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Innovation in EU key projects with civil engineering partners
&) ROMEO " Our Objectives

IBM Research develop ML ‘

mOdel.S to detect and prediCt The objective is to develop a platform for the analysis and m nagement of the data obtained from the offshore
Wlnd TU rbine Component - wind power generation wind farms during their operation and Uge these data to optimise the O&M in wind farms

failures based on arich set

of historic data provided by - T
partners and design a ' ¥ i - ‘
reference Cloud - R

ELIABILITY [HIFEE I o&M REDUZ&TION IN FOUNDATION COSTS

implementation of the end- V| N RS T e b
to-end data ﬂ.OW — : Increase wind farm reliability Reduce the 0aMBosts

Reduce the WT O&M costs

and decrease the number of associated to foundation

Increase the life time of key
through the reduction of the

WWW. romeoprOj ect.eu 2 | ! . : TS deeino o donTtne turbine components through reduction in jacket

resources required for annual substructures inspections

inspections of the turbine

IM-SAFE IM-SAFE envisions a new and harmonised
European standard for monitoring, maintenance
and safety of transport infrastructure in a
standardised digitalisation approach.

IBM Research defines the digitalization avenue for
future of civil infrastructures monitoring and
inspection, leveraging Al, cloud, and automation

https://im-safe-project.eu
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40% of bridges, roads $50 Billion and 2 Billion man-hours
and tunnels are beyond  /k spent on manual inspection of
their useful life v bridges i

Bridges and Tunnels are ¢
move and change constar

FAn e

B
e

One failure can shutdown critical arteries—-
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Inspections in the past.....
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Inspections today
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Drone/Robots visual inspection pipeline for civil infrastructures

Visual inspection pipeline

=S Moty 153

High-quality data
acquisition

High-resolution detection Defect

Photo stiching of defects measuring
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Drone/Robots visual inspection pipeline for civil infrastructures

Automated acquisition of thousands high-resolution
images with repeatable drones and robots missions
'-z =——\ - = =

Visual inspection pipeline

s03 } _ P
2% e b Hq |

High-resolution detection Defect

Photo stiching of defects measuring
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Drone/Robots visual inspection pipeline for civil infrastructures

Automated acquisition of thousands high-resolution
. . . . . images with repeatable drones and robots missions
Visual inspection pipeline e

- Y : s
=20 2 4l R [

High-resolution detection Defect

Photo stiching of defects measuring

Automated 2D rendering of large elements
(pillars, towers, etc.) and defects disambiguation
and localization in global coordinate system
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Drone/Robots visual inspection pipeline for civil infrastructures

Automated acquisition of thousands high-resolution
. . . . . images with repeatable drones and robots missions
Visual inspection pipeline ; —— e —

=S Mty FQ

H|gh-qufal.|t.y data Photo stiching High-resolution detection Defecf[
acquisition of defects measuring
Automated 2D rendering of large elements Deep learning based computer
(pillars, towers, etc.) and defects disambiguation vision methods to detect tiny and

and localization in global coordinate system rare defects on each high-res image




Drone/Robots visual inspection pipeline for civil infrastructures

Automated acquisition of thousands high-resolution
. . . R images with repeatable drones and robots missions
Visual inspection pipeline T

=9y Mty FQ

High-qufal.it.y data Photo stiching High-resolution detection Defecf[
acquisition of defects measuring
Automated 2D rendering of large elements Deep learning based computer Future: explainable
(pillars, towers, etc.) and defects disambiguation vision methods to detect tiny and suggestions for

and localization in global coordinate system rare defects on each high-res image maintenance decisions

Max 13.00
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The Storebaelt Link
Total length: 17.5 km

West Bridge

1 rail and

1 road bridge

Total length: 6’611m
Construction period: 1989-1994

East Bridge

Total length: 6’790m
Construction period: 1991-1998
Suspension bridge: 2’700 m
Main span 1’624 m

Two side spans of 535 m
Navigation clearance is 65 m
Height of pylons: 254 m
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June 2021 Inspection

Latest drone technology
Matrix DJI 300 RTK
GSD calibration
22 pillars inspected
Images generated
High quality/high resolution
> 23k
~200GB
Each image > 6k x 4k pixels (10 MB)
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Manual annotations and model inference

Mask R-CNN [He et al. 2017]

* Defect annotation guidelines * Training of Mask R-CNN

* Expert manual annotations * Detectron2 implementation

* Testset * Customized with pyramid and
* Train set tiling

Hypult
I!Ehjil
. . ()
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Manual annotations and model inference

(CRACK 279 (MANUAL)*=

* Defect annotation guidelines
* Expert manual annotations

* Testset

* Train set
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Mask R-CNN [He et al. 2017]

f

Output: instance
segmentation masks
6 types of defects
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One Click Learning — IBM Research Platform

A scalable, cloud based platform to:

Backbone Network

input mage
aGR.H W || 1

Feature Pyramid Network

256 channels each

FPN

Empower
Engineers

everyday

and

Infrastructure
Managers to use
pretrained Al
models for

inspections

Detect and
caracterize
damage size and
measure other
important
attributes

18 | © 2022 - IBM Corporation Copyright

Reconstruct
infrastructure
elements and
locate damages in
scene with
automated image
stitching

Defect count

WS Crack with precipitation WSS Crack (net-crack))
—— Algae Rust NSNS Crack
N Spalling

¢

© Crack (net-crack) (6)

® i@ (D:#105909)

81,328
Defect area (pixels)

0.42980
Defect area (m2)

Change severity:

Level O
<&

Level 1
4
Level 2

$ Unset

Select severity /\

RERERS

Powerful data
exploration of
large datasets and
large images with
corresponding
detected damage

Extraction and
aggregation of
analysis results













Automated stitching algorithm

COS enables smooth
navigation of large
images by streaming
multi-resolution
pyramid of tiles on
demand

vA /_m O projective
translation

i O [
R
Euclidean Au:e

STEP 1

STEP 25
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Defect segmentation and characterization

Images Defects

@ shovan & = ¥

@ Crack (8) v

@ Spalling (1) 7

@ @ (ID:#359268) =

75,293
Defect area (pixels)

0.40159 0.80
Defect area (m2) Prediction score

Change severity:

Select Severity v

fitlig

(|1
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Al aiding in maintenance decisions

>

Structural
engineer
Defects Maintenance
detection decision

241 © 2022 - IBM Corporation Copyright

Maintenance decisions are
taken by engineers based on
sequential virtual inspections
of structure
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Al taking maintenance decisions

Maintenance decisions are
taken by engineers based on
sequential virtual inspections
of structure

How about automating also
inspection and maintenance
decision-making?

\ /
-l
M B
Machine Learning Structural
Model engineer
Automated Takes final decision
maintenance based on suggestion
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Trusted Al decisions

Maintenance decisions are
taken by engineers based on

ML prediction and decisions sequential virtual inspections

need to be explainable of structure

so that domain experts know

whether they are trustworthy How about automating also
inspection and maintenance

decision-making?

\ /
-l
——)>  — (D
Machine Learning Structural
Model engineer
Automated Takes final decision
maintenance based on suggestion
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Trusted Al decisions

Maintenance decisions are
taken by engineers based on

ML prediction and decisions sequential virtual inspections

need to be explainable Explai nable Al of structure

so that domain experts know

whether they are trustworthy (XAI) How about automating also
inspection and maintenance

decision-making?

Cib
Machine Learning Structural
Model engineer
Automated Takes final decision
maintenance based on suggestion

27 | © 2022 - IBM Corporation Copyright (used as suggestions)



Trusted Al decisions

www.ibm.biz/trusted-ai Q

Jo

Overview

< Teams

I
Trusted Al

{ Al Testing Adversarial Robustness and
Privacy
Our trust in technology relies on understanding how it works. We need to I
understand why AI makes the decisions it does. We're developing tools to make Al .
more explainable, fair, robust, private, and transparent.
Explainable AL Fairness, Accountability,
Transparency
%
| Trustworthy Generation Uncertainty Quantification
Explore our teams
= - J ”
- En . L

—>
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Trusted Al decisions

www.ibm.biz/trusted-ai Q 8

Overview =

< Teams I

Trusted Al

Our trust in technology relies on understanding how it works. We need to I
understand why AI makes the decisions it does. We're developing tools to make Al
more explainable, fair, robust, private, and transparent.

| Al Testing

Explainable AI

yols to help Al systems
made the decisions

Trustworthy Generation

Explore our teams

Adversarial Robustness and
Privacy

Fairness, Accountability,
Transparency

Uncertainty Quantification
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Al Explainability: Challenges of model interpretability

Interpretable “white box models” “Black box models”
* e.g. Deep neural networks
* e.g.decision trees, linear regression * Very expressive and accurate
* Inherently interpretable: decisions based * BUT opaque and uninterpretable

on human-understandable categories
(concepts) grounded in domain expertise
* BUT limited expressivity and accuracy

Smoker

Drinker
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Failures of Black Box Explainability

Post-hoc explainability (e.g. Grad-CAM “heatmaps”)

* Operate on low-level features (e.g. pixel values), combined unintelligibly
— not human understandable concepts

* Explanations not guaranteed to be faithful explanations
(i.e. decisions not causally linked to explanations)

v

(a) Original Image (b) Grad-CAM (c) CNN-fixation (d) Eigen-CAM
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Failures of Black Box Explainability

Post-hoc explainability (e.g. Grad-CAM “heatmaps”)
* Operate on low-level features (e.g. pixel values), combined unintelligibly

— not human understandable concepts

* Explanations not guaranteed to be faithful explanations
(i.e. decisions not causally linked to explanations)

Attention mechanism

* Attention weights offer intuitive
“explanations” of predictions

* However, “Attention is not explanation”,
l.e. it is not a “fail-safe indicator”
[Serrano & Smith, 2019],
especially in neural networks

32| © 2022 - IBM Corporation Copyright
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Original: reggio falls victim to relying on the very digital technology that he fervently scorns creating
a meandering inarticulate and ultimately disappointing film

Adversarial: reggio falls victim to relying on the very digital technology that he fervently scorns
creating a meandering inarticulate and ultimately disappointing film Ay: 0.005

Sentiment recognition model on adversarial example:
attention is allocated to a token ("that")

- not a good explanation for the sentence being classified as
negative [Jain & Wallace, 2019]



Al Explainability

Desiderata

* Flexibility: explanations for arbitrary deep learning model

* Plausibility: explanations grounded in domain at hand and
convincing to domain experts

* Faithfulness: explanation should reflect the decision of the model,
guaranteed to actually explain the model’s operation

33| © 2022 - IBM Corporation Copyright



Attention-based interpretability with ConceptTransformers

@ c ) classification
’@ gl 2 — [13&3] - —> o outputs
_,.[:]_, SE) _,. i ——p § _,,.
< = Z
A - —)@—P —». e ——
input image patch logits —
embeddings
concept
embeddings

* Transformer-based drop-in replacement module as classier head
* Classifier output depends on pre-determined domain-relevant concepts
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Attention-based interpretability with ConceptTransformers

 — o
@ c ) classification
@ ’ 38 — [13&3] - —> o outputs
_,.[:]_, BE) _,. i ——p E) _,,.

- 2 = Z

B By . _»@_» _’. P —
input image patch logits —
embeddings
concept
embeddings

1) Vision backbone + tokenizer: standard vision backbone like ResNet50 feature
extractor, followed by a “tokenizer” into patches, or ViT

2) Cross-Attention between patches and concepts: cross-attention layer
computes attention weights from image patches onto concepts

35| © 2022 - IBM Corporation Copyright



Attention-based interpretability with ConceptTransformers

2) Cross-Attention between patches and concepts: cross-attention layer
computes attention weights from image patches onto concepts

Cross-attention
* Concepts are determined a priori based on

patch embeddings gttention map domain knowledge

* Patch trained to distribute attention
weights on available concepts
consistently with domain knowledge

* Final decision based on the attention
contributions of available concepts

concept embeddings

¥
.m‘4§

— explanations are
PLAUSIBLE by construction
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ConceptTransformers: interpretability by design

* The attention weights computed by ConceptTransformer are
concept-based explanations that are faithful by design

@ c ) classification . L. . .
—Q}— w S —[1@E - — o outputs Outputs: Probability of class i given input image x:
—Q~ § § —=TEE - —> g —DBE - | Pr(ilx) = softmax; (L5 fe 7(x)) (Equation 2)

Z = 2
—{QF—| . O3 —
logits
concept

_| embeddings

[T 1 1]
Y [ |

37| © 2022 - IBM Corporation Copyright



ConceptTransformers: interpretability by design

* The attention weights computed by ConceptTransformer are
concept-based explanations that are faithful by design

concept
| embeddings

38| © 2022 - IBM Corporation Copyright
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c ) classification

—’@—‘ 0 .g — [1J3] - — o outputs

_>@_. 8@ — >IR3 - — EJ — T3 -
% = =

Outputs: Probability of class i given input image x:
Pr(ilx) = softmax; (251 fc 7e(x)) (Equation 2)

e with (5c)i = [VO]a vectors of weights that are fixed after training,

P

® where a,. is attention weight from patch p to concept ¢

1
Qpe = softmax ol ol
o ( V d'-'n Q )

pc



ConceptTransformers: interpretability by design

* The attention weights computed by ConceptTransformer are
concept-based explanations that are faithful by design

@ c ) classification . L. . .
—Q}— w S —[1@E - — o outputs Outputs: Probability of class i given input image x:
—Q~ § § —=TEE - —> g —DBE - | Pr(ilx) = softmax; (L5 fe 7(x)) (Equation 2)
5 = z
—{Q}— ——- 133 - —> e with (3:)i = [VO]s vectors of weights that are fixed after training,

logits p

® where a, is attention weight from patch p to concept ¢

|
ape = softmax (\/iﬂ Q KT)

concept
embeddings

pc

Proposition 1 Each concept relevance score v.(x) in Equation 2 is a faithful explanation of the

output. More specifically, the probability of choosing the preferred output i = argmax,(/3.); — Decreasing Te (X ),

of concept ¢ (assuming it's unique) is guaranteed to decrease if ~.(x) is externally set to zero. changes the prob
s : : P gl e, ST S 2] [ e ik ey, B Tt . . .

Moreover, the correlation between ~.(x) and Pr(i¢|z) is strictly positive. of a decision in a

predictable way
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ConceptTransformers: MNIST even/odd toy example

* Task: Classify MNIST images of digits as even or odd (binary task)
* Explanatory concepts: Digit from ‘0’ to ‘9’
* Architecture: CT with only one patch (since it’s not a spatial task)

rediction: odd (correct
Precict { ) ground-truth explanation

012 3458672829

9

“it’s odd because it’s a ‘7

40| © 2022 - IBM Corporation Copyright



ConceptTransformers: MNIST even/odd toy example

* Task: Classify MNIST images of digits as even or odd (binary task)
* Explanatory concepts: Digit from ‘0’ to ‘9’

* Architecture: CT with only one patch (since it’s not a spatial task)

rediction: odd (correct
Precict { ) ground-truth explanation

012 3458672829

concept attention scores

0123 45¢672829

“it’s odd because it'sa ‘7"
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ConceptTransformers: MNIST even/odd toy example

* Task: Classify MNIST images of digits as even or odd (binary task)
* Explanatory concepts: Digit from ‘0’ to ‘9’

* Architecture: CT with only one patch (since it’s not a spatial task)

prediction: odd (correct)

ground-truth explanation prediction:fodd (wrong))

012 3458672829

concept attention scores

0123 45¢672829

“It’s odd because it’sa ‘7"” What is the reason for the mistake?

42| © 2022 - IBM Corporation Copyright



ConceptTransformers: MNIST even/odd toy example

* Task: Classify MNIST images of digits as even or odd (binary task)

* Explanatory concepts: Digit from ‘0’ to ‘9’

* Architecture: CT with only one patch (since it’s not a spatial task)

rediction: odd (correct
Precict { ) ground-truth explanation

012 3458672829

concept attention scores

0123 45¢672829

“it’s odd because it’'s a ‘7"

43| © 2022 - IBM Corporation Copyright

prediction:lodd gwrong”

ground-truth explanation

012 3 4567829

concept attention scores

0123 456 7189

What is the reason for the mistake?

Faithfulness in practice: mistakes
can be inspected and understood



ConceptTransformers: MNIST even/odd toy example

* Task: Classify MNIST images of digits as even or odd (binary task)
* Explanatory concepts: Digit from ‘0’ to ‘9’
* Architecture: CT with only one patch (since it’s not a spatial task)

0.975 - fv‘ * Training with
0.950 - f' concept-based

explanation is more

>
© 0.925
©  § . . .
3 0900 ¢ without explanations training efficient
2 0875 with explanations * - higher
w 5 e
Q) .
" e performance with
1_ less data
08254 &
0.800 4—

T T T T T T T T T T T T T T T T
100 200 300 400 500 600 700 800 900 1000200030004000500060007000

N training samples
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ConceptTransformers on CUB-200-2011 Birds Classification task

* Task: Classify Bird among 200 species
* Explanatory concepts: Anatomical parts and corresponding attributes
* Architecture: VisionTransformer with CT classification head

% - @t

4 ;
-’

Prediction: Black_footed_Albatross (correcf) Prediction: Groove_billed_Ani (correct) Prediction: Indigo_Bunting (correct) Prediction: Black_billed Cuckoo (correct)
Spatial explanations: Spatial explanations: Spatial explanations: Spatial explanations:
- has_eye_color::black - has_eye color::black - has_breast_pattern::solid - has eye color::black
Global explanations: - has_forehead color::black - has_eye color::black - has forehead color::brown
- has_primary color::brown - has_leg color::grey - has_forehead color: :blue - has leg color::grey
- has leg color::black - has belly pattern::solid - has leg color::black
Global explanations: - has leg color::black Global explanations:
- has_primary color::black Global explanations: - has primary color::brown
- has size::small (5 - 9 in) - has primary color::blue - has size::small (5 - 9 in)

45| © 2022 - IBM Corporation Copyright



ConceptTransformers on CUB-200-2011 Birds Classification task

* Task: Classify Bird among 200 species
* Explanatory concepts: Anatomical parts and corresponding attributes
* Architecture: VisionTransformer with CT classification head

Training Accuracy [%]

Multi-stage  Part R-CNN: 76.4 PS-CNN: 76.2 PN-CNN: 854 SPDA-CNN: 85.1
PA-CNN: 82.8 MG-CNN: 83.0 2-level attn.: 77.9 FCAN: 82.0
Neural const.: 81.0 ProtoPNet: 84.8

End-to-end B-CNN: 85.1 CAM: 70.5 DeepLAC: 80.3 ST-CNN: 84.1

MA-CNN: 86.5 RA-CNN: 853 CT [w/o]: 76.9+3 CT: 88.0+0.4

We obtain state-of-the-art classification performance on CUB-2011
(with a simpler training procedure than the second best)
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ConceptTransformers on CUB-200-2011 Birds Classification task

* Task: Classify Bird among 200 species
* Explanatory concepts: Anatomical parts and corresponding attributes

* Architecture: VisionTransformer with CT classification head

Published as a conference paper at ICLR 2022

ATTENTION-BASED INTERPRETABILITY WITH
CONCEPT TRANSFORMERS

Mattia Rigotti, Christoph Miksovic, Ioana Giurgiu, Thomas Gschwind & Paolo Scotton

IBM Research
Zurich, Switzerland
{mrg,cmi,igi, thg, psc}@zurich.ibm.com
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Drone/Robots visual inspection pipeline for civil infrastructures

Automated acquisition of thousands high-resolution
. . . . . images with repeatable drones and robots missions
Visual inspection pipeline E R

0S5 ol [ Q

High—qugl_it_y data e s e High-resolution detection Defec_t
acquisition of defects measuring
Automated 2D rendering of large elements Deep learning based computer Future: explainable
(pillars, towers, etc.) and defects disambiguation vision methods to detect tiny and suggestions for

and localization in global coordinate system rare defects on each high-res image maintenance decisions

Max 13.00
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Innovation in EU key projects with civil engineering partners
&) ROMEO " Our Objectives

IBM Research develop ML ‘

mOdel.S to detect and prediCt The objective is to develop a platform for the analysis and m nagement of the data obtained from the offshore
Wlnd TU rbine Component - wind power generation wind farms during their operation and Uge these data to optimise the O&M in wind farms

failures based on arich set

of historic data provided by - T
partners and design a ' ¥ i - ‘
reference Cloud - R

ELIABILITY [HIFEE I o&M REDUZ&TION IN FOUNDATION COSTS

implementation of the end- V| N RS T e b
to-end data ﬂ.OW — : Increase wind farm reliability Reduce the 0aMBosts

Reduce the WT O&M costs

and decrease the number of associated to foundation

Increase the life time of key
through the reduction of the

WWW. romeoprOj ect.eu 2 | ! . : TS deeino o donTtne turbine components through reduction in jacket

resources required for annual substructures inspections

inspections of the turbine

IM-SAFE IM-SAFE envisions a new and harmonised
European standard for monitoring, maintenance
and safety of transport infrastructure in a
standardised digitalisation approach.

IBM Research defines the digitalization avenue for
future of civil infrastructures monitoring and
inspection, leveraging Al, cloud, and automation

https://im-safe-project.eu
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