OCR Inspection Dynamics NLP

Reference (Survey on XAl)

. « A. Adadi, M. Berrada,
EXplaInable AI (XAI) https://ieeexplore.ieee.org/document/84665
90/
Daisuke Sato « Finale Doshi-Velez, Been Kim,

arXiv:1702.08608

2020/07/11 Codes
Notebook in Kaggle by Daisuke Sato
« “Random forest/XGBoost, and LIME/SHAP with

Titanic”

e “Predict Housing price”
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https://ieeexplore.ieee.org/document/8466590/

Arithimer Self-Introduction

« Daisuke Sato, Ph.D.
« Graduate school
« Kyoto university
 Research topic: Theoretical Physics (Quark-Gluon Plasma)
* Previous jobs
« Postdoc (US,, Italy, Germany)
« Current position
« CTO
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Arithimer Contents

Concept/Motivation

Recent trends on XAl

Method 1: LIME/SHAP

« Example: Classification

« Example: Regression

« Example: Image classification

Method 2: ABN for image classification
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imer Concept/Motivation

Generally speaking, Al is a blackbox.

We want Al to be explainable because--:

1. Users should trust Al to actually use it (prediction itself, or model)
Ex: diagnosis/medical check, credit screening

G. Tolomel, et. al., arXiv:1706.06691

People want to know why they were rejected by Al screening,
and what they should do in order to pass the screening.

©2020 Arithmer.lnc. HRAZ74FK (XR—Y) AOXE - GRFOBHEBER S ERLLEZV, SIHTSIESIKCESIBOEHFEBNTFLTILEZ V., Arithmer Confidential
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Concept/Motivation

2. It helps to choose a model from some candidates

Classifier of text to “Christianity” or “Atheism” (ZFE#H#iw)

Example #3 of ¢

True Class: . Atheism

CEODED O

Algorithm 1
Words that Al considers important: Predicted

GOD ‘ Atheism

mean Prediction correct:
anyone J

this

Koresh
through

Document

From: pauld@verdix.com (Paul Durbin)
Subject: Re: DAVID CORESH IS! GOD!
Nntp-Posting-Host: sarge.hq.verdix.com
Organization: Verdix Corp

Lines: 8

Algorithm 2
Words that A2 considers important: Predicted:
Posting ‘ Atheism
Host Prediction correct:
Re J
by
in Green: Christianity
Nntp

Document

From: pauld@verdix.com (Paul Durbin)
Subject: Re: DAVID CORESH IS! GOD!
Nntp-Posting-Host: sarge.hq.verdix.com
Organization: Verdix Corp

Lines: 8

Both model give correct classification,
but it is apparent that model 1 is better than model 2.

HATZTER

(N—=Y) AOXE - BRFOBIHEBRRBCRABLLEZ V., SIHTSESIKESIBORGFERTLTILZ V.
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Arithmer Concept/Motivation

3. It is useful to find overfitting, when train data is different from
test data

Cf: Famous example of “husky or wolf”

Training dataset contains pictures of
wolfs with snowy background.

a) Husky clva‘ssiﬁed as wolf

Then, the classifier trained on that dataset outputs
“wolf” if the input image contains snow.
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« Recent trends on XAl
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Arithimer Recent trends

# of papers which includes

one of explanation-related words (“intelligible”, “interpretable”,--+)
AND

one of Al-related words (“Machine learning”, “deep learning”,-*)
FROM

7 repositories (arXiv, Google scholar, --+)

ARTICLES

NUMBER Of

)F PUBLICATION

Recently, researchers are studying XAl more and more.
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Arithimer Contents

 Method 1: LIME/SHAP
« Example: Classification
« Example: Regression
« Example: Image classification
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ner Method 1: Local Interpretable Model-agnostic Explanations (LIME)

Objects: Classifier or Regressor

Interpretable model

’/
[

4
9
+ 1

X: spec1f1c input} ‘
e

4 .
i

@ +

/
!
i

Basic idea: Approximate original ML model with interpretable model
(linear model/DT), in the vicinity of specific features.
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Arithimer Method 1: Local Interpretable Model-agnostic Explanations (LIME)

Original model /m‘erpre{ab_'/e mode/
- | g
]Rd » R {0,1}d’
w w W W
X f (X ) z' g ( Z,)
features prediction Absence/presenc  prediction

e of features

Distance of predictions  Complexity of model

of original model (f) (depth of threes for DT/
and its approximation # of non-zero weights for linear model)
arginin 'C(fa g, 7T$) —l_ Q(g)

gei

Linear model

L(f9,m) = Y ma(2) (F(z) —9(z")" 9(z") = wy-2
e Weights of
sampling  Tx(2) = exp(=D(x,x")*/c?)

/
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Arithimer Explaining individual explanation

/ @ Flu Explainer | sneeze |

& weight _ (LIME)

\ headache : headachel)
no fatigue no fatigue
age 7 7

Model Data and Prediction Explanation

1. Original model predicts from features (sneeze, headache,:--) whether the
patient is flu or not.

2. LIME approximates the model with linear model in the vicinity of the specific
patient.

3. The weights of the linear model for each feature give “explanation” of the
prediction

©2020 Arithmer.lnc. ¥RAZ4F ! - BREFOEBMEBRRCERCIEZV, SIHTSESICESIBOEHFEBETFTLTILEZ W, Arithmer Confidential



Arithimer desirable features of LIME

. Interpretable 4 /e seanr []
P % C e | e
\ no fatigue no fatigue
age 7

V

Model Data and Prediction Explanation
« Local fidelity
* Model-agnostic !
(Original model is not . H 1,'
affected by LIME at all) : i
4+ @
« Global perspective T : )
(sample different inputs _t' ® o i
and its predictions) F
I -
]
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Arithimer Shapley Additive exPlanations (SHAP)

Generalization of methods for XAl,

« LIME

o DeepLIFT

« Layer-Wise Relevance Propagation

Actually, they are utilizing concepts of cooperative game theory:
« Shapley regression values

« Shapley sampling values

* Quantitative Input Influence
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himer Example: Classification (Titanic dataset)

Variable Definition Key ‘

Label survival Survival 0=No, 1=Yes
pclass Ticket class 1=1st,2=2nd, 3 =
3rd
sex Sex
Age Age in years
Features sibsp # of siblings /
spouses aboard the
Titanic
All values are unique parch # C_)f parents /
children aboard the
Titanic
77% are NaN ket :
fare Passenger fare
eabin Cabin-number

embarked Port of Embarkation |C = Cherbourg, Q =
gue _stgwn, S=

# of training damples = 891 —Train : Validatio ;
outfianipton

A1 0Q

# of test samptes—=4138
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Decision Tree (DT)

Selection of features and its threshold is
done, so that the mutual information is
maximized.

Entropy in “Boyness” value 42 +0.1

parent node Entropy in child nodes

Mutual information: Iy(Dy) — Iy(Diese) — In(Drigne)

Entropy at a node is maximized when the samples in that node are uniformly
distributed to all the classes.
—Child nodes tends to be purely distributed

. Simple to understand and interpret

« Can represent interaction among features unlike linear model (at least up to # of
depth_tree)

« No need to NaN preprocessing/standardization

®

« Tends to overlearn (if trees are deep)

©2020 Arithmer.Inc. HAZ74F (X—Y) AONE - BREOBEEBRRBI T EARLIEZ V., SIHTIESKESIROEHERTLTILEZ W,
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Arithimer GBDT

Gradient Boosting Decision Tree (GBDT)

In ensemble method, the final tree1 tree2
value is calculated from

average of many trees. Sl N
| { /

I e S ] ,
How to decide the structure of@ @ % bt @
tree ensemble (forest): =
1. Start with one tree +2 1 e 09

2. Add another tree so that _
f @ )=2+09=29 f & )=-1-09=-19

the loss function is

minimized (gradlent bOOSt) Cf: In random forest, all the trees are generated in parallel, at

once.
Compared with it, GBDT can learn from the misprediction in the
previous tree, so the result is expected to be better.

Overlearmng problem is improved
®
« Less interpretability

« Many hyperparameters to be tuned
Very popular method in Kaggle

©2020 Arithmer.lnc. ¥ZA74FK —-) A IRFEOEBMERRCEBIEZV, SIHTIESICESIBOESHERTFTLTIREZ WV, Arithmer Confidential



Arithimer GBDT

| used one of GBDT (XGBoost) as a ML model, under the following conditions:

« No standardization of numerical features (as DT does not need it)

« No postprocessing of NaN (GBDT treats NaN as it is)

« No feature engineering

- Hyperparameter tuning for n_estimators and max_depth (optuna is excellent)

Results:

Best parameters: {'n_estimators': 20, 'max_depth": 12}
Validation score: 0.8659217877094972

Test score: 0.77033

Cf: Baseline (all women survive, all men die): 0.76555

Not satisfying:--

-

Cf: Reported best score with ensemble method: 0.84210 '6_'.' |

Review of know-how on feature engineering by experts:
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himer GBDT

Cf: Test score at Kaggle competition

1 hongjungu D | 1.00000
2 gianbi ‘ 1.00000
3 Bayo Adekanmbi n 1.00000
4 Yudistira Ashadi D | 1.00000
5 Alex Stone ﬂ 1.00000
6 SteveKane 3 1.00000
7 Rum Yue ‘ {) 1.00000
8 umang aditya ‘a 1.00000
9 Keewon Shin & 1.00000
10 jatin grover ) | 1.00000

Cheaters:-- (Memorizing all the names of the survivors? Repeat trying with GA?)
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GBDT

Linear correlation between features and label

(explanation of data itself, not model)

The method which you try first, to select important features.
You can work when the number of features is small.

RN N -0 005 0.037 -0.0580.00170.013 -0.043 0.043-0.00120.034 0.022 0.0348.6e-050.029|
Survived DDSJJ 077-0.0350.082 026 054 054 017 0.00370.16 029 0093 0.32
Age JRiEY) {1.077 0.31 0.19 0.096-0.093 0.093 0.036 -0.022-0.033.0.35 0.007 0.31
ELNR-0.058-0.035 0.31 041 016 011 0.11 0.06 0.0260.071-0.055-0.0560.093

El4 000170082 0.19 041 022 025 0.250.011-0.081 0.063-0.018.000732.016

[EIER 0013 026 0096 016 022018 018 027 012 017059 012 041
Sex_female RUE] 054 0.093 011 025 018 guml Bl 0.083 0.074 0.13 0.098 0.065 0.14
EIGUEIEE 0043 0,54 0.093 0.11 0.25 0.15 e BN -0.083-0.074 0.13 0.0980.065 0.14
SRLENELolR0.0012 0.17 0.036 0.06 -0.011 0.27 0.083 -0,D83 0.15 . 03 013 015
[SNLELECeR-0.0340.0037-0.022-0.026-0.081 0.12 0.074 0.074 0.15 45 016 013 024
SLEE ISR 0.022 0.16 -0.033 0.071 0063 0.17 0.13 013 4.5 0.17 019-0.0099
[Z4EEERRNR 0.034 029 035 -0.055-0.018°0:594 0.098-0.098 03 0.16 0 17 0.29 [ 0.63

[ JAEEERPRR. 6e-050.093 0.007 -0.056).000730.12 0.065-0.065 0.13 0.13 019 0.29 IS -0.57

[ECTER 0.029 0.32 0.31 0093 0016 041 0.14 014 015 0240.00950:63 0,57 S}

g
v
©

SibSp -
Parch

&

Pclass_1 -
Pclass_2 -
Pclass_3

Sex_male -|

'
b=} o
= v
o =
g2 e
2 A
]

It is Iikély that the model trained with this data put large importance on the
features with large correlation.

Sex_female |
Embarked_C |
mbarked_Q -
Embarked S -|

©2020 Arithmer.lnc. HAZ74FK (XR—Y) AOXE .
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Correlation between Survived and features

0.543351
0.322308

Sex_female
Pclass_3
Pclass 1 0.285904
Fare 0.257307
Embarked C 0.168240
Embarked S 0.155660

Fare has large correlation with Pclass, as you
can easily expect (~0.4-0.6).

Also with Embarked C (~0.27), which | do not
know why.

HREFOBFERRBCRABILEZ V., SIHTSESIKHESIBORGFERTLTILZ V.,
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Importance of features in GBDT

(explanation of whole model, not for specific

sample)
Feature importance
Women had high priority tor getting on
Sex_female boats
Pclass_3

Passengers in 3" class are not likely to survive.

Pelass 1 (Sign of feature’s contribution can not be read, only the

SibSp A

magnitude)
i Pclass_2
E E
& Embarked 5
Parch 1
Fare +=
Embarked O 1=
Embarked C 1
0 5 10 15 20 25 30 35 40
The average gain (for mutual information, or inpurity) of splits which use the

feature

Top 3 agrees with that in linear correlation.

HATZTER —) A IRFOBMERRBERLEZ V., SIATIESIKESIROBEHFERTLTILEZ V.,
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Arithimer GBDT

However, this method has a problem of “/nconsistency’ (when a model is
changed such that a feature has a higher impact on the output, the importance
of that feature can decrease)

This problem is overcome by LIME/SHAP.
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Explanation by LIME

(explanation of model prediction for specific
sample)

My code did not work on Kaggle kernel, because of a bug in LIME package:---
So, here | quote results from other person.

https://qiita.com/fufufukakaka/items/d0081cd38251d22ffebf

Prediction probabilities Not Survived Survived Caatice: Valiia
Sex=male
Not Survived 0,52 EE—
Survived Agoe] <=24.00 Sex=male True
Embarked=C ' o
#0.10
5641 < Fare <= ...
ji0.06
SibSp <= 0.00
004

SibSp 0.00

As LIME approximates the model with linear function locally,
the weights of the features are different depending on
sample.

In this sample, the top 3 features are Sex, Age, and Embarked.

©2020 Arithmer.Inc. HAZ74F (X—Y) AONE - BREOBEEBRRBI T EARLIEZ V., SIHTIESKESIROEHERTLTILEZ W,
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Arithimer SHAP

Red points (Sex_female=1:female) have positive SHAP

Results of SHAP values, while the blue points (Sex_ f emale=0:male)
negative. . : ,
Women are likely to survive High
Sex_female ‘“”' e o
. & Passengers in 3" class
Pclass_3 —y TE"are likely to be killed
Age 'y QW”. s s e Bmuse
Fare B
Pclass_1 *—"' —_— v
Sibs e om ¢ wDes “e ©
" '.
- e @ -
Embarked_C §
Embarked_S +"' s
Parch +'
Embarked_Q +
Pclass_2 }
Sex_male l
T T T T T Low
Sorted with mean -1 0 1 2 3
of [SHAP value] SHAP value (impact on model output)

Top 3 does not agree with that in linear correlation/XGBoost score (Age enters).

SHAP is consistent (unlike feature importance of XGBoost) and has local
fidelity (unlike linear correlation), | would trust SHAP result than the other two.
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imer Example: Regression (Ames Housing dataset)

Variable Definition Key
| abel SalePrice the property's sale -
price in dollars
OverallQual Rates the overall 10:Very Excellent
material and finish of |9:Excellent
the house
1:Very Poor
Features |GarageCars Size of garage in car |-
capacity
KitchenAbvGr Kitchens above grade |Ex:Excellent
Gd:Good
TA:Typical/Average
Fa:Fair
Po:Poor
...(80 features in total)|...

Dataset describing the sale of individual residential property in Ames, lowa, from 2006 to 2010.

# of training samples = 1460 —Train : Validation =75 : 25
# of test samples =1459
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Example: Regression (Ames Housing dataset)

Model: XGBoost
Results (metric is Root Mean Squared Error of Log (RMSEL) )

Validation : 0.13830 Cf: Baseline (linear regression in terms of
Test: 0.16332 OverallQual): 1.1608
10°
> | Prediction/actual value for validation data /
c; ‘ % pa -
3 3 .
é ', E o / It is discretized _
X P, | = because OverallQual is
& 10° ' / [1,--+,10].
- |
10° 100

s 0 Actual SalePrice [5]
10 10

Actual SalePnce [§)

This time, it is much better than simple baseline. (?‘

Cf: Score with the same method (XGBoost), but with feature engineering: 0.11420 m
(o J0
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Example: Regression (Ames Housing dataset)

Linear correlation between features and label

(explanation of data itself, not model)

hewvse grade (ground) living area square feet

M5SubCiass -
LotFrontage
LotArea
OverallQual
OveraliCond
YearBust
YearRemodAdd
MasVnrArea
BsmtFinSF1
BsmtFinSF2
BsmtUnfSF
TotalBsmiSF
1stFIrSF
ndFirSF
LowQualFinSF
GriivArea
BsmtFuliBath
BsmtHalfBath
FullBath
HatfBath
BedroomAbvGr
KitchenAbvGr
TotRmsAbvGrd
Fireplaces
GarageYrBit
GarageCars
GarageArea
WoodDeckSF
OpenPorchSF
EnclosedPorch
3SsnPorch
ScreenPorch
PoolArea
MiscVal
MaSoid

YrSold
SalePrice

5SS -

=0 & ~ g
CSEE38LDBY G
BasR mdameE;
gEEgLEREsesShy
393’33355'&%‘5‘9;‘3
1) L] [T w8
w L S
28 &5 ¢83a48
.9
&

WRAZAE

(R—) ROXE -

Rates the overall material and finish of the

Size of garage in car capacity

1.9 5 ' T I 1 e v
e U 9 EE5SEBE e Q LoosogoDw
U EESEESEOELE LA LEEE SRR
=‘:Qu«smu),u\_.L ExcExERS »/\3‘3
Ay L A AT L
chZ=SE==qd530BuD g T322FD
gsszgaﬁagﬁvg%g@a.‘a‘iuois 3

> - - o

oV g EECRBE2 G 8AE

RUEE  ELe-383232"5

3 oa L% 92 &

HRFOBMERBCERLLEZ WV, SIHTAESIKHESIROEHFERTFTLTILEZ V.,

Correlation between SalePrice and features

0.790982
0.708624
0.640409
0.623431
0.613581
0.605852
FullBath 0.560664
TotRmsAbvGrd 0.533723
YearBuilt 0.522897
YearRemodAdd 0.50710

OverallQual
GrLivArea
GarageCars
GarageArea
TotalBsmtSF
1stFIrSF
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imer Example: Regression (Ames Housing dataset)

Importance of features in GBDT

(explanation of whole model, not for specific
Sam p I e> Feature importance

N .|

S g a s e

KitchenAbyGr

GarageType_Detchd -

GrlivAres [——

Features

KitchenQual ——

PavedDrive P |—

TotalBsmisF -r—

Condition? - —

Centralfir_N ===

0.0 02 0.4 06 08 10 12 14
F score 1lell

Top 3 is different from linear correlation (KitchenAbvGr).
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Example: Regression (Ames Housing dataset)

Explanation by SHAP

(explanation of model prediction for specific sample)

©2020 Arithmer.Inc.

GrLivArea: Above grade (ground) living area square feet

TotalBsmtSF: Total square feet of basement area

Top 3 is different from linear correlation/LIME.

HATZTER

(R—Y) AOXE -

OverallQual
GrLivArea
TotalBsmtSF
BsmtFinSF1
GarageCars
LotArea
YearRemodAdd
KitchenQual
YearBuilt
GarageArea
OpenPorchSF
OverallCond
Fireplaces
WoodDeckSF
GarageYrBlt
BsmtQual
LotFrontage
MasVnrArea
BsmtUnfSF
1stFIrSF

HREFOBFERRBCRABILEZ V., SIHTSESIKHESIBORGFERTLTILZ V.,

i

ot

Lidtdrdretits

High

Feature value

Low

—100000

—~50000 0
SHAP value (impact on model output)

50000

100000 150000

Arithmer Confidential



Arithimer Example: Image Classification

Results of LIME

(a) Original Image (b) Explaining Electric guitar (c) Explaining Acoustic guitar ~ (d) Explaining Labrador

The model seems to focus on the right places.

However, there are models which can not be approximated with LIME.

Ex: Classifier whether the image is “retro” or not considering the
values of the whole pixels (sepia?)

©2020 Arithmer.Inc. WRATAR (R—) F
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Arithimer Example: Image Classification

Husky or wolf example

a) Husky classified as wolf (b) Explanation

By looking at this explanation,
it is easy to find that the model is focusing on snow.
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Example: Image Classification

Other approaches

 Anchor M. Ribeiro, et. al., Thirty-Second AAAI Conference on Atrtificial Intelligence. 2018.
Gives range of features which does not change the prediction

7{“'"'.

anchor I ¥
R ’

(c) Images where Inception predicts P(beagle) > 90%
* Influence P Koh, P. Liang, arxiv:1703.04730
Gives training data which the prediction is based on

Test image Training images which affect the prediction of the test image
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 Method 2: ABN for image classification
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Arithimer Method 2: ABN for image classification

Class Activation Mapping (CAM)

Global Average Pooling

(GAP) for channel ¢ Score for class ¢

x,y: spatial coordinate F, = sz(x,y)
. S, = Z CF, = z M, (x,
k: channel fk(x;_'Y) Xy c _ Wi 'y c(x Y)
: 1 r— [\—s}
/ | O I"‘ Australi
N ustralian
& C C [ , ( O 1w )>‘ terrier
| fj o PR | / :
\ / \/ [ / g W n :
¥
fi(x,y) - .
Class Activation Mapping M (x,y) = Z wifr(x,y)
k

Class
Activation
Map

{Australian terrier)

W + Wy T A

h |

®

« Decrease classification accuracy because fully-
connected (Fc) layer is replaced with GAP.
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Arithimer Method 2: ABN for image classification

Attention Branch Network (ABN)

Basic idea: Divide attention branch from classification branch so that Fc
layers can be used in the latter branch.

1
by,
! Great grey owt
Feature i i
extractor % L(x) R
No Fc layer---
(a) Class Activation Mapping
ENCRREE R s "
- . 2 L 1)
"  Aftention branch s ¥
> 1 'a

Feature ’ :
exirastofr || | ohueeMocoseos (SRS »--------' ----- a
—_ .

+ Attention =

Perception branch i

| mechanism T *
| '] '
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imer Method 2: ABN for image classification

Attention map
D Convolution layer M(x;)

. Activation function r --------- -Tl- ----------- :
| i : M -
l. Batch Normalization : 5 5 "Si :
2 4 ; = D
: d" :
3 5 B
: Convolution g g : Prob. Lun(xi)
Feature extractor s 5 : layers % @ : SR
‘ IR o Mo s B o B ;
| i Catiea s : Attention branch
Input image X; ‘Q(X,z) : . ‘
: Classifier —g —> Lper(xi.)
At:e:ltTo:l :n-ec-h;n-ism
Featulre map
Perception branch uses also attention map A A A
not only features from feature extractor, as G Al
its input. Loss function has attention/perception

g.(x;) = M(x;)-9.(x;)

terms.
Both consists of cross entropy for

classification task. ,
L(X/) — Luff(xi) == L/u l'(xi)

. Improved classification accuracy because it can use Fc layers.
« Actually, using attention map in the input of perception/loss function improves accuracy.
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Arithimer Method 2: ABN for image classification

Results of ABN

task | model [%] | maker [%]

VGGIl6 85.9 90.4
ResNet101 90.2 90.1

5 VGG16+ABN 90.7 92.9
Nissan GT-R ResNet101+ABN 97.1 98.1

-~

Attention map improves accuracy!

___—_“
Gallardo

-

Benz Benz C Class estate
Original image Maker recognition Model recognition

As | do not have domain knowledge,
| can not judge whether the model is focusing on correct features---
Are the highlighted parts characteristic for each maker/model?

It is interesting that, the attention is paid to different parts depending on the task.
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Method 2: ABN for image classification

Original image Eyeglasses Wearing Hat Sideburns Wavy_hair
Score 0.99 0.99

Original image Smiling Wearing necklace Wealing_Lipstick Young High_cheakbones
Score 0.99 0.84 0.99 0.99 0.99

The model seems to be focusing on correct features.

©2020 Arithmer.Inc.
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Arithimer Method 2: ABN for image classification

ABN and human-in-the-loop

Basic idea: By modifying attention map in ABN using human knowledge,
try to improve the accuracy of image classifier.
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imer Method 2: ABN for image classification

Modifying attention map manually helps classification

Modifying attention map

Remove unnecessary

attention
Before
llllllllllllllllllllllll y
Attention H E
map s H
: Attention branch :
GT: dalmatian . E
N EIIIIIIIIIIIIIIIIIIIIIII;
. - "
Featre i : y ‘soccer ball’: 0.9991 X

extractor = Perception branch £

‘dalmatian’: 0.5676 Q)

Input image

Perception branch uses also attention map not only features from feature extractor,
as its input.
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Method 2: ABN for image classification

Results

GT airship ambulance garden spider

Original image [

Attention map

‘vawl’: 0.2031 ‘police van": 0.84 ‘spider web': 0.7211

Modified
attention map

‘airship”: 0.1933 ‘ambulance’ : 0.9762 ‘garden spider’ : 0.3808

Modifying the attention map improved the classification accuracy
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Arithimer Method 2: ABN for image classification

ABN with HITL

Step 2: Adjust attention map by manual operation
—-{ Modifying attention map }— N Proces

—  Forward propagation

Step 1: Train ABN and collect attention map

Attention map M(x)

Attention 2 .
— :
map H Attention A 1)
w

s branch PN |
| 3 s Wi
.................... P >
Sy : X
Image = fpfeesr ; Perception % (abel
server branch x

Database = = .
Training ABN
Modified

Incorrect attention map M'(x)
1

«——  Back propagation

Correct

Collecting i
attention map :
i

[ Back propagation process l

Attentionmap M(x)
’-mup(I)
5 Attention o
: branch oW, et
i i
Perception
’ branch

| m—

Feature extractor is n OTstep 3: Fine tune the branches
u pd ated (fl ne-tuni ng) using modified attention map

L(’l//(x) p— L‘UH(X) -+ L;n I(X) i Lmup(x)

M'(x) — M(x)||2

anp(x) =1
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Atk . . alpn c
Arithimer Method 2: ABN for image classification
Results
GT bulbul house finch tailed frog
1\"-\\
Original
image
ABN "
N
-
‘spotted salamander’ ‘hammerhead shark’ ‘house finch'
0.9329 0.9857 0.5149 0.5498
£
4
™
A
‘spotted salamander’ ‘hammerhead shark’ ‘bulbul’ ‘house finch' ‘tailed frog'
0.9681 0.9925 0.9983 0.5180 0.3370

HITL improves the attention map (not very apparent),
and also classification accuracy.
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Method 2: ABN for image classification

©2020 Arithmer.Inc.

GT laysan albatross least auklet

yellow-breasted chat

blue grosbeak

green violetear

™

¥

$

\

image
ABN
‘sooty albatross’ ‘western grebe’
0.9995 0.3125
Our

‘laysan albatross’ ‘least auklet’
0.1510 0.8525

0.2932

‘hooded oriole’ ‘bronzed cowbird’
0.5034

Y $is .
yellow-breasted chat’ blue grosbeak

0.54

54

0.9116

‘ruby-throated hummingbird”

0.7087

'
‘green violetear

0.8824

HITL improves the attention map (focusing on relevant parts, not the whole body),

and also classification accuracy.
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Arithimer Method 2: ABN for image classification

HITL is possible because the explanation (attention map) is given as a
part of their model in ABN, and it is reused as input of perception branch.
Unlike LIME, ABN is not model-agnostic.

So maybe, being model-agnostic is not always useful:
Sometimes it is better to be able to touch the model.
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Arithmer Summary

| introduced a few recent methods on XAl.

1. LIME
for
e C(Classification of structured data
 Regression of structured data
e C(Classification of image

2. ABN
for
e (Classification of image

| also introduced application of human-in-the-loop to ABN
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