Explainable Machine Learning P1-Why
Does the Model Make This Prediction
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Why we need Explainable ML?
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* Loan issuers are required by law to explain their

models.

* Medical diagnosis model is responsible for human
life. Can it be a black box?

* If a model is used at the court, we must make sure
the model behaves in a nondiscriminatory manner.

* If a self-driving car suddenly acts abnormally, we
need to explain why.
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THIS 15 YOUR MACHINE LEARNING SYSTETM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT

We can improve THE ANSLJERS ON THE OTHER SIDE.
ML model based WHAT IF THE ANSLIERS ARE. LIRONG? )
on explanation.
JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.
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THIS 15 YOUR MACHINE LEARNING SYSTETM?
YUP! YOU POUR THE DATA INTO THIS BIG

PILE OF LUNEAR ALGEBRA, THEN COLLECT
We can improve THE ANSLERS ON THE OTHER SIDE.
ML model based WHAT IF THE ANSWERS ARE LJRONG? )
on explanation.
JUST STIR THE PILE UNTIL
THEY SIART (OOKING RIGHT.
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“% | know why the answers
- | are wrong, so | can fix it.

‘With explainable ML
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Interpretable v.s. Powerful
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» Some models are intrinsically interpretable.

* For example, linear model (from weights, you know the
importance of features)

* But not very powerful.

* Deep network is difficult to interpretable. Deep networks
are black boxes ... but powerful than a linear model.

We don’t want to use a more powerful
model because it is a black box.

‘ This is “cut the feet to fit the shoes.” (ﬁUFI:i[‘ﬁE) |
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Powerful model

interpretable .model__. o
Source of image: https://kknews.cc/news/pnynzgp.html
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* Are there some models interpretable and powerful at the

same time?
. s D dent iable: PLAY
» How about decision tree? ity
Play 9
Don't Play &

Source of image:
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5/06/ai-ch13-2-decision-tree.html / I

sunn ovemas+ 1 rain

Play 2 Play 4 Play 3
Den't Play 3 Don't Play 0 Don't Play 2

A

HUMIDITY ? “"“m”\
<=0 / \\;’m TRUE FALSE
Play 2 Flay o Play 0 Play 3
Don't Flay 0 Don't Play 3 Don't Flay 2 Don't Play 0

if Decision Tree BB M—"1F4b 4BERES Deep Learning, BIEE Interpretable, {RE—" Decision
Tree Y Structure ARELATLARNIEIR, SRIEEL R FFEEH AMFAIMN, SR H R ELAIFIRT, BB Decision
Tree, ARHA X JREHAVRIY

ERMERIRIEFIIN Decision Tree (RESLHAMERER, Decision Tree BEEMTA, EMIVEEH
B FERSITR IS T RESE— NI ILRRER LR R A, R LIRERT RAIRE SR
EZ Leaf Node RIBHR HLAT LUMHHBRAZHIRE BREES— T REE— N (REFLEIRUN &R,
{RFLATLARIE SR MEEY FFEE (T AR R E A SR RIRYT ATLANIX A F BB 3K, Decision
Tree, BB%38AN Interpretable

- Decision tree is allyou need!?

FRLAX EIREA TR LARE_E B iX1, 52 Decision Tree is all you need? SAJER4ER 7 IXFHEF

{82 Decision Tree, ERFEFA TR EE, (RE{F4E—T Decision Tree thEAIHERREZM



* A tree can still be * We use a forest!
terrible!

Rattle 2016-Aug-18 16:15:42 sklisarov

https://stats.stackexchange.com/ques
tions/230581/decision-tree-too-large-

to-interpret
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* Completely know how an ML model works?
* We do not completely know how brains work!
* But we trust the decision of humans!

The Copy Machine Study (Ellen Langer, Harvard University)

“Excuse me, | have 5 pages. May | use the Xerox machine?”

60% accept
“Excuse me, | have 5 pages. May | use the Xerox machine,
because I'm in a rush?” 94% accept

“Excuse me, | have 5 pages. May | use the Xerox machine,
because | have to make copies?” 93% accept

https://jamesclear.com/wp-content/uploads/2015/03/copy-machine-study-ellen-langer.pdf
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Make people (your
customers, your boss,
yourself) comfortable.

(my two cents)
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Explainable ML
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Explanation
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Classifier

Local Explanation

Why do you think this image is a cat?

Global Explanation

What does a “cat” look like?

(not referred to a specific image)
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Which component is critical?

AT LE— B XNEREHEERF—R Slss—KE H, EAE R — s Bk E
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Object x —— Image, text, etc.
Components:
{xll .“anj rl ’xN}
Image: pixel, segment, etc. i
 Text: a word

* Removing or modifying the

Which component is components
critical for making decision? ~ * Large decision change

- Important component
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Reference: Zeiler, M. D., & Fergus, R. (2014). Visualizing and understanding
convolutional networks. In Computer Vision—ECCV 2014 (pp. 818-833)
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Saliency Map
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oss of an example (the difference Ax dx,,
between model output and ground truth)

Saliency Map

Karen Simonyan, Andrea Vedaldi, Andrew Zisserman, "Deep Inside Convolutional
Networks: Visualising Image Classification Models and Saliency Maps”, ICLR, 2014
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Map
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Pokémon images: https://www.Kaggle.com/kvpratama/pokemon-
images-dataset/data

Ta S k Digimon images:

https://github.com/DeathReaper0965/Digimon-Generator-GAN
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Experimental Results

model = Sequential()

model.add(Conva2D(32, (3, 3), padding='same’', input_shape=(122,128,3)})

model .add (Activation( 'relu'))
model . add(ConvaD({32, (3, 3)))
model . add (Activation( ‘relu'))
model . add (MaxPooling2D(pool_size=(2, 2)))

model .add (Conv2D(54, (3, 3), padding='same'})
model .add (Activation( 'relu'))

model . add(ConvaD{64, (3, 3)))

model .add (Activation( 'relu’))

model . add (MaxPooling2D(pool_size=(2, 2)))

model .add (Conv2D(256, (3, 3), padding='same'))
model .add (Activation('relu'))

model .add(ConvaD(256, (3, 3)))

model . add (Activation( 'relu'))

model . add (MaxPooling2D(pool_size=(2, 2)))

model . add(Flatten())

model . add (Dense(1824) )

model .add (Activation( 'relu'))
model . add(Dense(2))

model . add (Activation( 'softmax'))

Training Accuracy: 98.9%
Testing Accuracy: 98.4%

[E Training Accuracy,98.9% X MEEMS (ERAES AR, XM EiFOverfitting M2, T
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* All the images of Pokémon are PNG, while most
images of Digimon are JPEG.

%a!

png f||95 have transpa rent transparent background
background becomes black

Machine discriminates Pokémon and Digimon
based on the background colors.

ErJFEE PNG 50}, 23 ERE JPEG 15, PNG HiSdRUAGE, S S22 2L FRUMNSBREEE S,
FHE—RKE R R E USRI EN M, AR 7 X7 1 AL FR 2 SR 15, Explainable
Al B—MREEARA

ABERIA ZER9FIF AT BEIR IS E mimiE B ERAN AR A R EXMEE BN AR ED

B EXHIGIF B Benchmark Corpus,Iffl PASCAL VOC 2007 AREHB ST S HRIIE 22
FIMFBRID RN BRERIXKE

* PASCAL VOC 2007 data set

This slide is from: GCPR 2017 Tutorial — W. Samek & K.-R. Miiller

EAIERDE R BNRIRE Saliency Map RUIE (RAMEREXMEFHI ARREE TANIERE
R4 ERETRE— RN XN EEEISNE RS ERRERE— M Mubp, = N EEa—
RIS AL ER B EA FAX—1TR AIERS CIRAAFEFZIBE R AET

LA REEXAEERIR A, 7E Benchmark Corpus b SMBRPRIT B RS IR, FRLAX S #1135
Explainable Machine Learning ;X MY AZREERN

BBBEIgB M4 AIE Explainable B Machine Learning,Saliency Map EfSEFIR, 55— N34, /2
BI#RIABIRRANX SmoothGrad, (AR EIR, SGKE H 21



Gazelle Typical SmoothGrad
(HEF2)

SmoothGrad: Randomly add noises to the input image, get
saliency maps of the noisy images, and average them.
https://arxiv.org/abs/1706.03825

ABRERfFIR /RS R &AM Saliency Map RIRHR Hl2 2B EEERIED ShEER S L

BRANSRARFENIA FAI 19 75%, B E Saliency Map HIIE (RE 2SR BT RERIX M FSE SR AE, s
EERINEIatR S =N A EREEME S A —LZ L ABRERE A e IR FrLAFE T
SmoothGrad iX/Ni%,SmoothGrad £1EHRAYX A Saliency Map, EEIRIZYTELE D

FEERREF 7 hAMEsk

FFERRYE A L, i1 L SRR FINARNASEARRE /7 8 —KE H L &8
ZE1+E Saliency Map, 3MFEND 100 #Z4H,HA 100 5K Saliency Map, e, #t15% SmoothGrad
AR MEER T

BRBE AT BMREARIE XA SmoothGrad, XHEFRIER—EM R FE RIS R TR, iy
H=Ekik, EENRSXEEFREREN, EENREX N REREEN e ENREX N ERREEN
IR BPRiEE—TT kAl Explainable Machine Learning REERMIBIR MERILAE T RISHT,
1RE 7IXMERRZ M S AN, e wis, I X4 Model B RIS, 1X4 Model fEREMIFRR
1K AT LMRASAB EEIR SmoothGrad iIXMEF AR HIFAIASLMREIXA Model ERANIERE R ZE

BRRHIYE Gradient HAZEEEBERIM— Component IEE M, B AR XA E— M
BARREE

Limitation: Gradient Saturation

Gradient cannot always reflect importance

F 3

d elephant

Isitan d length ~
elephant?

trunk's length

Alternative: Integrated gradient (IG)
https://arxiv.org/abs/1611.02639

o XMEHMARNEARETFHNE—TEMETFIIRKE
o BRANIARIUX NEMRASAIATEE



BAJER B R AR MR K E T ATA— M EY, ERN S TR EREE I BER AR (B2 TR
EFRI—MRIRIIR BEERK—R EEASEEEEAR EFRKIIAR IRAZS FEAIIKAIX
R AAZ— PRSI B FR KRR KEBH—HEERNIR (REASTEEREEGH AR

FTA 8789 £ 8 FROKEIRERAKAIT M BRXE BIF AR E I ERa AR S < A
FHAS, SRIXMERASAIT RIS EA BRESFHRERI—MEELE REEEK . EFs
TREGAR

XANHE SRR E B FRE M RASK A MR RHD B9E AMREX M ERIRRN S TsEa iR
B8 O FTLAMNSR{RHE Gradient, & Saliency Map {RRIEESISEI— 1 4ECE BFHIKE NEFEAR
BRHFEEAEEN B FHIKEARANES /AR —MER B REFIIRERZRN I RARIIA
BEMERYEEL, RIS 0 Y FTLAS FIRAARR FIBT N RARIIEERIER

PREESL ERIXHENE, B LRHMIEARRXNMEF FILUCE Gradient XERMONER FIERE N ETE
HIFEA]— Component BNEZEM FRLABEMINGE B —1 AU Interated BY Gradient, BRY48
SUf G BBOL FFATTE iR |G B ERAEIER B IE 4 B XS, BB AvE B mtbE
SCHERY |G, BRANERYRE S 4 (RET LA CHRES |G 2 EAIGIEN IRIREEIGE, RIEFIRA Enter, 7
I 1IG ISR T

How a network processes the input data?

%F BRNIA (12 %E Network BR EIIRIAZE—MAA, CRIMLEES ELURESR APE TR IR
B T—MERER, Z3K1468 Network E—MNANRIEHE, ERREEAZLIEXNMEANTE, ERIEEE
ZSIMNHALIE AR R RAZRIERIINE

BERRNGE S HERETN MEAMREE, $X Network E#EFIRAET HASHE BRI
12, 2E(REE BERT #ERE T HASHE 2R FHE XA BB LRSI F Bl I EZRIGF £
W —HEE (RELIIER T — Network

phoneme
* Visualization
PCA or t-SNE :
2 dims <=+ 100 dims 41
100 neurons Layer 2
2 dims <---100 dims 41
E 100 neurons ‘ Layer 1 ‘

Plot on figure | ‘ MW

XA Network Fi2lz—/NERFEEHPHAN ARMAXERES, 2RBIEW— Phoneme, BIEH— KK &
¥ AR RIRIRE— Layer B 100 4 Neurons, 55—/ Layer t55 100 > Neurons,BfE— Layer
A9, FERT LABER 100 4EA0MAE, A4 Layer BUiH, BT LAB(ER 100 M E Bid XX L
A2, BT LARNIE— Network #HE, R4ETHASE

B2 100 HHRE ABRE FE5HNR FEB DN FILUEADR (FERETTIE FTLUE 100 #HRE,
IBERER "8 BBERZRMATTE FANKOHMA S, B IXETEE—BEA LUER L 100 452 "4
LAE ARe e ABIEE]_E BRRF AT LA O R E, EERA LIRS 4TS

LURIE, 2R 2R S 8901 BRX MR B R —7 2012 FFRY Paper



af://n159

A. Mohamed, G. Hinton, and G. Penn,

* Visualization “Understanding how Deep Belief Networks Perform
Colors: speakers Acoustic Modelling,” in ICASSP, 2012.
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Input Acoustic Feature (MFCC) 8-th Hidden Layer

REKI Hinton, XMEEFIZ R BRIXBIERNFE XENEMHNSERRMH AR XEXE HLE
L, X E SRR (RA L — RHERS, IR —FRY Data 2—1&—HHY

FRLAMBRIS R EE AT 22551, 2R EIL — FI45 R4S Hinton B MFITF—BXEEF (R LURE S R bis,
EANRZEHKAD 15 MEULHHEAP— DM ARIT—BE T ARIET LAZFBS, B XN KR Train 77—
B0 Train 55 7 ABANEHEEE Train ZHURIARA, AHEEE Train N—BLLEIE ZAFS Hinton BaIF—BXEE
F AR IR L AR ENT, R ERIR B8, 1 XN AA BHEE T, AT Train Network 22 ARRKT L
FEENERARZT T, MBEESTAMTRAIIE Deep Belief Network,Deep Belief Network, 2 Deep
Neural Networkld, ARiXHF BBX MR ARAR XM A ASHE BRIMEESZIRBAERXA
R 7 47 BMER ESEINERN AR BESEIISKEREM, HREIELL — RiZ B rT LAER 2L
ENESEES

OO EIBRH AR OIS ER B 5H I HEIEEAY Input HL2 Acoustic Feature, B2 MFCC
SR BT % BE_40NFE L EXNE LW 8- P aAR— N RESINS BE—1 EE X
TE— Speaker E—MNHEIIA BBEELRAIELLXA Network IR BRZOTFEEEN HEE
Aib,A ¥t T How are you,B 3¢ 7 How are you,C 217 How are you,{R% Al 7 —HHIEF (BMNIX
ME LAREAEE M Acoustic Feature RSN, iEEAENAREFNGFRE—HF

BEFAIM Acoustic Feature EEARHFK FA—PAMIRANERZLBARL EEFENARREE
FAREIRBINEERE M KalignTE—E FTLAMIXMER AMIMA TS [ XD X MESHHRCMER 15
EPRRABEEIN, XN RERRIARA XN RERIARERERNE BERIXA Feature ZEIXAZI X MES
PR EARE IR BINEMAYERETE

(BRSFAHE Network EHRERIIHR ERPA—HET X2 8 & Network RUEIH, (REAITA
AR RIXINZ R —F—FH) B— R B ERBER XDE8— 7R Ak 8—FMAERTRER
BHRE—IF FLUMFSEIR ARARBEFRNAE £ MFCC LEARLXR Eilid7 8 IEfY Network
ZESEMERXEERREFNARE BAFENSERRA—H EFRAHN, B ERENRE ©
ATLERENAE AR ARG F B BalignfE—iE ARG LIS ZEHAI 5 K ER

5F FBNIA HAY R EEZ Neuron AU, BT ARB AT LAD XA Attention B9 Layer, BIFE Self-
Attention FB/RI {REFTLAE Attention BIEEER, SBRES XK Network FEU+AZE



. . Attention
* Visualization -
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Attention is not Explanation
https://arxiv.org/abs/1902.10186

https://arxiv.org/abs/1908.04626

BRERA JTEE 4B, SR AZKE T BERT Y Attention (B2 4{R{#EMA Attention BIAHE FEE—LET
BRI FNER TS Attention ROZIFRE BB MNE—MAIL Attention BB FM—MalC, H8H
RFEXF AN LA XEREMES A EARE, B 1B 7 EURBB R rT LA H KRB MR+ L5 K5k
ST L RSR A1 BT

{BRSCRR_E ARES i E SR ENXEETFAISIHER Attention is not Explanation,Attention H AR EFT LA
RRRRRY, P8R AR SRS, Attention is not not Explanation iXHEF FrLMFANEX M IXMAF HEG
JERE R BRUIBARGF N SE A Attention is not not not Explanation, BTLAUXN B Attention BEARE
AR 2N R BT AR R, (+ AR A BB AR AR TR IXMA R M A SR AVIEIRE

BRER 7 FAABRMZR LAY BB BN Probing, Probing 2 FIRETIE R S 2(RAIFREEEAN
XA Network REBBRKETHALE

I, FRIR(FBZERTE BERT BIE— Layer BIRFE T H AR IR T RRRMZRLSN A AR
RECRERIRE, TR RS IRRENREINNSR MBERERB N ERET ARV LIS AT,
(RRTLA) IS — N RET ARROERETELSER R 5 2858
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POS ‘

[ Block ]
Classifier

> BERT
Place? NER
Name? ] Classifier \ [ I I I I
Be careful about the T I
classifiers you use ... x1 x3 j

BFISRGEAT) I — DD KEE XN D LB ERIE— Feature RIE—MNARRERIAX ML EY
POS Tag tEME ERNEMERTA (RS BERT AY Embedding, £ POS By Classifier #2E 2 /RHII%—
N POS Y Classifier, EEIREFRIEIXLE Embedding, REWRIMIEX L Embedding, @3B RB—MaM:
H9EC

WNERIXAN POS |9 Classifier ERVIERRS, MARIRIXL Embedding 8, BRZ1AMHAVEN INREIE
MRS — LHRXLE Embedding 18,2 ERMHATET,
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Noun? -
Verb?




FHE2i{R Learn — NER,Name Entity Recognition Y Classifier, SA/SIE, BBEIXLE Feature iRERIT
HEEERGALER EBRAZER TS EEF2HTEE B, BMRELX A NER Classifier RIIEFRZE,
FATLIKIEIXL Feature #H BIREEF BIREX ML BIRBABHRNES

BRERXMRARIHE B —RIEEIVO A AIREIVOTE, IVCIRERRY Classifier BRBEE G4 R
BRRIRSREIURR Classifier IEFZERRR BRI —ERIECRIBARIXL Feature, thilE BERT A9
Embedding,iRBF(IBEDRIIFZNB,A—E K4

EEB M EIRAY Classifier Train JEIHL XA BRI AREBRZ Train Network BILIETH (RZB D
i%& 100% {RIE R Classifier Train HE—E2IFHI, BBBATFRiZ5T—1 Classifier, ERVIERZRRIE,
ARAEBIXL Feature #HE, ) ZBENBENEN, RAFZ(R Learning Rate iRBIAMT (R AKRFEZE
TAYF FrLA Train ANk, BiR B nl e 21X, B 8e =X MFF LA Probing Model AYRTHE {RE /L)
AERRTEL BIRRERI—LEC, RRRAB(R Classifier i&F Traindf, & Train 5XiF, SHUR
Classifier FIIERER, iRB AR MITRAIKYTE

Probing A—EZE R Classifier, BiXi4F 52— Mol TS5 iF{Rit, Probing BRI R setE, 2551k15, FAi ]
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~speech (TTS)
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‘ Layer 1 ‘

reconstruction

Hi (unknown)

A IXIMEF S RAMER AR —ER =, B2 Network Output B Embedding, BlZ Network
Output fJ Embedding {ERMA ARINEZRE—RESAS

EIERIREELZ (R8T — Classifier, BB FRillZ: 7 —4> Phoneme B Classifier 3 TkFA(]
FIBARAY Network 2R, AR IBE— Layer RYEIHIE, 2! TTS FUEEMER, ARFAIIZX A
TTS AUEREYL HA NGB TR 2FH L TTS AUEEL, aTLALEM Network S, 5 Network BISINRIXERFE
EHE FEETIXL Layer LS, LT Embedding E3 TTS LS, ATLARE ERIIES TS

ABXAEFRID TR ARV AR RES AR B WIERX A TTS EERRIAETINS BBRHELRRAIE
BIS —E—HFIEENS MERARB—D AR AL

ABXIB AT R RIXA Network EISE #2IE LHINRIEERYERZE ABRIH0XAN TTS AR
AME XA Layer 2 {9 IR BEHTIEENE N BELIC EASH ML ELREE IR IBEAANE
AR Hi AR SERIES RIS, ATREEE L1 Layer LIS, E2 TTS RUEEL B, BXMESE
HRRIES SRMEE Hi IRE ER2IRITALSZERR BRXERHU AT LARTER, 2% X4 Network 1,
—MNESHHRIVEERIN, E10) 14893 2 BRIF R XA X E B RRBRBATRS RREE SN
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What does a network layer hear? Analyzing hidden  https://arxiv.org/abs/1911.01102
representations of end-to-end ASR through speech  https://youtu.be/6gtn 7H-p\Wr8

synthesis
3
80 Text
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Hidden Hidden Hidden Hidden Hidden
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XM FRIXEEFH,BE— 5 BRY Bi-directional §9 Lstm, ElZESHEM@N BBEMEMENZE
ERIESPHREEL T BBER( L E—BREENSHMEBA RLENES B TRBAERBIM—1B%
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w75V, fth5 = b 7o Bt AHES, SR T LUEEE BT LAY Network ITRINAES XIOFEER
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