Interpretability of Time Series
Analysis with DeeplLearning

Overview and Tutorial

Jorg Simon, 30.April 2020



About me

PhD on using Deeplearning to
detect Human Factors from
BioSignals

Prof. Eduardo Veas and Herbert
Danzinger

Sometimes very Sparse Datal
Inspired to use interpretability

results to change the training
process itself.




Ressources
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e https://github.com/grazai/xai-tutorial-april-2020

e http://projector.tensorflow.org/

e https://distill.pub/2016/misread-tsne/

aRaAmm————T

e Karpathy et al. 2015: https://arxiv.org/pdf/
1506.02078.pdf

e https://distill.pub/2019/memorization-in-rnns/

e https://github.com/HendrikStrobelt/LSTMVis



https://github.com/grazai/xai-tutorial-april-2020
http://projector.tensorflow.org/
https://distill.pub/2016/misread-tsne/
https://arxiv.org/pdf/1506.02078.pdf
https://arxiv.org/pdf/1506.02078.pdf
https://distill.pub/2019/memorization-in-rnns/
https://github.com/HendrikStrobelt/LSTMVis

Small Recap
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Time Series
What is that?
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Time Series
What is that?

e Audio

* Fixed sampling frequency + start point

» Date, 20Hz, [0.532, 1.103, 0.765, 0.111, 0.998]

o Spectogram: time bins



Parallel Bars




Time Series
What is that?

e Audio
e \Video
e Audio +

* 4D Tensor: [Timesteps, (Color-)Channels, Width, Height]
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Time Series
What is that?

e Audio
e \Video
e Stock Data

100 110 &2 132 32 ]

.M = [
23:10 23:11 23:15 23:16 23:20
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Time Series
What is that?

e Audio
e Video
e Stock Data

o Car Telemetry

100 110 82 132 32
10 20 112 32 2
M= 1300 210 212 13 320
300 410 382 502 244






Time Series
What is that?

* Audio

* Video

» Stock Data

o Car Telemetry

e Speech (= audio with assumed structure)
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Cell that turns on inside quotes:

Cell that is sensitive 1o the depth of an expression:

#ifdef CONFIG_AUDITSYSCALL
static inline int avdic _match_class _bits(int class, u32 *“mask)

Cell that robustly activates inside if statements:

< AUDIT _BITNASK _SIZE; 1++)

SIGPENDING);
Cell that might be helpful in predicting a new line. Note that it only tums on for some “)":

char “audit_wnpack_string(void °““bufp, size_t ‘remain, si
{

A large portion of cells are not easily interpretable. Here is a typical example:

d'sWstring ré@pres@ncation From WSer-space -MNAX —
qlt'-’l ~ i ERR_PTR ETOOLONG
pack_string(M@lid "Ebufp, slize t HAENEN-, sBze_: | ew) - ( ) : =

ceBlirl ERR_PTR(-ENOMEM

']
)



Time Series
What is that?

* Audio

* Video

» Stock Data

o Car Telemetry

e Speech (= audio with assumed structure)
e Jext

e ... Many more



Time Series
Unit of Analysis

* |In Time Series, the unit of analysis is a set of data from the past, and you want to predict data
from the future

* Next word in a unfinished sentence data oredicted
» Stocks going up or down o
» Steering angle of a car

given

time



Time Series
Unit of Analysis

* You might also just reason what a specific Time Series is about (classification)
 Sentiment in a text
 Emotion encoded within a ECG

e Parse Tree of a Text



Time Series
Unit of Analysis

* |In Time Series, the unit of analysis is a set of data from the past, and you want to predict data
from the future

* Next word in a unfinished sentence
e Stocks going up or down
» Steering angle of a car
* You might also just reason what a specific Time Series is about (classification)
* Sentiment in a text

* Emotion encoded within a ECG

e Parse Tree of a Text



Time Series

What doe the model model?

* |n all domains with all data usually time series models try to model a

transition to a new event given the current events
 Markov Models

* [ransition Probabillity
 Deeplearning: Gates

* Influence Probability + Morphing

e (LSTMs, WaveNets, Transformers)




Time Series

What doe the model model?

* |In all domains with all data usually time series models try to model a transition to a
new event given the current events

 What is an event?
* Easier (maybe):
 NLP: Words (Embeddings), Sentences (Biases)
 Genomes (Embeddings)
* Harder:

e (General Sensor Data



Time Series

What doe the model model?

* |n all domains with all data usually time series models try to model a
transition to a new event given the current events

e Harder:
e (General Sensor Data

» Single Data Points are taken as Events: This includes all the noise as
event data, and is maybe not distinguishable to real events

» (Classical Solutions: Sliding windows or other transformations upfront

 Deeplearning: Embeddings and Encoders



Time Series
Interpretability

* [wo units of Analysis:
 Semantics of the Encoding of Events

* |Influence of past events for predicting new events



Time Series
Models

* The interpretability methods | talk about are model dependent. That means
they use specific aspects of the insides of models to allow interpretability

* There are model agnostic methods, | do not talk about them (yet)



Time Series
Models

* The interpretability methods | talk about are model dependent. That means
they use specific aspects of the insides of models to allow interpretability

* RNNs: LSTMs, GRUSs, ...
e Auto-Encoders

 Temporal Convolution Model (TCM), WaveNet (Gated non-overlapping
Convolutions)

* Transformers (Multi-Head-Attention Mechanisms {aka. a lot of Gates})

 Hybrids: We also look at LSTM+Encoders in this talk



Time Series
Models

* The interpretability methods | talk about are model dependent. That means
they use specific aspects of the insides of models to allow interpretability

* RNNs: LSTMs, GRUSs, ...

® ® &
1 1
é ) a ) 42 )
> ——1—* —»>
A Ieb o A
- —> -
\_ Y, J L J




Time Series
Models

* The interpretability methods | talk about are model dependent. That means
they use Specific acnarte nf tha incidaec nf mnAdale tn allnw interpretabi”ty

input output

e Auto-Encoders _ I R code |

decoder
encoder



Time Series
Models

* The interpretability methods | talk about are model dependent. That means they
use specific aspects of the insides of models to allow interpretabillity

/////Hdd
 Temporal Convolution Network (TCN), // V/ / V/// M,

Input
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Time Series
Models

* The interpretability methods | talk about are model

dependent. That means they use specific aspects
of the insides of models to allow interpretability

# #
'*( Add & Normalize )
: B )
( Feed Forward ) ( Feed Forward )
......... L R
CITT] z;
A A
s LayerNomn )
A A
LT LT
A A
( Self-Attention )
A A
A E E E E Y T T T T TN T " T T RS l-_-
0000000000 é é
NNNNNNNN
x+1 T X2l

Thinking Machines

* [ransformers (Multi-Head-Attention Mechanisms

{aka. a lot of Gates})

Qutput
Probabilities

1

Softmax

i

Linear

—
Add &lNc)rm

Feed
Forward
_J

Y ' |
' ( N Add &l Norm
A
LA0d & Norm | Multi-Head
‘ Feed l Attention
Forward N x
. \.—L)H ]
Nix I Add &lNorm "\
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
= -/

Positional Positional
Encoding Encodlnq
Input Output
Embedding Emoedd ng
Inputs Outputs

(shifted right)

Figure 1: The Transformer - model architecture.



Time Series
Models

* The interpretability methods | talk about are model dependent. That means
they use specific aspects of the insides of models to allow interpretability

* RNNs: LSTMs, GRUSs, ...
e Auto-Encoders

 Temporal Convolution Network (TCN), WaveNet (Gated non-overlapping
Convolutions)

* Transformers (Multi-Head-Attention Mechanisms {aka. a lot of Gates})

 Hybrids: We also look at LSTM+Encoders in this talk



Time Series
Models

* The interpretability methods | talk about are model dependent. That means
they use specific aspects of the insides of models to allow interpretability

 Hybrids: We also look at LSTM+Encoders in this talk



Time Series

Models




Recurrent Neural Networks (RNN)

Quick Recap ad — bt WhED L Uz®
hY) = tanh(a®)
t) — e+ VhaW
gt = softma.x(o(t) ) (10.6)

1
|




Long-Short Term Memory - LSTM

It’s inner workings
From: https://colah.github.io/posts/2015-08-Understanding-LSTMs/



https://colah.github.io/posts/2015-08-Understanding-LSTMs/

Long-Short Term Memory - LSTM

It’s inner workings
From: https://colah.github.io/posts/2015-08-Understanding-LSTMs/

ftT ft:U(Wf‘[ht—lal't] T bf)

O

hi—1
Lt



https://colah.github.io/posts/2015-08-Understanding-LSTMs/

Long-Short Term Memory - LSTM

It’s inner workings
From: https://colah.github.io/posts/2015-08-Understanding-LSTMs/

it = o (Wi-lhi—1,2¢] + ;)
ét = tanh(WC'[ht_l,azt] ks bc)



https://colah.github.io/posts/2015-08-Understanding-LSTMs/

Long-Short Term Memory - LSTM

It’s inner workings
From: https://colah.github.io/posts/2015-08-Understanding-LSTMs/

Ct:ft*ct—l—Fit*ét



https://colah.github.io/posts/2015-08-Understanding-LSTMs/

Long-Short Term Memory - LSTM

It’s inner workings
From: https://colah.github.io/posts/2015-08-Understanding-LSTMs/

ht T

? O = U(Wo [ht—laivt] T bo)
ht — Ot X tanh (Ct)

O

ht—l ht
Lt



https://colah.github.io/posts/2015-08-Understanding-LSTMs/

Demo Iime

https://github.com/grazai/xai-tutorial-april-2020



https://github.com/grazai/xai-tutorial-april-2020

Outlook

Probable next Talks

* LRP by llija
* Finish LSTM:
 Embeddings
* LRP for LSTM
* Convolutions and Time (TCN, WaveNet)
* Transformers & Attention Mechanisms

 DeepFeature

* ReMIX




target, y

150 200 250 300

100

20 A

10 -

Thanks for the

Attention

We will continue for an Q&A

=10 4

discord (we will post the
link in the twitch chat)

N

=20 4

—-0.70
-0.75
—-0.80 A
—-0.85
—-0.90 “
—-0.95 -

-1.00 H



