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ML SYSTEMS ARE TRANSFORMING OUR SOCIETY
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Responsible Innovation
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Why deep- learnmgAls areso easy to fOO[ % Improvin§ Falrness Jn Machine Learning Systems: What Do
Industry Practitioners Need?
Artificial-intelligence researchers are tryving 1o fix the flaws of neur; |I ¥ in =
networks Publication:
HDSR Makmg Al Work wnth Small Data
Should Weé_Trust Algorithms? —_—

The real test ofan Al machine is when it
carfadmit to not knowingsomething
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Stop explaining black box machine
learning models for high stakes decisions
and use mterpretable modeIs instead




INTERPRETABILITY-EXPRESSIVITY LOOP

Interpretability

Domain
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Expressivity

INTERPRETABILITY

» “ability to present in understandable
terms to a human” (Doshi-Velez
et.al, 2017; 2018 EU GDPR)
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My contributions

Information Theory
[Entropy, 2016]

Sport Sciences

[PlosOne, 2016]

Economics

[PlosOne, 2018]
[ICASSP, 2018]

Machine Learning

(UAI, 2020]* [JMLR, 2020]

[DBL@NeurlPS, 2019]
[BNP@NeurlPS; 2018]

(AABI, 2019)
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Cancer Research
[BMC Cancer, 2019]

[Nature Com, 2019]*

Healthcare
[JAMA Psych, 2020]

[Nature Trans. Psych, 2020]

[AJP, 2019]*




OVERVIEW

od pot MDA

Sport Sciences ; 12

[PlosOne, 2016]
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Which factors make countnes
wealthier than others’
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[ICASSP, 2018] :
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M_F Pradier*, Z. Utkovski*, V. Stojkoski, L. Kocarev and F. Perez-Cruz. Economic Complexity
Unfolded: An Interpretable Model for the Productive Structure of Economies. PlosONE. 2018
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[(BMC Cancer, 2019]
S. Stark, S. L. Hyland, M. F. Pradier, K. Leahmann, A. Wicki, F 4 M. F. Pradier, B. Ress, L. Jukofsky, F. Milletti, T, Ohtomo, F
Perez-Cruz, J. E. Vog!, and G. Ratsch. Unsupervised Extraction of [Nature Com' 2019] Porez-Cruz, and O. Puig. Case-control Indian Buffet Process

Phenotypes from Cancer Clinical Notes for Association Studies
In submission to Nature Communications. 2019

identifies biomarkers of response to Codrituzumab. BMC
Cancer. 2019
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Can we personalize prescription
of antidepressants?

Healthcare
[JAMA Psych, 2020}

[Nature Trans. Psych, 2020]

[AJP, 2019]*

M _F Pradiar, T H McCoy, M. Hughes, R. H. Peris and F. Doshi-Velez. Predicting Treatment Discontinuation after Antidepressant Initiation. Nature Trans. Psych

M C Hughes, M. F Pradier A S. Ross, T. H. McCoy, R. H. Perlis and F. Doshi-Velez. Generating interpretable predictions about antidepressant treatment stability using
supervised topic models. Accepted JAMA Psychialry. 2019

M_F _Pradiar, M. Hughes, T. H. McCoy, S. Barrailhel, F. Doshi-Velez and R. H Perlis. Predicting Transition from Mayor Depression to Bipolar Disorder after Antidepressant
Initiation. Submitted lo American Journal of Psychiatry. 2019
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s 1 [AABI, 2019]

Machine Leam

[UAI, 2020]* [JMLR, 2020}

[BNP@NeurlPS, 2018] [DBL@NeurlPS, 2019]
[BNP@NeurlPS, 2018]

“ "h ‘ l'
ll ‘ N B "" [AABI, 2019] / S
TPk |l BE %
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i = . J 8 \ Can we improve inference?

(e \ix { [DBL@NeurlPS, 2019]

Can we design expressive priors?
[UAI, 2020]" .
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My contribotions

Information Theory
[Entropy, 2016]

Sport Sciences

[PlosOne, 2016]

Economics

[PlosOne, 2018]
[ICASSP, 2018]

Machine Learning

[UAI, 2020]* [JMLR, 2020]

[DBL@NeurlPS, 2019]
[BNP@NeurlPS, 2018]

(AABI, 2019]
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Cancer Research
[BMC Cancer, 2019]

[Nature Com, 2019]"

Healthcare
[JAMA Psych, 2020]

[Nature Trans. Psych, 2020]

[AJP, 2019]*
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My contributions

Machine Learning

Information Theory [UAI, 2020]* [JMLR, 2020]

[Entropy, 2016] [DBL@NeurlPS, 2019]
[BNP@NeurlPS; 2018]

Sport Sciences [AABI, 2019]

[PlosOne, 2016]
Healthcare

i AMA P
Economics [JAMA Psych, 2020]

[Nature Trans. Psych, 2020]

[PlosOne, 2018]
Cancer Research [AJP, 2019]*

[BMC Cancer, 2019]
[Nature Com, 2019]*

[ICASSP, 2018]
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OUR Focus: BIOMARKER DISCOVERY

DEF: "ANY VARIABLE THAT CAN BE USED AS AN INDICATOR OF A PARTICULAR DISEASE STATE”.

Application: Phase II clinical trial for immunotherapy for liver cancer

HCC cells

.

Codrituzumab

)

L/
) ' - P
- ¢, Perforn and
Lysis | | granzyme release

Diagram: Mechanism of codrituzumab-induced antibody-dependent
cytotoxicity through the interaction of Fec CD16 in NK cells

' ABOU-ALFA ET.AL, 2016

» Method: classical statistical tests

» Conclusion: no evidence for treatment
effectiveness
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OUR Focus: BIOMARKER DISCOVERY

DEF: "ANY VARIABLE THAT CAN BE USED AS AN INDICATOR OF A PARTICULAR DISEASE STATE" .

Application: Phase II clinical trial for immunotherapy for liver cancer

HCC cells

.

Codrituzumab

v
-
»
- ® 4 Perforin and
Lysis L | granzyme release

Diagram: Mechanism of codrituzumab-induced antibody-dependent
cytotoxicity through the interaction of Fc CD16 in NK cells

|ABOU-ALFA ET.AL, 2016] [ BMC CANCER, 2019]

» Method: classical statistical tests » Method: novel Bayesian approach

» Conclusion: no evidence for treatment » Conclusion: treatment effective for

effectiveness subgroup
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WHY IS THIS PROBLEM HARD

(HALLENGES

. complex correlations

Do

patient heterogeneity
3. few data available

L. very different data types

5. drug effect vs natural response




GOAL |: BIOMARKER DISCOVERY

CHALLENGE 1: HOW TO DEAL WITH COMPLEX CORRELATIONS?

OUR APPROACH: LATENT FEATURE MODEL

K latent features

Placebo ]\[ X D

D observations N x K K D
\ X

A B E

~ : I

N patients

=
Drug X Z B

B r;g=173ml/dL =73 + 0+ 100ml/dL

\
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CHALLENGE 2: HOW TO DEAL WITH PATIENT HETEROGENEITY”

OUR APPROACH: BINARY LATENT FEATURE MODEL

K latent features

Placebo N x D

‘Y '

»

e
/\J
7.

K x D

-
-
-
~
—
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-
-
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—
J.

nts

X

=
Drug X B

\-\' patie

» Binary latent feature active: correlation pattern applies to patient




(CHALLENGE 3: HOW TO DEAL WITH LITTLE DATA”

OUR APPROACH: BAYESIAN NONPARAMETRICS
» Bayesian: to handle uncertainty

p(parameters|data) o< p(data|parameters)p(parameters)

» Nonparametric: to adapt model complexity (hypothesis generation)

s :
: W B (el
..‘{.
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(COAL I: BIOMARKER DISCOVERY

CHALLENGE 2: HOW TO DEAL WITH PATIENT HETEROGENEITY”?

OUR APPROACH: BINARY LATENT FEATURE MODEL

K latent features

Placebo N x D

‘Y "

»

K S
\/
7

K x D
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nts

X

7
Drug X B

\.\' patie

» Binary latent feature active: correlation pattern applies to patient




GOAL ©: BIOMARKER DISCOVERY
CHALLENGE 3: HOW TO DEAL WITH LITTLE DATA?
OUR APPROACH: BAYESIAN NONPARAMETRICS

» Bayesian: to handle uncertainty

p(parameters|data) o< p(data|parameters)p(parameters)

» Nonparametric: to adapt model complexity (hypothesis generation)
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(CHALLENGE 3: HOW TO DEAL WITH LITTLE DATA”

OUR APPROACH: BAYESIAN NONPARAMETRICS

» Indian Buffet Process |[Ghahramani et.al, 2006]

X

O T .s‘\f"(/t(,. (T(";)
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CHALLENGE 3: HOW TO DEAL WITH LITTLE DATAY

OUR APPROACH: BAYESIAN NONPARAMETRICS

» Indian Buffet Process |[Ghahramani et.al, 2006]

r=1:390
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CHALLENGE 3: HOW TO DEAL WITH LITTLE DATAY

OUR APPROACH: BAYESIAN NONPARAMETRICS

» Indian Buffet Process |[Ghahramani et.al, 2006]

_/k - T=0:3906
X

¢ x~ N(uo, (’T;)

1 0 |
- 5[0 1]

7 ) 4

7 ~ IBP(a) 101

» Prior over binary matrices with infinite number of columns

» Z ~ IBP(«), where a: concentration parameter
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(CHALLENGE 4: HOW TO DEAL WITH DIFFERENT DATA TYPESY

(JDUR APPROACH: USE LINK FUNCTIONS

< K latent features
Placebo 1\ X D
D observations N x K :
;2 X K x D
<. A

\

Drug X Z B
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(HALLENGE 4: HOW TO DEAL WITH DIFFERENT DATA TYPES?

OUR APPROACH: USE LINK FUNCTIONS

- : K latent features
Placebo f\ X l)
) observations j\’ X ]\

~4 & :
A

Drug X Z B

nts
¥

K x D

\.\' patie

» Link functions 7 for each observed feature d

» Each T,; depends on type of data
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GOAL |: BIOMARKER DISCOVERY

SOLVING ALL 4 CHALLENGES TOGETHER

(ENERAL LATENT FEATURE MODEL (GLFM) [JMLR. 2020

T
T\ i=1...D Infinite latent teature model for
( T T
S heterogeneous datasets
lj.B.lI,‘l
| D '
,Y ‘\ GLFM PACKAGE
"‘--.Y°'?'A" MX' » Open-source python/matlab/R code
P Discovers complex correlations
P> Is able to deal with data heterogeneity,
noisy observations, missing data,
Ti(yna: da) different data types
. 2
N (Z'"B"/‘ﬁu) P> Adjusts model complexity
2
o -\ (()(T“) https://github.com/ivaleraM /GLEFM

~ [IBP(«a)
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(GOAL | BIOMARKER DISCOVERY

SOLVING ALL 4 CHALLENGES TOGETHER

(ENERAL LATENT FEATURE MODEI

(GLEM) [JMLR, 2020

o
L S Infinite latent feature model for
| ( T W,
A heterogeneous datasets
l:_B.lf,‘l
| (¢a)
V i‘/‘_\_\ GLFM PACKAGE
> Yed) :N‘._\X ’ » Open-source python/matlab/R code
P Discovers complex correlations
> Is able to deal with data heterogeneity,

La(Ynd; Pa)
~ N(ZneBed;02) >
~ N(0,0%)
~ IBP(«a)

noisy observations, missing data,
different data types

Adjusts model complexity

https://github.com/ivaleraM /GLEFM
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REVISITING LIST OF CHALLENGES

(CHALLENGES

. complex correlations

Do
:

patient heterogeneity
3. few data available

L. very different data types

5. drug effect vs natural response
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(CHALLENGE 5: DRUG EFFECT VS NATURAL RESPONSE?

OUR APPROACH: STRUCTURED PRIOR

. K latent features
Placebo _j'\" X ])

N X [ \'
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Drug X

T REATMENT-SPECIFIC LATENT FEATURES

» can only activate for patients in treatment arm

» number learned automatically
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HOW TO DISTINGUISH DRUG EFFECT VS NATURAL RESPONSE?

CASE-CONTROL INDIAN BUFFET PRrROCESS (C-IBP) IBMC CANCER. 2019

g R, : drug indicator por patient n

[ | Trnd = Ty(Und: D
d=1...D Und (Ynd: Pad)
.’/u/”Z-W.B.C, R ~

\
@ B.i) N (ZneBea+1[R, = 1]W,,4Cou, 02)

. r\\ ) It -

- Z ~ IBP(«a)

—_ A N\ A o 0 2
”4>(Z> ’&Od\ >® Cld™~ N (0, (')

\ \ X7 Y )
Rk ‘1\‘_ \\ b ”)] { €Y )
S A
X S » Inference: MCMC approach with
( XK7 . s :
Y- >\ W ) Caa accelerated Gibbs sampling
\f » Biomarker discovery: statistical
| multiple hypothesis testing
'.,
o7
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) T\ Y reYyc . ' Y y A e r (N
RESULTS: SUBPOPULATIONS
GPC3 Antibody Treatment against Liver Cancer (J. Hepatology. 2016 Apr, Abou-Alfa et.al.)
P 180 patients: 60 took a placebo, 120 took the drug

» PFS: Progression Free Survival
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M F Pradier. 8. Reis. L. Jukolisky, F Millets, 7. Onhtomo. F Perez-Cruz
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RESULTS:

BIOMARKER DISCOVERY

TREATMENT-SPECIFIC FEATURE F3

and

Q. Pug Case-control indian Buftet Process identifes blomarkers of

response to Codrituzumab. BAM(
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What did we find?

~ \ e Subgroup for which treatment

Y ke IS especially effective
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Il acting as expected)
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) O e Sk - e =A%
RESULTS: SUBPOPULATIONS
GPC3 Antibody Treatment against Liver Cancer (J. Hepatology. 2016 Apr, Abou-Alfa et.al.)
P 180 patients: 60 took a placebo, 120 took the drug

» PFS: Progression Free Survival
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RESULTS: BIOMARKER DISCOVERY

TREATMENT-SPECIFIC FEATURE F3

)
v »
{ 13 r o | F3 HCC coll ,
¥
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J " !
* \ a,
- - Y& LY oo

Diagram Meochanism of codrluzumab-nduced antibody-dependent
‘

; yiotomooily through the interaction of | LIS i NK Cnils
What did we find?
7~ \ e Subgroup for which treatment
c 1 o o is especially effective
M F Pragier, 8. Reis, L. Jukoisky, F Millem, T. Ohtomo, F. Perez-Cruz, and \l S5 é "\.4 .
0. Puig. Case-control Indian Buftet Process identifies blomarkers of \ \é\& =\ ® Relevant blO”]ﬂkafS (deg
response to Codrituzumab. BMC Cancer. 2019 _L.-‘»r--of o~ \ ac(mg as expec[ed)




(COAL |: BIOMARKER DISCOVERY

) T (Y Y revc . ' y 4 Arrm reY
RESULTS: SUBPOPULATIONS
GPC3 Antibody Treatment against Liver Cancer (J. Hepatology. 2016 Apr, Abou-Alfa et.al.)
P 180 patients: 60 took a placebo, 120 took the drug

P PFS: Progression Free Survival
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RESULTS: BIOMARKER DISCOVERY

TREATMENT-SPECIFIC FEATURE F3
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What did we find?
g \ e Subgroup for which treatment
ou bo is especially effective
M F Pragier, B. Reis, L. Jukaoisky, F Millety, 7. Ohtomo, F Perez-Cruz, and \‘ : - 4‘1 :
O. Pug. Case-control Indian Buttet Process identifies blomarkers of \ \ Q\N /'.l’\ ¢ Relevant blOl“afkefS (dfllg
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RESULTS: SUBPOPULATIONS
GPC3 Antibody Treatment against Liver Cancer (J. Hepatology. 2016 Apr, Abou-Alfa et.al.)
P 180 patients: 60 took a placebo, 120 took the drug

P PFS: Progression Free Survival
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GOAL 11 FUNCTIONAL PREDICTION

My contributions

Information Theory
[Entropy, 2016]

Sport Sciences

[PlosOne, 2016]

Economics

[PlosOne, 2018]
[ICASSP, 2018]

Machine Learning

[UAI, 2020]* [JMLR, 2020]

[DBL@NeurlPS, 2019]
[BNP@NeurlPS; 2018]

(AABI, 2019]

[ \ Q Healthcare
e [JAMA Psych, 2020]
[Nature Trans. Psych, 2020]

Cancer Research [AJP, 2019]*
[BMC Cancer, 2019]

[Nature Com, 2019]"




GOAL 11 FUNCTIONAL PREDICTION

NEURAL NETWORKS (NNS) CAN FIT COMPLICATED TRENDS IN
DATA

y = fo(x) + €

Y

Several success stories...

J‘E‘
4

)
\
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BUuT WHAT IF NN IS WRONG IN A HIGH-STAKE SITUATION?

y = folx) + €
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BuT WHAT IF NN IS WRONG IN A HIGH-STAKE SITUATION?

y= folx) + €




GOAL 1l FUNCTIONAL PREDICTION

BUT WHAT IF STAKES ARE HIGH?

y = fo(z) + € '

Y

T
4

Uncertainty estimation becomes crucial!

7
- 4




GOAL 1 FUNCTIONAL PREDICTION

SOMETIMES WE HAVE A PRIORI FUNCTIONAL KNOWLEDGE...

y = folx) + €

Some examples of assumptions:
» Range of heart rate at rest between 60-100 bpm.

» Slow/fast variation of air pollutant; volatility of stock market




GOAL 11 FUNCTIONAL PREDICTION

SOMETIMES WE HAVE A PRIORI FUNCTIONAL KNOWLEDGE...

y = fo(z)+ ¢

Some examples of assumptions:
» Range of heart rate at rest between 60-100 bpm.

» Slow/fast variation of air pollutant; volatility of stock market

Key point: All of these translate into restrictions on learned functions.
Question: How can we incorporate such desiderata into the model?




GOAL 1l FUNCTIONAL PREDICTION

AN EASY WAY TO SPECIFY FUNCTIONAL DESIDERATA:
(AUSSIAN PROCESSES (GPS)

Definition: a Gaussian process is a collection of random variables, any
finite number of which have (consistent) Gaussian distributions.

y = Jo(x) + €

[ GP(p(-), ki(50) )

Y
Example: RBF kernel as
covariance function:
£

P A
k(z,2') = 0% exp i)
e X] 2

» Stationarity » Lengthscale

» Amplitude variance
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AN EASY WAY TO SPECIFY FUNCTIONAL DESIDERATA:
(zAUSSIAN PROCESSES (GPS)

Definition: a Gaussian process is a collection of random variables, any
finite number of which have (consistent) Gaussian distributions.

y = folz) + €

f~GP(u(), k()

Y
Example: RBF kernel as
covariance function:
£
T
; 5 (z — )
klxz,x') =0c“exp | — -
274
» Stationarity » Lengthscale

» Amplitude variance
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AN EASY WAY TO SPECIFY FUNCTIONAL DESIDERATA:
(#AUSSIAN PROCESSES (GPS)

Definition: a Gaussian process is a collection of random variables, any

finite number of which have (consistent) Gaussian distributions.

y = fo(x) + €

f~GP(u(), k("))

Y

Example: RBF kernel as
covariance function:

| 5 x—x')?
k(z,z') = 0 exp (—( 5 ) )

» Stationarity » Lengthscale

» Amplitude variance




AN EASY WAY TO SPECIFY FUNCTIONAL DESIDERATA:
(GAUSSIAN PROCESSES (GPs)

Definition: a Gaussian process is a collection of random wvariables, any
finite number of which have (consistent) Gaussian distributions.

y= folz)+¢€

f~GP(u(-), k("))

Y
Example: RBF kernel as
covariance function:
£

v
]_( I' I'/) e ()_2 (\\{ ) (.1 — .Iv )
i e il X] 2

» Stationarity » Lengthscale

» Amplitude variance
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AN EASY WAY TO SPECIFY FUNCTIONAL DESIDERATA:
(GAUSSIAN PROCESSES (GPS)

Definition: a Gaussian process is a collection of random variables, any
finite number of which have (consistent) Gaussian distributions.

y = folx) + €

f~GPu()k(,*))

Y
Example: RBF kernel as
covariance function:
£

e EN2
}. ) ./ - 2 _ (., o .I )
c(z, ) =0"exp | — Soh

» Stationarity » Lengthscale

» Amplitude variance
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(PS ARE GREAT. BUT WHAT IF I sTiLL WANT A NN?7

Benefits of NN approaches:
» widely used (many tools available)
» parametric expression

» fast at train and evaluation time




GOAL 11 FUNCTIONAL PREDICTION

AN EASY WAY TO SPECIFY FUNCTIONAL DESIDERATA:
(ZAUSSIAN PROCESSES (GPS)

Definition: a Gaussian process is a collection of random variables, any
finite number of which have (consistent) Gaussian distributions.

y= fo(x)+e€

f~GP(u(:), k()

Y
Example: RBF kernel as
covariance function:
A 4

e oy — o2 [ E=T)

(z, ) =0“exp | — =

i |
» Stationarity » Lengthscale

» Amplitude variance




GOAL 11 FUNCTIONAL PREDICTION

(PS ARE GREAT. BUT WHAT IF I sSTILL WANT A NN?7

Benefits of NN approaches:
» widely used (many tools available)
» parametric expression

» fast at train and evaluation time




GOAL 11! FUNCTIONAL PREDICTION

(PS ARE GREAT. BUT WHAT IF I sTiLL. WANT A NN?7

Benefits of NN approaches:
» widely used (many tools available)
» parametric expression

p fast at train and evaluation time

KEY RESEARCH (QUESTIONS:

|. Can we design Bayesian NN priors that encode stationarity
properties like a GP while retaining the benefits of neural networks?

Do

Can we easily specify lengthscale and amplitude variance in a
decoupled fashion?
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BACKGROUND: BAYESIAN NEURAL NETWORKS

Prior
» Assume prior on network y
parameters e g
» Most common. 1.1.d Gaussians '
Posterior
y == .IH(X) “+— 6 0..0 l"".
- ¢) \ i w
€ D JN/(()(T;;I) y saidy | %
A "-IT'l .
- 9 Ty '
0; ~ N(0,00l) V2
X

> p(0) = p(f)




NOT ONLY HARD TO ENCODE FUNCTIONAL PROPERTIES WITH
BNNS: SOME PROPERTIES ARE IMPOSSIBLE TO GET

» For example, a standard BNN (with RBF activations) is nonstationary
in amplitude variance (Williams, 1997)

BNN
0.4 4
0.2
0 | emm—fe—— el
_0 "J
0.4
-0.€

' — v -y
-1.0 0.5 0.0 0.5 1.0
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BACKGROUND: BAYESIAN NEURAL NETWORKS

Prior
» Assume prior on network y
parameters R (et
» Most common., i.i.d Gaussians '
Posterior
y = Jo(x)+e€ e
.~ ) i w \
( N\ JN’((). (T;;I) y ’ ." n‘
. > e KA )
0; ~ N(0,051) Vi § AT
X

- g » But what does a prior over weights
» p(0) = p(f)

mean in function space?

» Hard to know!
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NOT ONLY HARD TO ENCODE FUNCTIONAL PROPERTIES WITH
BNNS: SOME PROPERTIES ARE IMPOSSIBLE TO GET

» For example, a standard BNN (with RBF activations) is nonstationary
in amplitude variance (Williams, 1997)

BNN

0.4 4
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NOT ONLY HARD TO ENCODE FUNCTIONAL PROPERTIES WITH
BNNS: SOME PROPERTIES ARE IMPOSSIBLE TO GET

» For example, a standard BNN (with RBF activations) is nonstationary
in amplitude variance (Williams, 1997)

BNN PORB-NET
0.4 4
0.2
0.0 1 S——un ) A ——— B S o -
e —
-0 .2
}.4 4
). O 4
\ ' T Y ~ T T ™ — )
-1.0 -0.5 0.0 0.5 1.0 -1.0 -0.5 ).0 0.5 )

Question: can we design a Bayesian NN that exhibits stationarity? Yes!
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RADIAL BASIS FUNCTION NETWORKS (RBFNS)

» Around since the 90s (Gyorfi et.al, 2002), recently renewed attention
(Taghi et.al, 2004; Zadeh et.al, 2018)




GOAL 1 FUNCTIONAL PREDICTION
RADIAL BASIS FUNCTION NETWORKS (RBENS)

» Around since the 90s (Gyorfi et.al, 2002), recently renewed attention
(Taghi et.al, 2004; Zadeh et.al, 2018)
» NN based on radial basis ¢(:), e.g., ¢(z) = exp(—z*°)

o

K
fB(’) = b + Z lI’A.(,')(.SA.(.I' =< (/,))

k=1

wo

» S.: scale :
» Cp. center ;
Y o wh i

» wji: output weight | .
» b: output bias —l] . I
C Co




GOAL 1 FUNCTIONAL PREDICTION
RADIAL BASIS FUNCTION NETWORKS (RBEFNS)

» Around since the 90s (Gyorfi et.al, 2002), recently renewed attention
(Taghi et.al, 2004; Zadeh et.al, 2018)
» NN based on radial basis ¢(:), e.g., &(z) = exp(—z*)

o

K
fo(z) =b+ Y wrd(sk(@—cx)).

k=1

wo

» Sp: scale

» C.. center
'y d ul .
» w: output weight | .
» b: output bias = I
C1 C2

T
» Equivalence to standard BNN exists, but not interpretable!
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OUR CONTRIBUTION: POISSON PROCESS RADIAL BASIS
FuncTioN NETWORK (PORB-NET) [UAI, 2020]*

-

. We propose an expressive prior for NNs

N

2. We show desirable properties:

2.1 Stationarity
2.2 Decoupling of lengthscale and amplitude variance
2.3 Consistency

- »
'

. We demonstrate successful behavior empirically

(g ) submitted
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OUR CONTRIBUTION: POISSON PROCESS RADIAL BASIS
FuncTioN NETWORK (PORB-NET) [UAI, 2020]*

» Key point: Expressive prior over centers ¢ and scales {s;}.

> : (@ f— 11 1t S —
» Poisson process priors over c. Z :*, i ﬁlifmi T* f* ; ;
iil i | BB !
© —HHH—HH— | |
. = 9
c|A ~ Poisson Process () Z |
‘ ‘ = I Time (1) -
» Deterministic relationship g .|
] &) O[ "
etween ¢ and {s}. e R e

= X e_,,/ l\\// ¥
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PROPERTIES OF PORB-NET

|. Stationarity

RBFN PORB-NET
30 4 '
S
) =
) h
M 1
15
10 1 {
T v T _ Y =
L N (I

2. Decoupled lengthscale and amplitude variance
f: 2)
| | | 2 4 =2 o [T =D
(’()V (/ ('rl )‘ / (’.2)) — 0.[.)2 . (T;' exXp ¢ —'/\.3 l 9 ) >
: B y

3. Consistency Theorem:
A PoRB-NET with uniform intensity function is Hellinger consistent
as the number of observations goes to infinity.
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PORB-NET' ALLOWS FOR EASY SPECIFICATION OF
LENGTHSCALE AND SIGNAL VARIANCE LIKE A GP
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PORB-NET ALLOWS FOR EASY SPECIFICATION OF
LENGTHSCALE AND SIGNAL VARIANCE LIKE A GP
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PORB-NET 1S ABLE TO CAPTURE NON-STATIONARY PATTERNS
IN REAL SCENARIOS. ADAPTING THE LENGTHSCALE LOCALLY

motorcycle finance mimic
2.0 1 1.5 - -
s B 1.0 - s
&
v 1.0-
g 05 .
= 05- 0.0 - 2
= 0.0-
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From the lab to the clinic

Patient Details
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Current and future research agenda

Contact: melanie@seas.harvard.edu
https://melaniefp.github.io/

Impactful real-world problems:

Personalize prescription of antidepressants
Prognosticate outcomes for in-vitro fertilization

Useful machine learning methodology:

How to better quantify model uncertainty?
How to combine expert knowledge with
data-driven evidence?

How to learn task-meaningful representations?

[T'RI
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