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Visual Analytics in Deep Learning

WHY

Why would one want to use
visualization in deep learning?
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WHO

Who would use and benefit
from visualizing deep learning?

What data, features, and relationships
In deep learning can be visualized?

How can we visualize deep learning
data, features, and relationships?

Interrogative Survey Overview

WHEN

When in the deep learning
process is visualization used?

WHERE

Where has deep learning
visualization been used?



Visual Analytics in Deep Learning

WHY

Why would one want to use
visualization in deep learning?
Interpretability & Explainability
Debugging & Improving Models

Comparing & Selecting Models
Teaching Deep Learning Concepts

@

WHO

Who would use and benefit
from visualizing deep learning?
Model Developers & Builders

Model Users
Non-experts

WHAT

What data, features, and relationships
in deep learning can be visualized?

Computational Graph & Network Architecture
Learned Model Parameters

Individual Computational Units
Neurons In High-dimensional Space
Aggregated Information

»
>

XX o D\
/7 A‘H’/

N

. v

LS AL BB %
’ ’/\ )“ "\ / “
R\ WAV

HOW

How can we visualize deep learning
data, features, and relationships?

Node-link Diagrams for Network Architecture
Dimensionality Reduction & Scatter Plots

_ine Charts for Temporal Metrics

nstance-based Analysis & Exploration
nteractive Experimentation

Algorithms for Attribution & Feature Visualization

Interrogative Survey Overview

WHEN

When Iin the deep learning
process is visualization used?
During Training

After Training

=y

|/

WHERE

Where has deep learning
visualization been used?

Application Domains & Models
A Vibrant Research Community



Visual Analytics in Deep Learning | Interrogative Survey Overview

WHY WHAT WHEN

Interpretability & Explainability Computational Graph & Network Architecture During Training
Debugging & Improving Models Learned Model Parameters After Training
Comparing & Selecting Models Individual Computational Units

Teaching Deep Learning Concepts Neurons In High-dimensional Space

Aggregated Information

WHO HOW WHERE

Model Developers & Builders Node-link Diagrams for Network Architecture Application Domains & Models
Model Users Dimensionality Reduction & Scatter Plots A Vibrant Research Community
Non-experts _ine Charts for Temporal Metrics

nstance-based Analysis & Exploration
nteractive Experimentation
Algorithms for Attribution & Feature Visualization
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Research Trend

1. Model Interpretation

works support
model interpretation
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Human understanding of...
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Research Trend

2. Expert Tool Focus

30 / works designed for
33

model developers

11 / works designed for
33

non-experts

3x more work for developers




Research Trend

3. Instance-based Analysis

33 / works use
38 instance-based analysis

Neural networks
lack global explanations

Instance-based analysis
enables local explanations




Research Trend

4. Expanding Audience

Note: list current as of early 2018.

Venue

TVCG  |EEE Transactions on Visualization and Computer Graphics
VIS, HCI  |VAST  IEEE Conference on Visual Analytics Science and Technology

Conferences InfoVis |[EEE Information Visualization

CHI ACM Conference on Human Factors in Computing Systems




Research Trend

4. Expanding Audience

Note: list current as of early 2018.

Venue

NeurlPS Conference on Neural Information Processing Systems
ML, DL |ICML International Conference on Machine Learning

Conferences CVPR  Conference on Computer Vision and Pattern Recognition

ICLR International Conference on Learning Representations
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4. Expanding Audience

Note: list current as of early 2018.

Venue

VADL IEEE VIS Workshop on Visual Analytics for Deep Learning
HCML CHI Workshop on Human Centered Machine Learning

IDEA KDD Workshop on Interactive Data Exploration & Analytics
ICML Workshop on Visualization for Deep Learning

WHI ICML Workshop on Human Interpretability in ML

Workshops — . " L .

NIPS Workshop on Interpreting, Explaining and Visualizing Deep Learning

NIPS Interpretable ML Symposium

FILM NIPS Workshop on Future of Interactive Learning Machines
ACCV Workshop on Interpretation and Visualization of Deep Neural Nets
ICANN Workshop on Machine Learning and Interpretability

_ Distill Distill: Journal for Supporting Clarity in Machine Learning
Online —

arXiv arXiv.org e-Print Archive



Research Trend

4. Expanding Audience

Note: list current as of early 2018.

Top venues highly value
open source
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5. Furthering Interpretability

Q: What are they doing?
A: eating

Attention
Das, Agrawal, et al. 2016




Research Direction

5. Furthering Interpretability

Attention Eﬂ
Das, Agrawal, et al. 2016 !{W}

Saliency
Smilkov, et al. 2017




Research Direction

5. Furthering Interpretability

Attention Hﬂ ~ Saliency
Das, Agrawal, et al. 2016 ! ’; Smilkov, et al. 2017

- Feature
visualization

Olah, et al. 2017



Research Direction

5. Furthering Interpretability

Attention Saliency Feature visualization
Das, Agrawal, et al. 2016 Smilkov, et al. 2017 Olah, et al. 2017
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5. Furthering Interpretability

(} Distill ABOUT  PRIZE  SUBMIT

Aug. 14, 2018 Distill Update 2018

An Update from the Editorial Team D [ | t [ I I
July 25, 2018 Differentiable Image
Parameterizations

Journal for Supporting
Clarity in Machine Learning

A powerful, under-explored tool for neural network
visualizations and art.

July 9, 2018 Feature-wise transformations

A simple and surprisingly effective family of
conditioning mechanismes.

FiLM lay
FiLM layer «

March 6, 2018 The Building Blocks of
Interpretability

Interpretability techniques are normally studied in
isolation. We explore the powerful interfaces that arise
when you combine them —and the rich structure of
this combinatorial space.

Dec. 4, 2017 Usina Artificial Intellicence to SRR M e i O e mmmae
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6. Human-in-the-loop

Interactive Machine Learning Interactive Deep Learning

4

ML Model Visualization DL Model Visualization
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/. Evaluating Explanations

Towards A Rigorous Science of Interpretable Machine Learning

Finale Doshi-Velez* and Been Kim*

From autonomous cars and adaptive email-filters to predictive policing systems, machine learn-
ing (ML) systems are increasingly ubiquitous; they outperform humans on specific tasks ﬂMnih
et al.L 2013L Silver et al.L 2016L HamillL 2017] and often guide processes of human understanding
and decisions [Carton et al., 2016, Doshi-Velez et al., 2014|. The deployment of ML systems in
complex applications has led to a surge of interest in systems optimized not only for expected
task performance but also other important criteria such as safety [Otte, 2013, Amodei et al., 2016,
Varshney and Alemzadeh, 2016, nondiscrimination [Bostrom and Yudkowsky, 2014, Ruggieri et al.
2010, Hardt et al., 2016], avoiding technical debt [Sculley et al., 2015, or providing the right to
explanation ﬂGooé.man and FlaxmanL 2016]. For ML systems to be used safely, satisfying these
auxiliarv criteria is critical. However. unlike measures of performance such as accuracyv. these crite-

»
>

»r
~»

| 2 Mar 2017
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/. Evaluating Explanations

More
specific
and costly

Evaluation Humans

Application-grounded

Human-grounded

Functionally-grounded

Doshi-Velez,
Kim. 2017

Real

Proxy

Mar 2017

2

arXiv:1702.08608v2 [stat.ML]

Tasks

Simple

Towards A Rigorous Science of Interpretable Machine Learning

Finale Doshi-Velez* and Been Kim*

From autonomous cars and adaptive email-filters to predictive policing systems, machine learn-
ing (ML) systems are increasingly ubiquitous; they outperform humans on specific tasks [Mnih
et al., 2013, Silver et al., 2016, Hamill, 2017] and often guide processes of huma
and decisions Carton et al., 2016, Doshi-Velez et al., 2014]. The deployment of ML systems in
complex applications has led to a surge of interest in systems optimized not only for expected
ty [Otte, 2013, Amodei et al., 2016,

st

nderstanding

task performance but also other important criteria such as
Varshney and Alemzadeh, 2016], nondiscrimination [Bostrom and Yudkowsky, 2014, Ruggieri et al
2010, Hardt et al., 2016], avoiding technical debt [Sculley et al., 2015], or providing the right to
explanation (Goodman and Flaxman, 2016). For ML systems to be used safely, satisfying these
auxiliary criteria is critical. However, unlike measures of performance such as accuracy
ia often cannot be completely quantified. For le, we might not be able to enumerate all unit
tests required for the safe operation of a semi-autonomous car or all confounds that might causc
a credit scoring system to be discriminatory. In such cases, a popular fallback is the criterion of
interpretability: if the system can ezplain its reasoning, we then can verify whether that reasoning
is sound with resp

Unfortunately, there is little consensus on what interpretability in macl

these crite-

t to these auxiliary criteria.

ne learning is and
how to evaluate it for benchmarking. Current interpretability evaluation typically falls into two
categories. The first evaluates interpretability in the context of an application: if the system is uscful
in cither a practical application or a simplified version of it, then it must be somehow interpretable
(e.&. Ribeiro et al. [2016], Lei et al. [2016], Kim et al. [2013a], Doshi-Velez et al. [2015], Kim et al.
2015b]). The second evaluates interpretability via a quantifiable proxy: a researcher might first
claim that some model class—e.g. sparse linear models, rule lists, gradient boosted trees—are
interpretable and then present algorithms to optimize within that class (e.g. Bucilu et al. 2006].
Wang et al. [2017], Wang and Rudin (2015], Lou et al. [2012)).

To large extent, both evaluation approaches rely on some notion of “you'll know it when you
see it.” Should we be concerned about a lack of rigor? Yes and no: the notions of interpretability
above appear reasonable because they are reasonable: they meet the first test of having face-
validity on the correct test set of subjects: human beings. However, this basic notion leaves many
kinds of questions unanswerable: Are all models in all defined-to-be-interpretable model classes
equally interpretable? Quantifiable proxies such as sparsity may seem to allow for ¢
how does one think about comparing a model sparse in features to a model sparse in prototypes?
Moreover, do all applications have the same interpretability needs? If we are to move this field
forward-—to compare methods and understand when methods may generalize—we need to formalize
ed
art a path toward the definition and rigor
of interpretability. The need is urgent: recent European Union regulation will require algorithms

arison, but

these notions and make them evidence-bs

The objective of this review is to

“Authors contributed equally
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8. Protecting Against Attacks

Benign Perturbation - Attackea

s i

o ;

attack “gibbon” XK

“Danda” <



Visual Analytics in

Deep Learning

An Interrogative Survey for the Next Frontiers

Fred Hohman, Minsuk Kahng, Robert Pienta, Duen Horng Chau

Deep learning has recently seen rapid development and
significant attention due to its state-of-the-art performance
on previously-thought hard problems. However, because of
the innate complexity and nonlinear structure of deep neural
networks, the underlying decision making processes for why
these models are achieving such high performance are
challenging and sometimes mystifying to interpret.

As deep learning spreads across domains, it is of paramount
importance that we equip users of deep learning with tools
for understanding when a model works correctly, when it
fails, and ultimately how to improve its performance.
Standardized toolkits for building neural networks have
helped democratize deep learning; visual analytics systems
have now been developed to support model explanation,
interpretation, debugging, and improvement.
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Read the paper.

We present a survey of the role of visual analytics in deep
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Deep learning has recently seen rapid development and
significant attention due to its state-of-the-art performance
on previously-thought hard problems. However, because of
the innate complexity and nonlinear structure of deep neural
networks, the underlying decision making processes for why
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importance that we equip users of deep learning with tools
for understanding when a model works correctly, when it
fails, and ultimately how to improve its performance.
Standardized toolkits for building neural networks have
helped democratize deep learning; visual analytics systems
have now been developed to support model explanation,
interpretation, debugging, and improvement.
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We present a survey of the role of visual analytics in deep
learning research, noting its short yet impactful history and
summarize the state-of-the-art using a human-centered
interrogative framework, focusing on the Five W’s and How
(WHY, WHO, WHAT,  WHEN, and WHERE), to thoroughly
summarize deep learning visual analytics research. We
conclude by highlighting research directions and open
research problems.
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Deep learning has recently seen rapid development and
significant attention due to its state-of-the-art performance
on previously-thought hard problems. However, because of
the innate complexity and nonlinear structure of deep neural
networks, the underlying decision making processes for why
these models are achieving such high performance are
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for understanding when a model works correctly, when it
fails, and ultimately how to improve its performance.
Standardized toolkits for building neural networks have
helped democratize deep learning; visual analytics systems
have now been developed to support model explanation,
interpretation, debugging, and improvement.
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We present a survey of the role of visual analytics in deep
learning research, noting its short yet impactful history and
summarize the state-of-the-art using a human-centered
interrogative framework, focusing on the Five W’s and How
(WHY, WHO, WHAT, , WHEN, and WHERE), to thoroughly
summarize deep learning visual analytics research. We
conclude by highlighting research directions and open
research problems.
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This survey helps new researchers and practitioners in both
visual analytics and deep learning to quickly learn key
aspects of this young and rapidly growing body of research,
whose impact spans a diverse range of domains.
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