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Goal: Create a Scientific Assistant

ML & Stat

Automate discoveries
= find anomalies,

= Interesting events
scientific laws

/ Scientist \
Experiment Collect Data Analysis

Recommend
how to analyzé

Recommend
experiments
to run

Recommend
what to collec
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Why are we all here?



Stroke

Traumatic brain injury :

Learning defects— % Blindness
Alzheimer's disease

N
; Deafness
Parkinson's disease
o g Amyotrophic lateral-

Missing teeth sclerosis

Baldness

Wound healing /

Myocardial

Bone marrow infarction

transplantatlo IS Muscular
‘currently establushed) :
dystrophy

Spinal cord i |njury Diabetes

-

Osteoarthritis <4 | \’_ % Multiple sites:
Rheumatoid arthritis Crohn's disease Cancers




To solve these problems,
our main tool is always the same



Collect data & learn from data




The world is very complicated...
We have to understand complex relationships across the data.

Basic questions about the data

 How random is the data?
« How large is its entropy?

 How large is the dependence among the instances?
Which variables are dependent, which ones are independent?
« How large is their mutual information?

1 How different are the distributions of the instances?
« How large is the divergence between the distributions?

Difficult & Important

= We need Entropy, Dependence, and Divergence
estimators to do machine learning




Entropy, Mutual Information, Divergence

C. Shannon
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Fernandes & Gloor: Mutual information is critically dependent on
prior assumptions: would the correct estimate of mutual (i
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Developing efficient estimators for mutual information and related
guantities is highly important in many applications.

Q “Mutual information” query produces 325,000 hits on Google Scholar, and the
first 10 papers have more than 30,065 citations.

L Most of these papers are application papers, e.g. in feature selection, computer
vision, medical image processing, image alignment, and data fusion. As we find
better estimators, such applications can simply use them .

0 “Big Data” search on Google Scholar produces 181,000 hits, and the first 10 hits
have 12,872 citations.

O Similarly, the “Deep Learning” search produces 106,000 hits, and the first 10
papers have 8,485 citations (as of May 28, 2017).
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How should we estimate them? o

S

Using Xi., = (X1,...,Xpn) i.i.d. sample ~ f
1

1 —«

Estimate Rényi entropy R, =

Iog/fa(x)dx

/
Naive plug-in approach using density estimation

1 histogram
1 kernel density estimation
1 k-nearest neighbors [D. Loftsgaarden & C. Quesenberry. 1965.]

Density: nuisance parameter
Density estimation: difficult, curse of dimensionality!

How can we estimate them directly,
without estimating the density?




ENTROPY ESTIMATION
without density estimation

S

Using Xi.,=(X1,...,Xp) i.i.d. sample ~ f

Estimate Rényi entropy R. =

1

1l — «

log / FUx)dx
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Rényi-a entropy estimators using kNN graphs

1 -

X1, ... X"~ fiid. samples in R? °|
Let p = d — da, k fixed. ot s

Let N ; be the set of the k nearest neighbours of X7 in {X1,... X"}
k,j

Nk,j n .
Calculate: 1, = > > ||V _XJHp
' j=1 VENkjj
O XJ
@ 1ny — 1 Ly
o © Hn(X77) = 125 109 (5d,p,k”a)
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Distances / Divegences between

Distributions

Euclidean: D(p,q) = (J(p(z) — q(a))2da) /2

Kullback-Leibler: D(p,q) = KL(p,q) = [ p(z) log gggdx

Renyi: D(p, q) = Ra(qu) — ﬁ Iog fpoqu—of

RENYI DIVERGENCE ESTIMATION
without density estimation o

o)

Using Xip={X1,..., Xnt~p Yl:m:{Yla"'aym}Nq

Estimate divergence Ra(pllg) = 1 - |Og/paq1—a
o




KL Divergence

Diw(PIQ) = [ p(e) 1 (%)) s



KL Divergence

Diw(PIQ) = [ p(e) 1 (%)) s



KL Divergence

Diw(PIQ) = [ p(e) 1 (%)) s



The Estimator

Renyi: Ra(qu) — Iog fpoz l—a

WQM | k= 2.

k> 1, fixed.
pr(1) : the distance of the k-th nearest neighbor of X; in Xy,
vi.(7) : the distance of the k-th nearest neighbor of X; in Y7,

Dao(pllg) = fpo‘qlo‘
G

@

5Oa()(l:??,||Y1:'m) —

((n — 1)%(’6)) r(k)>
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Machine Learning
on Complex Objects

Carnegie Mellon



Traditional Machine Learning

4 N - -
g h ( Training data "

Observations | = \Flgitgi —>| of feature

\ y \ y \ vectors y

i

4 )
ML algorithm:

classification,
regression,
clustering, etc

Carnegie Mellon



Complex Data is Everywhere

Finance Neuroscience

Zoom: id 5d lm 3m &m ¥TD iy Sy iOv AN
Ape 30, 2015 - May 01, 2015 +58,03 (1.17%)

UJMEJ @& Diffusion Weighted Imaging

Images




Generalize ML to sets and distributions

Most machine learning algorithms operate on vectorial objects.

The world is complicated. Often
» hand crafted vectorial features are not good enough
« natural to work with complex inputs directly (sets or distributions...)

Classify galaxy clusters
Deal O Each galaxy can be represented by a feature vector
4 O Each cluster can be represented by a set of these vectors

< O We can’t concatenate the feature vectors into a huge vector on
I 00 IVIL ONn tNESE UNKNOWT TOUTION ea by

7 =Y s e
a . a a




Distributional Data

Manchester United 07/08

Home Home Home

Owen Hargreaves

Shot Type
Goals

Shots on Goal
Shots

www.juhokim.com/projects.php



Medical tests:

\
blood pressure,

heart rate,

temperature, [~

blood sample
_/

Sateftfaatyeesctors

—

Classifier

ML on Distributions

° © healthy or sick?
Wz

Skandar dersadzunedaaomng

ey
S

What happens if we repeat the medical tests?

Carnegie Mellon



Distribution Regression / Classification

Y=1 Y,=0 Y,=1 Y.=0 2
1 1 t t t

Differences compared to standard methods on vectors

The inputs are distributions, density functions (not vectors)
L We don’t know these distributions, only sample sets are available
(error in variables model)

/‘:m—l—l

PEEEE W
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Support Vector Machines

S CO W ‘\Y\/ “confidence” = (WTXj + b) Yj

Margin »



The Primal Hard SVM

o Given D = {(x;,9;),t = 1,...,n} training data set.
e Assume that D is linearly separable.

) o
D - L (]2
W = arg min s||lw
gWeRm2H |
subject to y;(x;,w) >1, Vi=1,...,n
J

U
Prediction: fg(x) = sign({w,x))

This is a QP problem (m-dimensional)
(Quadratic cost function, linear constraints)

33



The Dual Hard SVM

Y =diag(y1,-..,yn), y; € {—1,1}"

K ¢ R"*" = {KZJ}:L;TL, where sz = <Xi,Xj> Gram matrix.

)

.
D & = arg max al1, — %aTYKYa
aceR™

subject to o; >0, Vei=1,...,n

_/
Quadratic Programming (n-dimensional)

T
Lemma W = QY X
1=1

T
Prediction: fg(z) = sign({(w,x)) = sign( > a,y; (X;,X))
=1 k(x;,x) 34



Distribution Classification

We have T sample sets, (X1,...,X7). [Training data]
{Xt,la e aXt,mt} = Xt ~ ps. Xt has class Y; € {—l,—|—1}.

What is the class label Y of X ={X4,..., Xm} ~ p?

Solution: Use RKHS based SVM!
Calculate the Gram matrix  K;: = (¢(p;), ¢(p;))x = K(p;, p;)

Dual form of S¥M:

1L .
a = arg ma>1<P Z o — Ezaiajy’iyjKij7 SUb_]eCt to Zz oY, = 0,
*Sp =1 0] 0<a;<C.
Y =sign( ) auK(pi,p)) € {—1,+1}
i=1

Problems: We do not know p;, p, K(p;,p;), or K(p;,p)...
35



Kernel Estimation

Linear kernel: K(p,q) = [ pq
Polynomial kernel: K(p,q) = (/ pq + ¢)*
Gaussian kernel:  K(p,q) = exp(—5:2(/(p — ¢)?).

We only need to estimate fpaqﬁ terms.

We already know how!

£~

We can also try to use other u(p,q) divergences, e.g. Rényi ...

The {f(\i,j}ij Gram matrix might not be PSD!
Solution: make it symmetric, and project it to the cone of PSD matrices

36



Object Classification

0.9 é E : O BoW: 88.9%
o L - é = . 0
g o8sk B ? Ak _ -  NPR: 90.1%
< 0.8} é I = L
5 = T é]
075k 2-fo|d CV16 runs =

o @‘” ‘@ %Q

Poczos, Xiong, Sutherland, & Schneider, CVPR 2012 .



Outdoor Scenes Classification

Oliva and Torralba, 2001

coast forest highway cnty A Best published: 91.57%
i — (Qin and Yung, ICMV 2010)

O NPR: 92.3%

' -
0.9} '; = —_
8
: ) " J 0.85} =

mountain  country street taII building < =

0.8F
i : =
8 categories, 2688 images, —
each represented by 1815 53 dim points. ..o o *VO i \"*' gﬁ”

10 fold CV, 16 runs

Poczos, Xiong, Sutherland, & Schneider, CVPR 2012
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Sport Events Classification

badminton bocce croquet polo climbing rowing sailing snowboard

8 categories, 1040 images, each represented by 295 to 1542 57 dim points.

——
0.85f =, |
o 08f ¥ = |  Best published: 86.7%
g 0.75] _ % i (Zhang et al, CVPR 2011)
S 07} = | |
Y | 0O NPR:87.1%
06F : : . T : : .
NP SRR VARNON VI =
® & O/QQ @x\* ™ $Q$
©)

2 fold CV, 16 runs Poczos, Xiong, Sutherland, & Schneider, CVPR 2012 39



Detecting Anomalous Images
B. Poczos, L. Xiong & J. Schneider, UAI, 2011.

= i
"ni ]
)

.

.

2-dimensional sample set representation of images (128 dim SIFT = 2 dim)

Anomaly score: divergences between the distributions of these sample sets
40



Detecting Anomalous Images
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Cosmology Applications

Carnegie Mellon



Scientific Applications

o Find new “scientific laws” / do better prediction

(e.g. in estimating the mass of galaxy clusters)
o Find interesting/anomalous objects in the sky
o Recommend experiments to find the parameters of Universe

Image credit: nasa.gov, Hubble Space Telescope Ca['lleﬂie B"'lell()ll



Find new scientific laws in physics

. i .

Goal: Estimate dynamical mass of galaxy clusters.

Importance: Galaxy clusters are being the largest gravitationally bound systems
in the Universe. Dynamical mass measurements are important to understand the
behavior of dark matter and normal matter.

Difficulty: We can only measure the velocity of galaxies not the mass of their cluster.
Physicists estimate dynamical cluster mass from single velocity dispersion.

Our method: Estimate the cluster mass from the whole distribution of velocities
rather than just a simple velocity distribution.
Carnegie Mellon



Support Distribution Machines
(SDM) Regressor

From a distribution, predict a scalar.

/ \

galaxy properties: cluster
line of sight velocity, log(mass)

plane of sky position

Carnegie Mellon



Estimate dynamical mass of galaxy clusters

Test Catalog

PL1:

— M) power law
2.0r PL2: I
== Mr, ) power law with «
" ML1:
P Y ot 5DM with vy
1-5- _'- l. '-:.-“ -
- ML2:
E © S5DM with || & |, /o,
A 1.0 -
0.5} ’ ]
A
,-"':',-'
/i:r
0.0b—=" . R
—-1.0 -0.5 0.0 0.5 1.0

(Mpeq— M)/ M

Michelle Ntampaka et al, A Machine Learning Approach for Dynamical Mass Measurements of
Galaxy Clusters, APJ 2015 Camegle Mellon



Neural Networks

hidden layer 1 hidden layer 2 hidden layer 3

input layer

™

2

Carnegie Mellon



Convolutional Neural Networks

lnput layer: 32x32

convolution layer

C1: 6x28x22

S2: exril4xl4

subsampling layer

C3: 16x10x10  S4: 16x5x5

convolution lager | subsampling lager |

fully connected networ

(LeNet)

Input =

A Kernel YW

o1 = ¥p1Wpp + XpzWpq +
HyzWip + Ry

)/ Dot Product \/L

Output

feature extraction

| classification

1M
a

T

I

-

|

|I|I T
[
ITTT
[T
[T
TR

[]
|

3x3 convolution

Input
3x16x16

Output feature maps
8x16x16

Carnegie Mellon



Imagenet Challenge

m‘lfe

container shi motor scooter apopard

mite container ship motor scooter leapard

black widow lifeboat go-kart Jaguar
cockroach amphibian moped cheetah
tick fireboat bumper car snow leopard

starfish drilling platform golfcart Egyptian cat
» . > v

b/

9" e mushroom C errx adagascar cat
convertible agaric dalmatian squirrel monkey
grille mushroom grape spider monkey

:[J pickup jelly fungus elderberry titi
beach wagon J gill fungus |ffordshire buliterrier indri
fire engine || dead-man’'s-fingers currant howler monkey

Carnegie Mellon



Self-driving Cars

Credit: Kaiming He (https://youtu.be/WZmSMkK9VuA)

Carnegie Mellon



Caption Generation

A person skiing down a A group of giraffe standing
next to each other.

b, 23

Carnegie Mellon



Weak Lensing Challenge

CMU DeeplLens
Carnegie Mellon



Image

CMU Deeplens: Deep Learning For Automatic |

Image-based Galaxy-Galaxy Strong Lens l ELU, B. N
Finding =TT
R oo J: _______________ | ResNet-16-32 |
Batch Norm. ;

| ResNet-16-32 |

!

| ResNet-32-64, /2 |

4

Non Linearity

output size:

Batch Norm. 64x23x23
3 1
Non Linearity | ResNet-32-64 |
¢ h 4 ¢
[Convix,16] | 1x1,64, /2 |[ 1x1, 32, /2 | | ResNet-32-64 |
.2 {
Batch Norm. Batch Norm. — output size:
+ + | celiet 64-128, /2 | 128x12x12
Non Linearity
| ResNet-64-128 |
;

| ResNet-64-128 |

| |
| |
| |
1 |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
1 |
| |
| |
| |
|
! |
: Non Linearity : ¥
) I
| |
1 |
, I
X I
\ |
| |
| |
| |
| |
) I
| |
| |
, I
| I
| I
| |
| |
| |
| |

[ = e e e e e e e e e e e e e e e e e e e e e e e - -

Batch Norm. Batch Norm. l
+ . + - output size:
Non Linearity Non Linearity I ResNet-128-256, /2 | 256x6x6
2
¥
J | ResNet-128-256 |
G + ! _
I N | | ResNet-256-512, /2 | O“Etg‘;gfge:
¥Output [32xNxN] Output [64x(N/2)x(N/2)] 1
| ResNet-256-512 |
(a) ResNet-16-32 (b) ResNet-32-64, /2 T
ResNet-256-512
Left (a): ResNet-16-32 unit, preserving the size and depth of the input. ia"'g_p”l _
Right (b): ResNet-32-64,/2 unit simultaneously increasing the depth of the fc 1 siemoid otput sze il

output (from 32 channels to 64) and downsampling by a factor 2 its resolution

Carnegie Mellon



Results

Name type AUROC TPRy TPRjo short description
CMU-DeepLens-ResNet-ground3  Ground-Based 0.98 0.09 0.45 CNN
CMU-DeepLens-Resnet-Voting Ground-Based 0.98 0.02 0.10 CNN

LASTRO EPFL Ground-Based 0.97 0.07 0.11 CNN

CAS Swinburne Melb Ground-Based 0.96 0.02 0.08 CNN

AstrOmatic Ground-Based 0.96 0.00 0.01 CNN

Manchester SVM Ground-Based 0.93 0.22 0.35 SVM / Gabor
Manchester-NA2 Ground-Based 0.89 0.00 0.01  Human Inspection
ALL-star Ground-Based 0.84 0.01 0.02  edges/gradiants and Logistic Reg.
CAST Ground-Based 0.83 0.00 0.00 CNN /SVM
YattaLensLite Ground-Based 0.82 0.00 0.00 SExtractor
LASTRO EPFL Space-Based 0.93 0.00 0.08 CNN
CMU-DeepLens-ResNet Space-Based 0.92 0.22 0.29 CNN
GAMOCLASS Space-Based 0.92 0.07 0.36 CNN
CMU-DeepLens-Resnet-Voting Space-Based 0.91 0.00 0.01 CNN

AstrOmatic Space-Based 0.91 0.00 0.01 CNN
CMU-DeepLens-ResNet-aug Space-Based 0.91 0.00 0.00 CNN

Kapteyn Resnet Space-Based 0.82 0.00 0.00 CNN

CAST Space-Based 0.81 0.07 0.12 CNN

Manchesterl Space-Based 0.81 0.01 0.17  Human Inspection
Manchester SVM Space-Based 0.81 0.03 0.08 SVM / Gabor
NeuralNet2 Space-Based 0.76 0.00 0.00 CNN / wavelets
YattaLensLite Space-Based 0.76 0.00 0.00  Arcs / SExtractor
All-now Space-Based 0.73 0.05 0.07 edges/gradiants and Logistic Reg.
GAHEC IRAP Space-Based 0.66 0.00 0.01 arc finder

+ 3. The AUROC, TPRgy and TPR|g for the entries in order of AUROC.

Carnegie Mellon



(a) True positives single images

Euclid lens finding challenge
(ground based ROC curve)

CMU-DeepLens—ResNet-ground3 Manchester-NA2
2 1.00-
0.75-
= 0.50-
(o]
0 0.25-
(<))
15 0.00 = e e e = e e e
0.00 025 050 0.75 1.000.00 025 050 0.75 1.00
False Positive Rate

Metcalf et al. (in prep.)

(b) False positives single images

Carnegie Mellon



Find the parameters of Universe

Given a distribution of particles, our goal is to
predict the parameters of the simulated universe
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Find interesting Galaxy Clusters

Sloan Digital Sky Survey (SDSS)
O continuum spectrum
1505 galaxy clusters
(10-50 galaxies in each)
17530 galaxies

Bein
= | H\r‘\r‘
& ‘

f *r'“

Blue galaxy

Red galaxy

What are the most anomalous galaxy clusters?

The most anomalous galaxy cluster contains mostly
[ star forming blue galaxies
A irregular galaxies

B. Poczos, L. Xiong & J. Schneider, UAI, 2011.  credits: ESA, NASA Carnegie Mellon



Generative Neural Networks

Carnegie Mellon



Generating Realistic Galaxy Images

Generative Adversarial Networks

min max V' (D, G)
& n

V(D,G) =By pyora(@) 10 D(@)] + Bz oy, () [log(1 — D(G(2))]

/ O real data S
o - sigmoi
’l B pdam( ) -—-ﬁ_\function
B | Discriminator| 1
Network 0
z ~ p.(z) | Generator D(x)
® Network |— 78 i
prior G(Z) generated :
data

Carnecie Melln



Generative Neural Networks
For Art

Carnegie Mellon






Generating Realistic Galaxy Images

| nature International weekly journal of seience

Home | News & Comment | Research | Careers & Jobs | Current Issue | Archive | Audio & Video | For A

< &=

Astronomers explore uses for Al-generated images

Neural networks produce pictures to train image-recognition programs and scientific
software.

S. Ravanbakhsh, AAAI 2017 Carnegie Mellon



visual Turing test
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Learning Relationships from

500 , , , , Goal: predict the number of
@ o ) galaxies in a halo from a
< wil = | half dozen dark matter halo
< %
< “ B parameters
Y
S 300+ Z i i i
o o e (#particles in a halo, velocity
£ . . e dispersion, max circular
C o x E ] - o .

., XB% velocity, half mass radius,...
g ok : -
Q g ¥
Fl data: Millenium simulation
= 395,832 halos
100 200 300 200 500
true number of galaxies method: support vector
regression

[Xiaoying Xu, 2012]
Carnegie Mellon



Learning Relationships from Simulations

Given a distribution of particles, our goal is to predict the redshift value that
the particles were observed in.

Redshift; 0.9107

Redshift: 3.0956 [time]

00 Double Basis vs. Hand Picked Features
0.25r

0.2

T

0o @>@

MSE

O@(&m

0.15-

0.1 : :
BB Feats



ML to Help Understanding Turbulences

-

v

Carnegie Mellon



Goal: fildwertistend events,

Simulated fluid flow through time
(JHU Turbulence Research Group, Alex Szalay)

Turbulence Data Classification

L TV Y Y ANNNNNN A S ST s
ﬁ\\\\\\l.[ PAANAANNNNNNN | | mrrr s s 071
}?\\\\\\\\J /1 AN N NN N NN PP A N A I B
P ,\‘\\\\\\\1 /1 WAV NN N NN P A A \
1\\\:‘:‘:‘_::1 V4R VNN N NN NN P A NN
IR EENENNNY I I AN NA NN e L
PANN N L VAV B TANENANA NA N NN e
FYNN N N o *L\ S/ VN NNNNN |
POANNN NS NN NN
//\\‘\\v\hf/" AN A BN NANANAN .
NN D P NN O
Positive (vortex) Negative Negative
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Anomaly scores
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Classification probabilities
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Agriculture

Carnegie Mellon
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Surrogate robotic system in the field

Carnegie Mellon



Surrogate robotic system in the field

The surrogate system collecting data at the TAMU field site. The carriage supports two boom assemblies each

one of which carries a sensor pod. The carriage slides up and down on the column allowing full scanning of a
plant.

Carnegie Mellon



Surrogate robotic system in the field

4f
moves up and down the column at

74 a constant scanning speed. At its

# highest travel point the assembly

W clears the canopy (right).

Carnegie Mellon



Data collection with sensor pods

A sensor pod is deployed into a row and scans a plant

Carnegie Mellon
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Name Range RMSE error
Leaf angle* 75.94 3.30 (4.35%)
Leaf radiation angle*  120.66 4.34 (3.60%)
Leaf length* 35.00 0.87(2.49%)
Leaf width [max] 3.61 0.27 (7.48%)
Leaf width [average] @ 2.99 0.21 (7.02%)
Leaf area* 133.45 8.11 (6.08%)

Carnegie Melion



FuSSO = Functional Shrinkage and Selection

Operator
(Functional Lasso)

Carnegie Mellon



Sparse Functions-to-Real regression

When the number of functional input covariates may be very large, a
sparse model that depends only on a few of the functional covariates may

be preferred:

Goal: Finds a sparse set of functional

input covariates to predict a real-valued
I, @ response.

Carnegie Mellon



FuSSO Applications in Neuroimaging

Inputs: Functions at each voxel (e.g. orientation distribution functions)

Output: The age of the subject

Voxels’ ODFs

Image credit: http://bmia.bmt.tue.nl/software/viste/ Carnegie Mellon



Results: Neuroimaging dataset

[ Dataset with over 25K functions per subject for 89 total subjects
(18 to 60 years old)

O Orientation distribution functions (ODF) at white matter voxels

1 Goal: Predict the subject's age, given ODFs

1 We compared to LASSO with peak ODF (quantitative anisotropy, QA)
values. Finite dim non-functional data set.

20 ~ Ages

Example 01 _
Voxel ODF 005

00547

01418

01 TSR
: 2 oo 40 60 80
Image Sources: http://www.agingZ.com/wp-content/upIoads/2013/05/Screen-Shot'-%113-05-28-at-9.48.49-PM.png; Age

http://media.salon.com/2013/02/money1.jpg; http://3278as3udzze1hdk0f2th5nf18c1.wpengine.netdna-cdn.com/wp- .
content/uploads/2010/10/connectome-brain-diffusion-spectrum-imaging.jpg Carllegle Mellon



Results: Neuroimaging dataset

Results:
Method: |FuSSO LASSO Mean
(ODFs) (QAS) Predict
MSE: 70.85 77.13 156.43

Selected Voxels

BU—"E'"
50‘
40'"?3' X
30'

1047

.........

Sl R 20

s D .
Mean error: 8.3 years, Naive approach error: 12.5 years Carnegie Mellon



Active Learning &
Design Optimization

Carnegie Mellon



Recommend experiments to find the true

parameters of the unjverse
9(6)

surrogate function \
='W N

parameter S[/Ce

tru
paramgeters

[ hypothetical

NASA/ESA

" NASA

real noisy
universe observations

mathematical simulated
model observations \

hypothesis
test

parameters, 0

= 17 °/

0
0 200 400 600 800

Computation problem: How to search parameter space

Solution: Learn a surrogate function and make

experiment decisions using it CarnesieMellon



6 —»|Simulator

X Sim
\ {/-[\I\——IX .
q
i Observation /

Question:

How well can we estimate Py x ,  with a few queries ?

Existing methods:

= MCMC - evaluate likelihood and then keep/reject sample using a test.
= ABC - "Likelihood Free’, but sampling is also expensive.

= Nested Sampling, Kernel Bayes’ Rule

None of these are designed to be query efficient.

Carnegie Mellon



Gaussian Processes

Main ldea
 Posterior estimation via regression.
« Actively select points based on current observations.

GP
» A random process on © C R¢.

» A distribution over functions f : © — R

» Characterised via a mean function p(-) and a covariance
kernel k(-,-) — written f ~ GP(u, k).

» Function value at any finite set of points {01,...,60,} are
jointly Gaussian,
I f(@l) ] i /L(Ql) | i k(@l,gl) k(@l,gn) |
5 ~ N | 5 5
- f(0h) | w(0n) | | k(0n,01) ... k(0n,05) |

Carnegie Mellon



Prior vs Posterior GP

.......................................................................................

Carnegie Mellon



Regression for Posterior Estimation

_ Lxas(0)Po(0)  Lxqs(0)Po(6)
P9|xobs(9|X0bS) — fe Zxobs(g)?:)ﬂ(g) — XP(XobS

We work in the log joint probability space:
l0g Lx,,, () Po(0)
We have a regression algorithm,
At = {0;,108(Lx s (0:)Po(61)) oy — P46, Xobs)

exp PA: (Xobs, 7)

PAt(6]Xobs) = ~
( ‘ obs) f@ expPAf(Xobs,Q)

Carnegie Mellon



Which is the better estimate ?

Carnegie Mellon



Optimisation vs Active Regression
vs Active Posterior Estimation

Optimisation
Active Regression
Active Post-Estimation

Yes
No

Carnegie Mellon



A framework for Active Regression

» An iterative greedy algorithm that picks the next point based
on the points we have thus far.

» At time t, we have observations at t — 1 points:
Ac-1 = {0;,108(Lxq, (0)) Po(6:))} 121

» Design a utility function u; : © — R using the posterior GP.
ut(6) captures value/utility of querying at 6.

» Choose 0; = argmaxycg u:(f).
» Repeat.

Utility:
Pick the point with the largest uncertainty

Carnegie Mellon



A framework for Active Regression

But .. Our GP is over the log joint probability
—> pick largest variance in exponentiated GP.

Carnegie Mellon



Experiments
A simple one parameter problem,
» ©=(0,1), Py:Beta(1.2,1)
> Xobs = {X1,..., X500}, X; ~ Bern (6% + (1 — 0)?).

» A bimodal posterior

| — 8 MCMC—D]L'.

KL Divergence

10° 10
Number of Queries

Carnegie Mellon



Experiments

A two parameter problem,

1 T 14 T 34 T 24 T T T T T T E T
22 15 i '
09} 6 8 i
37 o 35
0.8} 46 29 ~‘;§§6§&f{;“. 1
71 . .098, . gz, 45 44
082940 684
ol ﬁ_%i &J_ o 3] o
x - 63 g
9 23 =
06} 38 3 ¢
2 O,
42 H
0.5} 11 1 @~"~-2 10
49 o onag >
ST ggored® | o & MCMC-T
”s 760 Bﬁ ) 4 - MCMC-F
R ‘ RAND
16 L NED
7 20
18
1 3I1 L 1n 1 L 1
05 06 07 08 09 1 10° 10% 102 10°

Number of Queries
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» Likelihood given by Robertson-Walker Metric

T
N h T EeX

——&— MCMC-DE

10° | Emcee ||

ABC

—*— MCMC-R

RAND

<3 NED
1 —e6—EV

KL Divergence

163
Number of Queries
We use supernovae data for inference on 3 cosmological parameters: Hubble Constant

(HO € (60, 80), Dark Matter Fraction QM € (0, 1) and Dark Energy Fraction QA €
(0, 1).

The likelihood for the experiment is given by the Robertson— Walker metric which
models the distance to a supernova given the parameters and the observed red-shift.

The dataset is taken from Davis et al [2007].
Carnegie Mellon



Type la Supernovae
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o)

If you are interested, contact me! ©
bapoczos@cs.cmu. edu GHC 8231
Functlonal data and density

functionals have so many
applications!

Some results on

regression/classification/anomaly
detection/ Lasso

Lots of missing theoretical results:
Lov— , . :

Carnecie Melon



