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What is interpretability?

Black Box

Input

* Problem specific definition

* Which features are most important?

 Which part of the input is the model looking at?

 Complex models more performant than simple models

 Why trade performance with interpretability?



 CoxPH, Logistic Regression, LASSO
 Most of the time, interpretabillity is the end-goal

 Still not straightforward to interpret

Model Feature Target

Blood pressure medication

(Lisinopril) Time until heart failure



 CoxPH, Logistic Regression, LASSO
 Most of the time, interpretabillity is the end-goal

« Still not straightforward to interpret

Model Feature Target

Blood pressure medication

CoxPH (Lisinopril)

Time until heart failure

B=—0.5



 CoxPH, Logistic Regression, LASSO
 Most of the time, interpretabillity is the end-goal

 Still not straightforward to interpret

Model Feature Target
CoxPH Sl pre.ss.u '« @edlcat1on Time until heart failure
(Lisinopril)
B=—05

HR = exp(f) = 0.61

Causal/interventional interpretation?
Does Lisinopril reduce the HF by 0.397



 CoxPH, Logistic Regression, LASSO
 Most of the time, interpretabillity is the end-goal

 Still not straightforward to interpret

Model Feature Target

? Body mass index (BMI) Diabetes (0/1)



 CoxPH, Logistic Regression, LASSO
 Most of the time, interpretabillity is the end-goal

 Still not straightforward to interpret

Model Feature Target

Logistic Regression Body mass index (BMI) Diabetes (0/1)

B =0.09



 CoxPH, Logistic Regression, LASSO
 Most of the time, interpretabillity is the end-goal

 Still not straightforward to interpret

Model Feature Target
Logistic Regression Body mass index (BMI) Diabetes (0/1)
B =0.09

OR = exp(f) = 1.09

For each unit increase in BMI, the odds

of having diabetes increase by ~9% Associational



 CoxPH, Logistic Regression, LASSO
 Most of the time, interpretabillity is the end-goal

« Still not straightforward to interpret

Model fitted on ICU patients

Model Feature Target
Logistic Regression Pneumonia (0/1) Survival (0/1)
B=0.2

Does having pneumonia
increases the odds of survival?



Non-linear Models

I\
N5

ST AN
Noeemaamataoaban
 What does a parameter mean*. .,'«‘%\ CRRRARSCT AN

/ AN SV \\@ @
AV

O




Non-linear Models

 What does a parameter mean?

Inputs H1 H2 H3 H4 H5
AR . Ub-specific proc. projpases l SUMO EB ligases l Generic transc. pathway
[ HsPoo sHR -
)\ . Neutrophil degranulation l lliias ™ @ . Deubiquitination
Ampliﬁcation. al) . PKN1 and AR transcription . RUNX2 transc. regulation . SUMOylation
' SUMOylation .
W RBY1 - " G2/M transition " Rho GTPase effectors
NR transcription pathway
W MDM4 , , I RHO GTPases activate PKNs
FGFR1 Antigen processing - M phase
PTEN regulation
Apﬂgé/;_%f MERASan boly 9 | Class | MHC pathway
NOTCH1 Regulation of TP53 activity Mitotic prophase PIP3 activates AKT signalling
EIF3E TP53 metabolic regulation Mitotic metaphase-anaphase
_. Mitotic G2-G2/M phases
Mutation Mitotic prometaphase
Cap-dependent translation Cellular senescence
Eukaryotic translation
Residual Residual
Residual Residual
Deletion

Biologically informed deep neural network
for prostate cancer discovery

. Post-transl. modification

Siganalling by Rho GTPases

Residual
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Metabolism of proteins

l RNA Pol Il transc.

. Cellular responses to stress . Transcription (general)
. Cell cycle, mitotic

. Adaptive immune system l Immune system
outcome

Innate immune system

Signal transduction

Intracellular signalling (secondary)

Translation
Immune cytokine sig.

External stimuli response

Cell cycle



Local vs. Global

* Global — describe the model entirely

Inputs H1 H2 H3 H4 H5 Heé

AR . Ub-specific prociprgjpases l SUMO E3 ligases I Generic transc. pathway . Post-transl. modification
. [W vspeosHR

. TP53 . Neutrophil degranulation l o transc.égulanon . Deubiquitination l RNA Pol Il transc. M Od el

Amplificatioh . PKN1 and AR transcription . RUNX2 transc. regulation . SUMOylation
. PTEN . SUMOylation

l Metabolism of proteins

Feature Target

. Cellular responses to stress I Transcription (general)

. G2/M transition
B Rt NR transcription pathway . RhalgRase offectors .
I mpm4 - ) [l RHO GTPases activate PKNs B B cellcycle, mitotic
FGFR1 Antigen processing M phase . . . . .
PTEN lati 8
PoGEA.. | RUNX2and bone LN cussiwcpaay [ Acsptvemmuneston 1] inminessten Logistic Regression Body mass index (BMI) Diabetes (0/1)
NOTCH1 Regulation of TP53 activity Mitotic prophase PP
i ignalli .
EIF3E TP53 metabolic regulation Mitotic metaphase-anaphase 9 9 Innate immune system
r— /4 Mitotic G2-G2/M phases
Mutation itotic prometaphase Siganalling by Rho GTPases Signal transduction
Cap-dependent translation Cellular s-enescenc.e 9 9
Eukaryotic translation Intracellular signalling (secondary)

0 T lati —
Residual Residual 7 A External stimuli response ﬁ -_— 0009

Immune cytokine sig.
. Bissidlial Residual
Deletion

Residual Cell cycle

* Local — explain model decision for a specific data point

 LIME

 Influence functions

e Saliency maps, GradCAM
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» Explanation: Another simple model g I
I

LIME |

« Explain a single prediction X,

» Approximation to original model j around x;
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« Explanation: Another simple model g I
!

» Approximation to original model j around x

1. Define a neighborhood: 7(x,)

2. For each x € n(x,), compute similarity

(x(1) = x0(1))* | (x(2) = x4(2))* )

k(x,x,) = exp|l — |
w0 =enl - (= 3
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« Explain a single prediction X, +—H+: . .
| ©® o®
« Explanation: Another simple model g I

!

» Approximation to original model j around x

1. Define a neighborhood: 7(x,)

2. For each x € n(x,), compute similarity

( (2(D) = xp(D)*  (x(2) — xy(2))? )
k(x,xy) =exp|l — |

2 P
Of 0)

argmin__ - Z(f, g, x)
LFxp @) = Y, kG x)(f00) — )Y ”Z 0 = O

xen(x,) G is the family of linear functions
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« Explain a single prediction X, +-H+:

!

.

« Explanation: Another simple model g I
I

» Approximation to original model j around x

1. Define a neighborhood: 7(x,)

2. For each x € n(x,), compute similarity

( (2(D) = xp(D)*  (x(2) — xy(2))? )
k(x,xy) =exp|l — |

2 P
Of 0)

argmin__ - Z(f, g, x)
LFxp @) = Y, kG x)(f00) — )Y ”Z 0 = O

xen(x,) G is the family of linear functions

How do you choose 6, 6,
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xEn(x,) G is the family of linear functions



Influence Functions

* Find training data points that are most influential on the

prediction for a test point

Understanding Black-box Predictions via Influence Functions

Pang Wei Koh ! Percy Liang !



Influence Functions

* Find training data points that are most influential on the

prediction for a test point

Understanding Black-box Predictions via Influence Functions

Pang Wei Koh ! Percy Liang !
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Which parts of the model get consistently
activated in response to a concept?

Mechanistic Interpretability

SRR EEED Golden Gate Bridge feature example

The feature activates strongly on English
descriptions and associated concepts

in the Presidio at the end (that's! thee

huge park right next tohé Golden{Gate
bridge ), perfect. But not all people

repainted, roughly, every dozen years."
"while across the country in san fran
cisco, the golden@g@t® bridge was

it is a suspension bridge and has similar
coloring, it is often<> compared to the

Golden@Gat® Bridge in San Francisco, US

https://transformer-circuits.pub/2024/scaling-monosemanticity/index.html

They also activate in multiple other languages
on the same concepts
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And on relevant images as well



https://transformer-circuits.pub/2024/scaling-monosemanticity/index.html

