging reconstruction 
error,  that combines the strengths of patch-based transformers with  
channel independence ,and reconstruction-based approaches for 
TSAD.

• Effective for both univariate and multivariate signal monitoring,

• Efficient and lightweight at inference,

• Achieves competitive performance compared to SOTA methods,

• PatchTrAD shows strong potential for addressing future industrial 
TSAD challenges.



Samy’s investment: 
A formal closing point !
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PatchTrAD running locally on a 
Raspberry Pi for real-time anomaly 
detection on time series data. 
Observations are send every 0.05 
seconds from a simulated sensor 
stream, and the model processes this 
data in real-time.
 The system uses a green LED to 
indicate normal behaviour and switches 
to a red LED when an anomaly is 
detected.

Code available at:  
https://github.com/vilhess/PatchTrAD



Thank you !



Ablation Study
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PatchTrAD’s  architecture  is  determined  by  the  patch  size and  
stride, together  define  the  number  of  patches.  
We  analyze  how  these  parameters  impact  the final score by 
evaluating the model exclusively on NYC Taxi Demand and SWaT 
datasets.

If the patch size and stride are too 
large, performance decreases. 
Conversely, if they are too small, the 
model does not achieve its best 
results.
Based on our experiments, a patch 
length of 8 and a stride of 6  yield  
the  best  detection  performances. 


