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- Conditional Neural Process (Garnelo et.al., ICML2018)
- Neural Processes (Garnelo et.al.,, ICML2018WS)

LEEDOFEER D
- Attentive Neural Processes (Kim et.al., ICLR2019)
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Targets f* =(f{. f5, ..., fiy) for input (x3, x5, ..., x3,) apEe—
Observation y = (y4,¥3, ..., yn) for input (x4, x5, ..., xy) N'T T Communications
N M
KNN KNM

<= )7

p(y,f*) NN(OaK)

p(f*ly) ~N (KJT\;MKJG}V?/’KMM — KJTGMKJQ}VKNM)

Kyy Kuwm

given joint model :

—ZC.

k(x1; xl) k(xlixN) . Y
KNN = ( : : ), k(xl-,xj)=k9(xi,xj) (@%Td:jj_*)bﬁ'a;&)

k(xn, x1) k(xn, Xn)

observation conditioned sampling :
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Gaussian Process vs. Neural Network

to black box function O O O
probabilistic O A(limited model) O
flexibility (to new data) O X O
computation cost X O ; O
(in inference)
representation ability O © ©
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Gaussian Process vs. Neural Network

to black box function O O O
probabilistic O A(limited model) O
flexibility (to new data) O X O
computation cost X O ; O

(in inference)
representation ability
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Y1 ” Yo Ya ][ r
formulation :

....................................................................... ) ] =)

observations O = {(zi, %)}, C X XY

architecture : >

¢ Our Model

Observe  Aggregate Predict

targets T ={Z}imprs1 € X ' » Points:
ri = ho (Ti,ys) Y (25,y:) € O L EoKDNSEESVSETIL? ?

representation vector: r=r1®rod... 11 D1y

6, YyDOFEFIFEZTITIRD TR,

distribution parameter : ¢; = gy (%i,7) V(z:) €T (Loss’i & (Ziih)
Qoy (f (z:) | O,2:) = Q(f (i) | 9i),  HERZDEDENEDT —FTEEDIFTTITDS
e.g. ¢i = (i,07) in N (us,07) - DT EOBRRT

------------------------------------------------------------  SBERSHE(CDRNB
hg, gy : Neural Networks ;

a(ry.y) =@ : commutative operation :
g rMPro® ... 118y =2-) . T

M

FEz=DFE (Meta-Learning)



Conditional Neural Process “*n““‘\#

» architecture : >

» formulation :

observations O = {(:z:,;,yz-)}f":]L CXXY

N+M | :
targets T={zi};—n 1 CX . » Points: {

. p Reuse training data also in test

ri = ho (T, Y; V(x;,vy;) € O i .
| o (Zir Y1) ¥ (@i, i) . (prediction) phase
representationvector: r=7r1Gro®... 71 DT, !

V(z;) €T i » thought as shifting training cost from
' training phase to test phase

distribution parameter : ¢i = gy (Zi,T) ,
Qoy (f (zi) | 0,2:) = Q(f (=) | ¢z‘)§
e.g. ¢; = (1i,07) in N (ps,07) :

he, gy @ Neural Networks - > Scalability

a(r;.y) =@ : commutative operation » in test phase, this model scales O(N +
g T P12 ... T 1 DTy, = % D ii1 T M), otherwise GP scales O(N?)
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onditional Neural Process
C oyoyoxolnnnge
» architecture : g § Y1 l [ ¥2 Y3 l - ‘/0" g
S
» formulation :
----------------------------------------------------------------------- o [x|[%][x] MES
observations O = {(zi,¥i)};=y CX XY Observe  Aggregate  Predict
targets 1= {xi}it\,ﬂ_{l C X » Points:

» Why commutative &?
ri = hg (T3,95) VYV (x5,9;) €O '

representation vector: r=r; ®ro®... 1,1 D17y
distribution parameter : ¢; = gy (zs,7) V(x;) €T
Qoy (f (z:) | O,2i) = Q (f (24

e.g. ¢i = (ui,07) in N (us,07)

» even if training data is permutated,
we want same result

» Flexibility to new (training) data

» for all observation, use the same encoder

__________________________________________________________________________ h and a
hg, gy : Neural Networks . » new training data can be encoded as well,
a(ry.y) =@ : commutative operation | thanks to commutativity and training data
1 |
€.g. rM@Orod@... . 1r_1DT, = 5271:17'7;: reuse



Conditional Neural Process

[
3
. =
» architecture : > =
@
» formulation :
_______________________________________________________________________ (&)
observations O = {(z;,y:)},_; CX xY
targets e {xi}?i*]”vj‘il cX
ri = hg (zi,y;) YV (zs,y:) € O
representationvector: r=r;®rod... 1,1 DTy
distribution parameter : ¢; = gy (Z?) Yi@) €T

Qo (f (z:) | O, ;)

- 1
&

OXO a‘\'o

] 0] B 0K G

O
Xg

2 ) e ] (] o |
Observe  Aggregate Predict
» Points:

» Probabilistic model

» can consider the distribution of f(x;)

//> Can’t provide (correct) joint distribution

of f* = (F(Xn41) f(XNs2)s ooos F(XNim))

— (,UZ,O'Zz) IHN(MZ,O'ZZ

)

hg, gy : Neural Networks
¢ : commutative operation

g r DProd...rp—_1 D1y

% D i,

only provide distribution in each
prediction point f(xy+;) (GP is not)

=using assumption of factorizability

Qo(f(T)|0,T) =[] Qo(f(z) | O,x)

€T



.. (0,¢9) - 0lCF EHTEREL
Training :

in training

¢ Our Model

likelihood loss : £(0) = —E¢.p [*n [log Qo ({yz}fll | O”’n{xi}’il)”

In the training phase, varying the ratio of training data and test data

Approximate expectation by Monte Carlo estimate sampling f and n

Experiment :

function sampled from GP (1-D regression) MNIST (2-D regression)

5 context points 50 context points
GPs (expect best
performance) "o

N
N

-2 -1 0 1 2 -2 -1 0 1
v

Context

Mean

Variance

N

Number of context points

784

X4 X2 X3 X4 X5 Xg | ...
N |
N
n ~ uniform [1,..., N|

Mean Context

Variance

O {(xzvyz)} =1 C O

Celeb A (2-D regression)

Number of context points

100 1000

HEEC
$|s|F]®
4 ]
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observation conditioned sampling : p(r;g]ac:lg: d variance)

0.2

* observe 2 9.
1 0.0 / .
~ &0z ' = 01 / \/' \ = 0
N | | 2 A\ | | v | | 8
~ -0.4 X
E =2
-1 -0.6 e observe

e observed

f(x)
f(x)

N

r T T T T g 3 . . . -4 . i
0 /2 n 3n/2 2n T T T
/ / 0 n/2 I; 3n/2 2n 0 n/2 r; 3n/2 2n True > 23 312 n

No data 1 data 10 data — predict

CNPs can’t get the correct joint distribution of f* = (f (xy+1), f (Xn+2), oo f(XN+Mm) ),
and only get distribution in each prediction point f(xy.;), using assumption that
there is no probablistic correlation between outputs

Then the prediction, usually it seem best to use mean of distribution, don’t have

coherence (=not show the most likely one function, but show ambiguous layered
functions)

Numbér of context points

40 200 784

e
alala
8]3lajq

Number of context points

1 10 100 1000

1

Context
Context

Can’t sample a coherent output

Mean
Mean

—Neural Process T#ER !

Variance
Variance



e

N'T T Communications

—

FIEDERH2

© NTT Communications Corporation All Rights Reserved.



showing again

. - ,. Lo N NS
l1tional Neural Proces: “&\.o

g ° o Q Va || ¥s || ¥
. . = <V
architecture : g 3 s ” Y2 || l - ‘/0 g 0
formulation : o

....................................................................... ENIESIES Xg || %5 || %

' O={(zs¥:)}ie; CX XY
observations {(x y)}z_l Observe Aggregate Predict

targets I = {ﬂfi}f\z—vﬂil C X > Points:
ri = ho (Z4,9;) VY (xi,y5) €O
representation vector: r=7r1 Oro®... 71D Ty,
distribution parameter : ¢; = gy (z;,7) V(z;) €T 5
Qoy (f (i) | O,z:) = Q (f (2:) | b:)

hg, gy : Neural Networks
a(ry.y) =@ : commutative operation

1 5
eg T @ro® ... T 1®rp =) _Ti



Neural Process
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» architecture : > )\ Decoder /
» formulation : prior : p(z) =N(0,1

___________________________________________________________________________

r; = he (%, y;)
r=r19OroPb...7r

2z~ N (u(r), Io(r

function value (random): f(x)= gy (%4, 2

representation vector :

latent variable:

hg, g4 : Neural Networks
a(ry.y) =@ : commutative operation
€8 F1r &P D i wsThn—1€0 T

% Z?:l )

Z :latent variable

go(x;

) = P(y | z,x:) : prediction

o) (=2) (=3
i . \Qcoder & Aggryéatoy
. p Points: /

Introduce latent variable z

» ris deterministic parameter, but z is
random variable

» z represent for randomness of function f

» so if given particuar z, the function f have
coherence

» Image of coherence

>

latent random varlable z
e \hoose(generate)

1
function functlonz functiong - -

P | | .




Neural Process

» architecture : >

prior : p(z) =

Z :latent variable

» formulation : N(0,1)

___________________________________________________________________________

observations O = {(z;,y:)}i., C X XY

go(xi) = P(y | z,xi) : prediction

targets P i o € » Points:

1= N—I—l
........................................................................... . » Instead of coherence, can’t analytically

ri = ho (z5,y;) VY (z4,y;) €O get prediction mean and variance (only
representationvector: r =pr; @ro®...7,_ 1O, sampling)

; = 0 ’

1 ‘ .'f‘j‘}?f‘i;\ ,f‘ }}"'f‘i L ""t:f" 3
' ST peaier Ol e il

|

' ncoder & Aggregator
|

|

|

|

|

|

|

» we can get prediction by Monte Carlo
method ] 1

latent variable: 2z~ N (u(r), Io(r))
function value (random): f(x)= gy (%;,2) V(x;) €T

hg, gy : Neural Networks
a(ry.y) =@ : commutative operation
eg. 1 BroD.. . Th—1DTn = lzn_l ()

1-D regression
experiment
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architecture :

formulation :

___________________________________________________________________________

observations O = {(z;,3:)};., C X XY

targets T'=4z }fv “]LVAil

ri = ho (zi,v:) V(zi,y:) €0
representationvector . r=r dro®...7,_ 1 D71,

latent variable: z~ N (u(r), Io(r))
function value (random): f(x)= gy (s,2) V(z;) €T

hg, gy : Neural Networks
a(ry.y) =@ : commutative operation
€e.g. Do D ; 5T 60 Py = lZ?:1 T

n

ro rs ‘ x4J i
. Decoder
2 @ @ /Prior: p(z) = N(0, )

|
/r—'l/lj /7.1/2?“ r?/';\ Z :latent variable
||| [ go(xi) = P(y | z,xi) : prediction
21| (|22 |25
£ncoder&Aggr :tor
Points:
coherence less ambiguous

|
same experiments

Number of context points
15 30 20 1024

Number of context point

2000

Sample 3 Sample 2 Sample 1 Context
ﬂ n m .- .' :'

4 .
m a m .‘
m m m I. . | : \:

Sample 3 Sample 2 Sample 1 Context



.. inference

» architecture :

» formulation :

r; = ho (zi,y;) V(zi,9:) €0
r=r1Pr2D.
2~ N(u(r), 1 0(7‘))

function value (random): f(x;)= gy (3,2) V(z;) €T

representation vector :

latent variable:

hg, gy : Neural Networks
a(ry.y) =@ : commutative operation
eg. 11 ProD..

n

1
Tn—1DTn = n Zizl )

y | z,xi): prediction

» Points:
» Using the idea of VAE

» they are very similar architecture
(next slide)

» in both of model, loss form is based on
theorem of amortized variational
inference




Neural Process and VAE

VAE CNPs NPs
9
[Decoder] [ Decoder J [ Decoder J -
prior po(X | 2) go(Y | X,7) 90(Y | X, 2)
2~ NOD t t 7 N ©.1)
I.atent Variable Latent Variable Latent Variable
2 ~ NV (u(z), diag(a ()} | r = Z" \Ti | |2~ N(u(r),o*(r)I) o
! } r=ar
[Encoder J Encoder Encoder
gs(z | X) m. Yi) hO(mz Yi)

x

8y @D

generative part

inference part



Amortized Variational Inference variational inference image

» Sorry for not touching detail ¥
KL(QHP)‘ [

» In NPs (or VAE), model gives prior p(z) and p(v|z) (in VAE : p(x]|2))

» but posterior p(z|y) = fpp&’fgzg;dz is intractable (because p(y|z) is DNN

modeled, integration is difficult) ELBO
L(q,0™™) In p(X[0™")

» so use alternative distribution g4(z]y) (modeled by DNN), and farame
work of variational inference

|

for any q(2) instead of log likelihood, maximize ELBO (Evidence Lower BOund)

log po(y) = £(g,0:¥) + Drcc. [a(2)|[po(z | ¥)] (£G@.6%) = [ a)iog ™7 da

» in Amortized Variational Inference, g4(z|v) as q(2)



Objective Function of NPs

» Given observation, as training data, O = {(mi,yi)}éil cXxY ;
and then, for prediction training, we split N data into data of 1:n and dataof n+ 1: N .
resulting objective function, ELBO is like bellow :

g2 | Zrsilng)

rr ‘ ‘ — /

4J
q(z|z1:N,Y1:N) q (Z ‘ L1:N yl:N)

logp(yn-}-l:N ‘ xl:Naylzn)

2=n-+1

reconstruction error generalization error
b Opart is hard to analytically calculate, so approximate using q(z|xi.x, V1.x)

» Expectation is approximated by Monte Carlo estimation (same as VAE)
advance) using reparameterization trick for back propagation

z = u(r) + o(r)e, where € ~ N(0,1)




