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Inverting the Accuracy-Explainability Curve

. Neural Networks
' Ensemble Methods (Random Forest, ...)
‘ Support Vector Machine

A The usual XAl story:

Accuracy

O Graphical Models

O Decision Trees
O Regression Algorithms
O Classification Rules

Explainability



Inverting the Accuracy-Explainability Curve

A Despite conventional wisdom, adding
explainability to deep Al models does ® Explainable NN
not decrease their accuracy, and can 'Q -
even improve it' @ Ensemble Methods (Random Forest, ...)

Q Support Vector Machine

AWe donot need to cﬁoos@erapbcalewtlsween

explainability or high accuracy, can @ Decision Trees
have bOthl () Regression Algorithms

O Classification Rules

Explainability



Inverting the Accuracy-Explainability Curve

DNN XAl systems can lead to better-performing, more explainable models:

1.

Explanations-as-additional-loss: adding the nshow vyo
for the right reasonso constraint.

Explanations-allow-advice: XAl systems transduce DNN states to natural
| anguage,; reversing this, we can <cre
via language guidance rather than additional labeled examples.

Explanations-reveal-model-uncertainty: in a human-in-the-loop retrieval
system, explanations let human operators more accurately judge when they
should accept suggestions from an XAl teammate.



Today

AMulti-step Saliency via Compositional NMNs
AFinegrained Textual Explanations
ACNR Y 9ELX! RGN DHIf StVEidas MR G A v 3



Attentive XAls do not decrease recognition accuracy

RISE XAl provides saliency Why does the Al system
explanations to Al models without think these two photos because
affecting their accuracy. are similar?

Windfarm: Ex pl anati opn
far mo

“furry”
SANE: When enforcing explainability,
attribute recognition performance
Improves by 2-3% mAP on two

diverse datasets.

most important

[1] Vitali Petsiuk, Abir Das, Kate Saenko. R/SE(EQQ}/’ZG’O’ Input Sampling for Explanation of Blackbox Models. BMVC Oral, 2018
[2] Plummer et al. Why do These Match? Explaining the Behavior of Image Similarity Models, 2019 6



Salience for Introspection

Goldfish

LIME GradCAM RISE

0 RISE probes black-box CNN models with randomly masked
Instances of an image to find class-specific evidence



RISE can explathfferent categories

Explanation for Sheep Explanation for Cow

RISE: Randomized Input Sampling for Explanation of Black-box Models, Petsiuk, Das, Saenko, BMVC 2018



RISE: Randomized Input Sampling for Explanatic

Neural network prediction: RISE RISE
solar farm: 63%, shopping mall: 23%  Explanation for solar farm Explanation for shopping mall

_
.
: = .
Y, £ T,
| AR b2, - ' ¥
. . s - -

Image from the FMoW dataset

Increasing importance



Singlestep Salience is limited

what number of other objects are
there of the same size as
the gray sphere ?

1

predicted answer: "5"



Multi-step introspection / transparent reasoning

what number of other objects are
there of the same size as
the gray sphere ?




Multi-step introspection / transparent reasoning

look for("gray sphere")
1

what number of other objects are Reasoning
there of the same size as Step 1
the gray sphere ?




Multi-step introspection / transparent reasoning

look_for("gray sphere")
1

what number of other objects are Reasoning
there of the same size as Step 1
the gray sphere ?

related _by("size")
i |

Reasoning
Step 2




Multi-step introspection / transparent reasoning

look for("gray sphere")
1

what number of other objects are Reasoning
there of the same size as Step 1
the gray sphere ?

related _by("size")

i 1
Reasoning
Step 2
Reasoning
Step 3 answer("number", "other objects")

1

predicted answer: "5"
true answer: "5"



Neural module networks

Example predictions on Visual Question Answering (VQA)

question=“There is a small gray block; are there any spheres to the left of it?”

s - .
‘ {.Cyesﬁﬁ

Example predictions on Referential Expression Grounding (REF)

referential expression= “the cyan thing that is made of the same material as the yellow object™

- . -




Monolithic Networksgor
VisualQuestionAnswering

a cat

What is this?

19



Monolithic Networksgor
VisualQuestionAnswering

Monolithic Networks
\V Workwell on simplequestions

a cat

What is this?

20



Monolithic Networksgor
VisualQuestionAnswering

Monolithic Networks
\V Workwell on simplequestions

7
~

0
0

Challengindor questionsrequiringcompositionakeasoning
Limited interpretability

What color is the thing with the
same size as the blue cylinder?

21



Compositionality in Reasoning

AGeneralization to complicatechseen reasoning structuref seen
operations (relations)

fest
time

training
time

how manyobjectsare the either s there a big brown object of how manyother things are the
green rubber object or blue the same sizas the green same sizas the yellow rubber
cubes? thing? ball?

22



Compositionalnferencewith Modules

What color is the thing with the
same size as the blue cylinder?

def answer_this_question(image):
object_1 = find(image, 'blue cylinder')

» object_2 = compare(object_1, 'size')
answer = describe(object_2, ‘color')

return answer

23



Compositionalnferencewith Modules

What color is the thing with the
same size as the blue cylinder?

def answer_this_question(image):
object_1 = find(image, 'blue cylinder')
object_2 = compare(object_1, 'size')
answer = describe(object_2, ‘color')
return answer

24



Compositionalnferencewith Modules

What color is the thing with the
same size as the blue cylinder?

def answer_this_question(image):
object_1 = find(image, 'blue cylinder')
object_2 = compare(object_1, 'size')
answer = describe(object_2, ‘color')
return answer
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Compositionalnferencewith Modules

What color is the thing with the
same size as the blue cylinder?

def answer_this_question(image):
object_1 = find(image, 'blue cylinder')
object_2 = compare(object_1, 'size')
I--.; answer = describe(object_2, ‘color')
] return answer

outputanswerin gr ay o

APredicta discreteexecution graplof modules
to answer complexatural language questions

26



NeuralModule Networks(NMNSs)

What color is the thing with the same size as the blue cylinder?

cylinder

find blue
>

compare
size

describe
color

gray

def answer_this_question(image):

object_1
object_2
answer =

= find(image,

'blue cylinder')

= compare(object_1, 'size')
describe(object_2, 'color')
return answer

27



Dynamic and Reusable Modules

What color is the thing with the same size as the blue cylinder?

fino.I blue > con'.lpare > describe gray
cylinder size color

find ball ->-> count four
Size

How many things are the same size as the ball?




Dynamic and Reusable Modules

What color is the thing with the same size as the blue cylinder?

find blue compare describe
cylinder size color

O O
5 O 6° um
O O

O O
g O g O four
O O

compare
find ball size count

How many things are the same size as the ball?

29



Endto-End Module Networks (N2NMN)

How manyotherthingsarethe samesizeastheball ?
|

30



Endto-End Module Networks (N2NMN)

How manyotherthingsarethe samesizeastheball ?
|




Endto-End Module Networks (N2NMN)

How manyotherthingsarethe samesizeastheball ?
|

find relocate
> four

same size




Endto-End Module Networks (N2NMN)

How manyotherthingsarethe samesizeastheball ?
]

find relocate
> four
J same size




Endto-End Module Networks (N2NMN)

How manyotherthingsarethe samesizeastheball ?
|

find relocate count
> > » four

same size
many




Endto-End Module Networks (N2NMN)

How manyotherthingsarethe samesizeastheball ?

" find | relocate count
r e * ¢ » four

same size How

many

Module Network




Endto-End Module Networks (N2NMN)

Question How manyotherthingsarethe samesizeastheball ?
RNN encoder

o] _— count
r e * ¢ = » four

same size ow

many

Module Network




Endto-End Module Networks (N2NMN)

Question How manyotherthingsarethe samesizeastheball ?
RNN encoder ]

v

decoder RNN Layout
with attention policy

| find relocate count
* * * » four
same size How
many
Module Network

find relocate count




Endto-End Module Networks (N2NMN)

Question
RNN encoder

v

decoder RNN
with attention

e elocats coun
r e * ¢ » four
same size ::::
> y
Module Network

How manyotherthingsarethe samesizeastheball ?
|

Layout

policy find relocate count

Network builder
I I

38



Endto-End Module Networks (N2NMN)

Layout policy:
what tasks to do

Neural modules
how to do them

Question

RNN encoder

v

decoder RNN
with attention

t

hi

S

There is a shiny object that is right of the gray metallic cylinder;

does it have the same size as the large rubber sphere?

Layout
policy

wor k,

find p| find p{ relocate p| filter P compare
Network builder
find
Jarge 1cnmpare
rubber size
gray right of shiny
metallic
cylinder

Module Network

w e whsid mal thahoa medoarhd s

> yes

39
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Overview of N2NMN

Layout policy what tasks to do

guestion->seq2seq RNN module layout

layout = [Find, Relocate, Count]

How many other things are of the
same size as the green matte ball?
|

I

I

|

| Question encoder (RNN) |
I

v |
I

I

I

I

I

|

[ Question features )

: v

Layout prediction
(reverse Polish notation) :
_ How many other things are of the >
" same size as the green matte ball?
~ T
"l find()

» How many other things are of the
same size as the green matte ball?

[ Layout policy (RNN) |

I
I
I
I
I
:I relocate( ) | -L

> : o |

Question attentions |

I

I

Network builder

Neural moduleshow to do them

layout->dynamic networks> answer

answer =

relocate Module

e the same size as tH network

X

find

Image encoder (CNN)

e green matte ball 7

v

;/’ -

Image features




Layout Policy: Questier Dynamic Networks

fiHow many other thingare of thesame sizas the
green matte bal o

l Translatequestions to layout tokens (similar to machine translation)

layout = [find , relocate , count ]

assemble dynaminetworks
Textual Attentionn seg2seq RNNs

count (relocate (find ())) wat 7 7
mlocate[l] | . A
count{2] . =
Module IayOUt Find HReIocate H Count I — N N N VSN (N TN TN S N T_—
T > 5 ow ¥ oo 4 T ¥ @ g ¥ c B =
2 § &£ 8 " & £ E M £ 3 £ F
- 5 o b E

module networks




Module Networks

AModulescanbe addedas needed for a given problem

are of thesame sizas the

count (relocate (find ()))

AHow many other things

green matte ball 6

E——{ Relocate H Count

module networks

Module name Att-inputs | Features | Output | Implementation details

find (none) Tviss Ttat att Aout = conva (convi (Tyis) © Wizt)

relocate a Tviss Ttat att Aout = conva (convi (Zyis) © Wisum(a © Tuvis) © Wakiat)

and ai,as (none) att Aoyt = minimum(as, az)

or ai,as (none) att Aoyt = maximum(as, az)

filter a Tvis> Ttat att oyt = and(a, £ind[Tyis, Ttat]()), i.e. reusing £ind and and

[exist, count] a (none) ans Yy = WTvec(a)

describe a Tis, Ttat ans y = Wi (Wasum(a ® Tvis) © Wakiz)

[eg_count, more, less] ai, a2 (none) ans y = Wi vec(ar) + W5 vec(az)

compare ai, as Tois, Ttwt ans y =W (Wasum(a1 © Zyis) © Wasum(az ® Tuis) © Wakier)
AModulesare dynamicallyassemblednto networkson-the-fly

X B

G %; 0]
© O
@)

% &

5B F
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Learning from Expert Layouts

is the material of the
yellow block the same as
the yellow cylinder?

module 0: Find
yellow cylinder

module 2: Compare
material F no

module 1: Find
yellow block

Stage 1train the model to predict the grounttuth (gold) layout with
supervised learninfpehaviorakcloningfrom expertlayouts)

Is the material of the yellow block same as the yellow cylinder?

¥

layout policy
(seq2seq RNN)

Expert(gold)layoutfrom

‘_ _ A datasetannotationsor
Expert (Gold) Layout: [Find, Find, Compare] A syntacticparsing

43



Endto-End Layout Search with Policy Gradients

is the material of the

yellow block the same as dule 0: Find
the yellow cylinder? moduie 4 Fin
yellow cylinder
module 2: Compare (
material L no
module 1: Find
yellow block groundtruth I ya 6 SNl a

Stage 2sample multiplecandidatelayouts from the layout policy, and
optimize withpolicy gradien{REINFORCE)

Find predictiony ay 2 ¢
Sampled Layout 1: [Find, Find, Compare] — Compare QA loss = 0.05

. . _ , prediction:& & S & ¢
» Sampled Layout 2:[Find, Describe] Find === Describe QA loss = 1.72

H Transform H Describe g/ic:lOCStISOZYOOg )/ 2¢

Sampled Layout 3:[Find, Transform, Describe] Find

X

44



Qualitative results on the CLEVR dataset
(synthetic Images)

yes

'
filter[3] !

#y
CERR 2 .

| findre] |

find[1] |

Does the blue cylinder have
the same material as the big
block on the right side of the
red metallic thing?

find[0]
find[1]
relocate[2]
filter{ 3]
compare[4]

textual attentionfor each module

T ! I JTJTTrIrmT T T T
"1111111.11111111111111“
w e @ 53w R P OX gU LAWY LT
v 5 O . = £ B = B
85322555 £ 0 8 £ o [ Gll_'mg
= R A = = £
& 2 z

45



Qualitative results on the CLEVR dataset
(synthetic images)

question: do the small cylinder that is in front of the small green thing and the object right of the green cylinder have the same material?
ground-truth answer: no
image layout find[0] relocate(1] filter([2] find[3] relocate (4] compare[5]

K ( *
Stagel L ‘
( . -
cloneexpert o ~ 4 . - "yes"
d ))) .
(gold)layout ‘
layout find[0] relocate[1] filter([2] find[3] relocate[4] filter[5] compare[6]
¥ |
Stage? Y ) ‘ a
i 1)), . - " "
endto-end ¢ ~9 . no
( - 4
layoutsearch 3100 ‘
________________ g0 FTTTTTTRT T ! teq) YT TTTTRT TR
relocate(1] }- . . relocate(l) |- = .
- fiterf2) | = - o fiter{2] |-
tctiigl before 2 pageied] - ; after 2 =
. training relocate(d] | B ' training relocate(d) |-
ancntlon mWr.ls) 111 ] el Bl BRI = 18 BT PR B R R WA Ll Rl : ‘RQ'{S‘ ™
stage 80-_,_,:.63._:ouz.,,.u,%_,,,.—». - stage comparel6] by , 4 44900 d g
Gi§g 2 5'_'zEﬁ §'§ . §§GE§ - 8 T‘;‘;n:‘c"bw%co CED c-goo.—."
: R L . B o L A FEARE S 3&132‘5%
' c z



Quantitative results on the CLEVR dataset
(synthetic images)

overall accuracy

30 40 50 60 70 80 90
CNN+Bow
CNN+LSTM 52.3
CNN+LSTM+MCE 51.4
CNN+LSTM+SA 68.5
NMN (expert layour)
N2NMN (ours) - cloning exper 78.9

N2NMN (ours) - poicy search from scratm
N2NMN (ours) - policy search after cloni 83.7

ASuperior performanceith endto-endtraining

a7



Qualitative results on the VQA dataset
(natural images)

What ison the
table?




Qualitative results on the VQA dataset
(natural images)

white
Wh a'l.: . ‘T\f ‘34,'\ ? b T == >
COIOI’ IS ,: . | desiibe I :
o » )00 F------
the plate” o~

49



Qualitative results on the VQA dataset
(natural images)

-
---------------- | LN
i

What is behind the foot of
the bed?




Quantitative results on the VQA dataset
(natural Iimages)

Accuracy
55 57 59 61 63 65 67
NMN (VGG) m

D-NMN (VGG) NANMNBR%
ours - cloning expert (VGG
e
ours - cloning expert (ResNef NI a2
ours - cloning + policy search (ResNJINNEEEEEEEEE

AWorks well on real images and questions

51



Summaryf N2NMN

ADiscretecompositionalitywith trainableand reusablemodules
AJointly train policywhat) and compositional modulesigw)
AA possiblewayto bridgeneural+ symbolic

Wh_at CO|_OI’ IS the def answer_this_question(image): ﬁ;ﬁ:;l: co:;::re di:gk:e
thing with the object_1 = find(image, 'blue cylinder') ’
same size as the» object_2 = compare(object_1, 'size') » O O O O
blue cylinder? answer = describe(object_2, 'color') O O
return answer O O O O

outputansweri gr ay o
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Fine-grained Textual
Explanations

Trevor Darrell
UC Berkeley

With Lisa Anne Hendricks, Zeynep Akata, Ronghang Hu,
BerntSchi el e, Marcus Rohr






Cardinal




It is aCardinal

What A o because itis a

type ‘ | red bird

of bird with ared beak
IS this? and ablack face




Explanations: Generating Natural Language Explanations of Visual Decisic

Explanations

This i1s awWhite Necked Raven
because it is a black bird with
white nape and a large beak.

Hendricks et al. Generating Visual Explanations. ECCV 2016.

Park,Hendricks et al. Multimodal Explanations: Justifying Decisions and Pointing to the Evidence. CVPR 2017.
Hendricks et al. Generating Counterfactual Explanations with Natural Language. ICML Workshops 2018.
Hendricks et al. Grounding Visual Explanations. ECCV 2018.



Fine-grained Explanations



Fine-grained Explanations

4 FinegrainedClassification Model A

Label:
Cardinal

s e D e = .
— - s > 2 ol s AN, L e
P - et - e P~

s = S S ——

e M e ey~ = o -
- T T - - R e~

< - - e R el o = 3

s -~ e - — e

Deep Model




Fine-grained Explanations

4 FinegrainedClassification Model m

Cardina

J




Fine-grained Explanations

This 1s aCardinal
] g 2 because this bird
@ has a red crown, ¢
short bill, and a

Cardina
) red breast.

FinegrainedClassification Model

Descriptions from: Reed et al. Learning deep representatidimegfainedvisual descriptions. CVPR 2016.



Fine-grained Explanations

This Is aCardinal
because this bird has
a red crown, a short
bill, and a red breast.




Fine-grained Explanations

This 1s aCardinal
because this bird has
a red crown, a short

bill, and a red breast.




What makes a good visual explanation?

o Visual

® tDescnptlon Explanation

c|l @

© O

>

[

]

Y

o Definiti

S erniuon

£ O

e | | .. . ) )
Class Relevance This Is aCardinal because thls bird

has a red crown, a short bill, and

red breast.



What makes a good visual explanation?

o Visual
@ |Description Explanation
&)
S| @ O
>
<@
)
Y
D
Q) Definition
V]
= O
o

| Class Relevance This is aCardinal because this is a

red bird with a black face and a re
beak.



Visual Explanation Model

-

~N

FinegrainedClassification Model

Cardina

J




Visual Explanation Model

-

~N

FinegrainedClassification Model

Cardina

J




Visual Explanation Model

-

FinegrainedClassification Model

~N

Cardina

J

Target sentence

This Is a red bird with
a black cheek patch.

Cross Entropy Loss

p(Wy|wp,!, C)
Cross
B 2(W2|W0:1’|’ C) Entropy
Loss
P(Wy|Wo:n-1:1: C) t




Visual Explanation Model

Discriminative Loss

4 )

FinegrainedClassification Model

Cardina
/
Cross Entropy Loss
Target sentence p(W; Wl C)
. - - D(W,Wo1.1, C) cross
This is a red bird with —f e ° Entropy

Loss

a black cheek patch. p(Wors11, C) X




Text Discriminator Model

...because this is a red
bird with a black face
and a red beak.

Cardinal




Visual Explanation Model

Discriminative Loss

Sampled Sentence:
This red bird has a red beak.

@ Text Discriminator Model

4 )

FinegrainedClassification Model

Cardina Reward
/
Cross Entropy Loss
Target sentence p(W; Wl C)
. - - D(W,Wo1.1, C) cross
This is a red bird with —f e ° Entropy

Loss

a black cheek patch. p(Wors11, C) X




Visual Explanation Model

Discriminative Loss

Sampled Sentence:
This red bird has a red beak.

Text Discriminator Model

Reward

-

FinegrainedClassification Model Backprop with h

REINFORCE [1]

Cardiné

Cross Entropy Loss

Target sentence D(W,|Wp,l, C)
7 _ _ oWy 1.1, C) Cross
This is a red bird with —f s Entropy
0SS
a black cheek patch. P11, C) '

[1] Williams, R.J.: Simple statistical gradiefiatilowing algorithms for
connectionist reinforcement learning. Machine Learning (1992)



This i1s aWhite Necked Raven...

Description because this bird is nearly all
black with a short pointy bill.




This i1s aWhite Necked Raven...

Description because this bird is nearly all
black with a short pointy bill.

Explanation because this is a black bird with
a white nape and a large black beak.




Evaluating Explanations

Choose the image which most closely matches the following text:

é this i1s a black bird with a white nap




Evaluating Explanations

Choose the image which most closely matches the following text:

é this i1s a black bird with a white nap




Which model is best for discriminating between images?

Higher Is better.
Descriptions - —

30 32 24 36 58

% Correctly Selected Image

60



Which of the following is the best explanation for why this bird is a White Necked Raven?

A) This is aWhite Necked Ravebecause this bird is nearly all black with a short pointy bi
B) This is awWhite Necked Ravebecause this is a black bird with a white nape and a larg
black beak.




Which of the following is the best explanation for why this bird is a White Necked Raven?

A) This is aWhite Necked Ravebecause this bird is nearly all black with a short pointy bi

B) This is awWhite Necked Ravebecause this is a black bird with a white nape and a larg
black beak.




Which of the following is the best explanation for why this bird is a White Necked Raven?

A) This is aWhite Necked Ravebecause this bird is nearly all black with a short pointy bi
B) This is awWhite Necked Ravebecause this is a black bird with a white nape and a larg
black beak.

Need bird
watchers!




Which explanations do bird watchers prefer?

Lower Is better.
Explanations -

T

2.7 2.8 2.9 3 3.1

Mean Rank

3.2



Visual
Explanation

Description

Definition

O

Image Relevance

Class Relevance




This Is amallard because this
IS a brown and white bird with
a green head and a yellow

beak.







This is amallard because this
IS a brown and white bird with
a green head and a yellow bill.




Thisis-amallard-becausethis
. | Lwhite bird-with
a-green-head-and-a-yelow-bill.
This is amallard because this

bird has a brown head, orange
feet, and a flat bill.



Intuition: Only output explanations which are
grounded In visual evidence.



This Is amallard because this
IS abrown and white birdwith
a green head andyallow bill.




This Is amallard because this
IS abrown and white birdwith
agreen headand ayellow bill.




This is amallard because this
IS abrown and white birdwith
agreen headand ayellow bill.

ACall dAbrown and white birdo, @Agreen
A Extract attributes with a noun phrag®inker



Grounding

Model
Query. A brightly

colored umbrella.

Model from:
Hu et al. Modeling Relationships in Referential Expressions with Compositional Modular NetwoviaR 2017.



Grounding

Model
Query. A brightly

colored umbrella.

Model from:

Hu et al. Modeling Relationships in Referential Expressions with Compositional Modular NetwoviaR 2017.
Trained with Visual Genome:

Krishna et al.Visual Genome: Connecting Language and Vision Using Crowdsourced Dense Image Annotations
IJCV 2016.




Explanation Sampler

-

FinegrainedClassification Model

Mallard
/




EXplanati()n Sampler This is a mallard because this is a

brown and white bird with a green
head and a yellow bill.

-

FinegrainedClassification Model

—l

This iIs a mallard because this bird ha

a brown head, orange feet, and a flat
bill.

Mallard
/




EXplana’[i()n Sampler This is a mallard because this is a

brown and white bird with a green
head and a yellow bill.

-

FinegrainedClassification Model

—l

This iIs a mallard because this bird ha

a brown head, orange feet, and a flat
bill.

Mallard
/

Generally score sentences basedsefftence fluency

% I T0Q0 @ 4 h@



EXplana’[i()n Sampler This is a mallard because this is a

brown and white bird with a green
head and a yellow bill.

-

FinegrainedClassification Model

—l

This Is a mallard because this bird ha
a brown head, orange feet, and a flat
Mallard

Y, bill.

Baseline

Generally score sentences basedsefftence fluency

% I T0Q0 @ 4 h@



EXplanati()n Sampler This is a mallard because this is a

brown and white bird with a green
head and a yellow bill.

FinegrainedClassification Model

—l

This iIs a mallard because this bird ha

a brown head, orange feet, and a flat
bill.

Mallard
/

Can we score sentences on visual grounding instead?



This Is amallard because this bird has ¢
brown headorange feetand &lat bill.

Score fobrown head1.9
Score fororange feet2.1
Score forflat bill: 1.1

Average score higl




? This 1s amallard because this islarown
and white birdvith agreen heaand a
yellow bill.

Score forbrown and white bird2.2
Score forgreen head0.2
Score foryellow beak1.2

Average score | ow




Explanation Sampler This i1s a mallard because this is a

brown and white bird with a green

head and a yellow bill.

This i1s a mallard because this bird ha
Mallard a brown head, orange feet, and a flat

/ bill.

-

FinegrainedClassification Model

Score sampled sentences with visual grounding model.

A is set of p Grounding score
attributes in — Y o Ol € 0 ¢ Q' Qe @YW éor‘lattrioy tein

explanation iD 5 . image.




Explanation Sampler This i1s a mallard because this is a

brown and white bird with a green

head and a yellow bill.

This i1s a mallard because this bird ha
Mallard a brown head, orange feet, and a flat

/ bill.

-

FinegrainedClassification Model

Average grounding

Score sampled sentences with visual grounding model.

A is set of p Grounding score
attributes in — Y o Ol € 0 ¢ Q' Qe @YW éor‘lattrioy tein
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Thisis aEared Grebebecause ¢é.

Baseline Average Grounding

this is a black bird ét hi ladk bird a
with a long neck and with awhite eyeand a

red eyes. red eye



.| This bird has a brown head, orang
feet, and a flat bill.

Brown head (score: 1.2)
Flat bill (score: 0.8)
(score: 0.9)




,| This bird has a brown head, orange
feet, and a flat bill.

Grounding Model Phrase Ciritic
Score: 2.0¢
Brown head  (score: 1.2) *M
Flat bill (score: 0.8)
(score: 0.9) - -_ -
IBrown headl Flat bill Orange fee}
S: 1.2 S: 0.8 S: 0.9




Positive sentencerhis bird has a

brown head, orange feet, and a flat b

—>»
i

Negative sentencé&his bird has a

—>

brown head, black feet, and a flat billl

Grounding
Model

Grounding
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Phrase
Critic

Phrase
Critic

Score:

2.05

Score
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Positive sentencerhis bird has a

brown head, orange feet, and a flat b

—>»
i

Negative sentencé&his bird has a

—>

brown head, black feet, and a flat billl

Grounding
Model

Grounding
Model

Ranking Loss

Phrase Score:
Critic 2.05
Phrase Score:
Critic 1.02




Positive Sentence: This bird has a brown head, orange feet and a f




Positive Sentence: This bird has a brown heaw)gefeet and a flat
bill.




Positive Sentence: This bird has a brown heaw)gefeet and a flat
bill.
Negative Sentence: This bird has a brown hbkdk feet and a flat bill




EXpIanatiOn Sampler This i1s a mallard because this is a

brown and white bird with a green
head and a yellow bill.

—l

This is a mallard because this bird ha
Mallard a brown head, orange feet, and a flat

% bill.

/Finegrained:lassification Model

Score sampled sentences with phrase critic.
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Extracted noun phrase from explanation: brown and white bird, green head, yellow bill.




Does this bird have green hea@




Does this bird have green hea@ €




Are grounded explanations more image relevant?

Baseline _ _
Higher Is better.

Average
Grounding

|

Phrase
Critic

45 50 55 60 65 70
% Sentences with Correct Noun Phrases



This is aEared Grebebecause é.

Baseline

this is a black bird
with a long neck
and red eyes

Average grounding
this is ablack bird
with awhite eye
and ared eye

Phrase critic

this bird has &ng
neck andbright
orange eyes



This is aEvening Grosbeakb e c aus e ¢é.

Baseline Average grounding Phrase critic

this is a yellow bird this is awhite bird this Is Is asmal

with a black and with abrown and  brown bird with a
white wing and a black wingand a  white and black wing

yellow beak. yellow beak and ayellow beak



It is aCardinal

What A o because itis a

type ‘ | red bird

of bird with ared beak
IS this? and ablack face




Why

i s not&

Scarlet
Tanager?
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Pipeline: Why 1 snot this




Pipeline: Why 1 snot this

Predict evidence for Scarlet Tanager:

This is ared birdwith black wings
Thisred birdhas goointy beakandblack eyes




Pipeline: Why 1 snot this

Predict evidence for Scarlet Tanager:

This is ared birdwith black wings
Thisred birdhas goointy beakandblack eyes

s Red bird: grounded
| Pointy beak: grounded
B Black wings: Not grounded!




Pipeline: Why 1 snot this

Predict evidence for Scarlet Tanager:

This is ared birdwith black wings
Thisred birdhas goointy beakandblack eyes

- Pointy beak: grounded
é
Black wings: Not grounded!

S et

= - o=

Construct sentence:
This Is not eScarlet Tanagebecause it does not habkack wings



Why is this aBlue
Winged Warblerand
not aCommon
Yellowthroaf?

Blue Wined Warbler Common Yellowthroat

Explanation: Thiss aBlue Winged Warblebecause this is a yellow
bird with a black wing and a black pointy beak.

This Is not &Common Yellowthroabecause it does not have a black
face.



Are Explanations Helpful to Humans?



Are Explanations Helpful to Humans?

you think you would accept the Als prediction?

1 Accept prediction
Do not accept prediction




Are Explanations Helpful to Humans?

The Al Iswrong;

you should not
accept the
prediction.

The Al justified its prediction with the following evidence: this is a brown and black spotted bird with a white belly. Do
you think you would accept the Als prediction?

1 Accept prediction
Do not accept prediction




Are Explanations Helpful to Humans?

The Al justified its prediction with the following evidence: this is a small orange bird with a black wing and a small black
beak. Do you think you would accept the Als prediction?

* ) Accept prediction
" Do not accept prediction




Are Explanations Helpful to Humans?

The Al iscorrect
you shouldaccept
the prediction.

The Al justified its prediction with the following evidence: this is a small orange bird with a black wing and a small black
beak. Do you think you would accept the Als prediction?

) Accept prediction
~ Do not accept prediction




Are Explanations Helpful to Humans?

NoO
explanation

Explanation

45 o0 95 60 65

Correctly Accepted/Rejected Decision



Are Explanations Helpful to Humans?

NoO
explanation

Explanation

45
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95 60 65

Correctly Accepted/Rejected Decision



Are Explanations Helpful to Humans?

No
explanation

5 50 55 60 65

Correctly Accepted/Rejected Decision



What makes a good visual explanation?

o Visual
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What makes a good visual explanation?

.y Visual
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What makes a good visual explanation?

o Visual
g Description Explanation
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Jinkyu Kim, Anna Rohrbach,
Trevor Darrell, John Canny,
and Zeynep Akata

; . UC Berkeley
Image credit: Berkeley Deep Drive Image credit: H. Miller, 1957 University of Amsterdam



Needintrospectiveor debuggabledriving model:
OELX I yIGdA2ya | NB

Today Task
* = Why did you do that?
1 Decision of = Why not something else?
Training Machl_ne Learned Recommendation * Whendo you succeed?
Data |l Learning [ Function - When do you fail?
Process * Whencan | trust you?
- How dol corect an efror?
User
XAl Task
x + | understand why
MNew = + | understand why not
Training | | Machine | | Explainable | Explanation g « | know when you succeed
Data Learning Model Interface %? * I know when you fail
Process - * | knowwhen to trust you
+ | know why you emed

User

[DARPA-BAA-16-53, 2017]

ANRdzy RSR Ay (KS

Why?

1) Requires a very high leveltaist.
2) Users should be able &mticipate
what the vehicle will do.

3) Effective humamachine
communication.
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Phase 1

Phase 2

P

>

P
) aan

W Interpretable Learning for Seldiriving Cars by
Visualizing Causal Attention
Jinkyu Kim and John Canny, ICCV 2017.

W Textual Explanations for Setfriving Vehicles
Jinkyu Kim, Anna Rohrbach, Trevor Darrell, John Canny, and Zeynep Akata, ECCV 2018.

W Internalizing Humarto-Vehicle Advice for Seffiriving
Vehicles

Jinkyu Kim, Teruhisa Misu;Mng Chen, Ashish Tawari, and John Ca@wRPR 2019

W Advisable Learning for Setfriving Vehicles

Jinkyu Kim, Anna Rohrbach, Dequan Wang, Trevor Darrell, and John Qaaheryreview
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output (i.e., steering)

1. Encoder : Convolutional Feature Extraction

A

2. Coarse-Grained Decoder. Visual Attention
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Preprocessing fmap
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Input images Attention heat map
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Clustering analysis
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Visual Saliency detection A
and causality check '0'

3. Fine-Grained Decoder

Output
steering angle

[Kim and Canny, | C ClV]6
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Finegrained decoder to remove spurious attention blobs and to
find causal local visual blobs

A Input raw pixels 7, C  Attention map M, with pa

A

Masking out cluster

® G visual Saliency

9

rtic]e§ 7 E Particles of cluster ()
e s :

Particles of cluster (5) Masking out cluster ) H Visual Saliency
o 4o 200 .
e e o* #3%% g
‘:o..!$ o Po0 o8

[Kim and Canny, | C ClV]6



Regularization

Attention maps over time (from left to right)

Input
image
Attention
map M,
(A=20)
+20s -0.36 +25s -0.07 | +30s -1.54 | +35s -1.42
Attention '
map M,
(A=10)
212 | +10s +3.60 | +15s -0.94 | +20s +0.08 | +25s -0.26 | +30s -1.30 +35s -0.03
Attention ¢
map M,
(A= 0)
+0s 020 | +5s -4.06 | +10s 263 | +15s -1.04 | +20s -1.06 | +25s -1.16 | +30s -1.33 | +35s -0.37
Time MAE Human driver's demonstration med)_s
elapsed Prediction by our model 0 7 6X10

[Kim and Canny, | C ClV]6



Control accuracy isot
degradedby
Incorporation of
attention compared to
an identical base CNN
without attention.

Dataset

Model

MAE in degree [SD]

Training Testing
CNN+FCN 42110.82] 2.54 [3.19]
CNN+LSTM 488[129] 2.58 [3.44]
Comma.ai Attention (A=0) 497 [1.32] 2.52[3.25]
Attention (A=10) 464 [1.29] 2.56 [3.51]
Attention (A=20) 463 [1.24] 2.44 [3.20]
CNN+FCN 246 [.400]  1.27 [1.57]
CNN+LSTM 568 [.977] 1.57 [2.27]
HCE Attention (A\=0) 334 [.766] 1.18 [1.66]
Attention (A=10) 358 [.728] 1.25[1.79]
Attention (A=20) 373 [.724] 1.20 [1.66]
CNN+FCN 457[.870] 4.12 [4.83]
CNN+LSTM 481 [1.24] 4.15 [4.93]
Udacity Attention (A=0) 491 [1.20] 4.15 [4.93]
Attention (A=10) 489 [1.19]  4.17 [4.96]
Attention (A=20) 489 [1.26] 4.19 [4.93]

[Kim and Canny, | C ClV]6



Attention map Our refined Attention map Our refined
Input image with spurious blobs attention map Input image with spurious blobs attention map

W Raw input image

W Visual attention heatmaps

with spurious attention !! I ““ .

sources —
W Attention heat maps by s '

filtering out spurious

blobs

[Kim and Canny, | C ClV]6



> |
Because there is a red

curb,
lich indicates no parki

[Kim, Rohrbach, Darrell,
Canny, Akata, E C C ¥8p



[Kim, Rohrbach, Darrell,
Canny, Akata, E C C ¥8)



