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What s "Interpretability"?

Causal: the degree to which a person can understand the cause of the result.

Post-Hoc: what does the model tell me?

The Mythos of Model Interpretability

Zachary C. Lipton

Abstract no one has managed to set it in writing, or (ii) the term in-
terpretability is 1ll-defined, and thus claims regarding inter-
pretability of various models may exhibit a quasi-scientific
character. Our investigation of the literature suggests the
latter to be the case. Both the motives for interpretability
and the technical descriptions of interpretable models are
diverse and occasionally discordant, suggesting that inter-
pretability refers to more than one concept. In this paper,

Supervised machine learning models boast re-
markable predictive capabilities. But can you
trust your model? Will it work in deployment?
What else can it tell you about the world? We
want models to be not only good, but inter-
pretable. And yet the task of interpretation ap-

hears underspecified. Papers provide diverse and



https://arxiv.org/abs/1606.03490

Cycling Keywords

Cycling Clubs and Organizations

Cycling Lessons

Bike Satety and Masntenance

Cyching Tours and Events

motorcycie

Inactive Features

TEST TRAIN
4 223

THRESHOLD: 00

Predicted

Negative Positive

70 Wild Miles



https://www.youtube.com/watch?v=-5ipNPUwMZQ
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https://www.youtube.com/watch?v=yUSwjofGAaQ
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https://vimeo.com/232930758
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ActiVis: Visualization of Deep Neural Networks #15782570
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Left column shows correctly classified instances.,
Right column shows misclassified instances, with border colors
indicating predicted classes.



https://www.youtube.com/watch?v=IR5GOI-ZH8o

Seq2Seq-Vis: A visual debugging tool for
sequence-to-sequence models
H. Strobelt, S. Gehrmann, M. Behrisch, A. Perer, H. Pfister, A. Rush

HARVARD
IBM Research % School o Engincering



https://vimeo.com/266560241

Feature Visualization

Olah, Mordvintsev, and Schubert. Distill, 2017.

https://distill.pub/2017/feature-visualization/
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Different optimization
objectives show what
different parts of a
network are looking for.

n layer index

x,y Spatial position
z channel index

k class index

Class Logits Class Probability

pre softmax[k] softmax[k]

Neuron Channel

layer [X,Y,2] layer [:,:,2]

10



Simple Optimization Dataset examples

Simple Optimization Dataset examples

Optimization with diversity reveals multiple types of balls. Layer mixed5a, Unit 9

11



By jointly optimizing two
neurons we can get a
sense of how they
interact.

Neuron 2

= o A
s

Jointly optimized

e A = LY
)

Layer 4b, Unit 475 Layer 4a, Unit 476



Spatial Activations

AN N N NN
AN N N NN
AL R D AN
R AL R AN

a,0=100,0,0,0, 496, 0, 43.6, 30.2, 119.8, 62.7, 0, 51...




Semantic Dictionaries

a,0=10,0,0,0,496, 0, 43.6, 30.2, 119.8, 62.7, O, 51...




Semantic Dictionaries

a,3 = [0,0,0,76.8,0,385,0,0,15.1, 0,0, 10.4, ...]

" 245. 1




Semantic Dictionaries

a;3=[0,0,758,48.4,108,0,0,0,0,0,525, 0, ...]
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Activation Vector Channels
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The Building Blocks of Interpretability

Olah, Satyanarayan, et al. Distill, 2018.
https://distill.pub/2018/building-blocks/

(} Distill ABOUT  PRIZE

CHOOSE AN INPUT IMAGE

For instance, by combining feature visualization | , Several floppy ear
detectors seem to be

_ 5 2 important when
does it affect the output?), we can explore how the 3 s distinguishing dogs,

network decides between labels like - ¥ _ whereas pointy ears are
; | used to classify "tiger

cat".

(what is a neuron looking for?) with attribution (how

Labrador retriever and tiger cat.

CHANNELS THAT MOST
SUPPORT ...

LABRADOR RETRIEVER — | — TIGER CAT

feature visualization of
channel

hover for
attribution maps —

net evidence
for "Labrador retriever"

for "tiger cat"

SUBMIT
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SUMMIT

Scaling Deep Learning Interpretability by
Visualizing Activation and Attribution Summarizations

a " : I'

Georgia
Tech


https://www.youtube.com/watch?v=J4GMLvoH1ZU&feature=youtu.be

Exploring Neural Networks with
Activation Atlases

By using feature inversion to visualize millions of activations from an image

classification network, we create an explorable activation atlas of features the
network has learned which can reveal how the network typically represents some
concepts.
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https://distill.pub/2019/activation-atlas/
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[0.529, 0.926, ...]
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A randomized set of one million images is fed through the
network, collecting one random spatial activation per
image.

[0.414, 0.829, ..] _—,

[0.593 0.679,.] ——

The activations are fed through UMAP to reduce them to
two dimensions. They are then plotted, with similar
activations placed near each other.

We then draw a grid and average the activations that fall
within a cell and run feature inversion on the averaged
activation. We also optionally size the grid cells according
to the density of the number of activations that are
averaged within.

gj TRY IN A NOTEBOOK
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LSC visualizes all attribute vectors in a global view
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https://www.youtube.com/watch?v=war0DRbRGNE&feature=youtu.be

