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1 - Standard Dropout Introduction
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a) Standard network

X(I+1) — W(l+1) y(l)+b(l+1)

y(1+1): O(X(1+1))

Original dropout method

[ele]



Original dropout method

(a) Standard network (b) Dropout network

z(l):(zl, z,,...) with z.~Bernoulli(p)

~ (—(, 0,0 (1) (1)

(1+1)

y :O_(X(Hl))
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Original dropout method

(a) Standard network (b) Dropout network

z(l):(zl, z,,...) with z.~Bernoulli(p)

~()_— (1) () —¢ () (1) (1)
(1+1) _or(1+1) (1) 4 p.(1%1) yi=zloy =z, y,.2, v, )
XTEWTy +b (141) _ var(11) mal) + 3. (141) _[c,r(141) 3. a0 1), (1)
(1+1) (1+1) x""=w" VP p" V=W " Vdiag (") y'"+b
Y :U(X ) (1+1) _ (1+1)
y' " =o(x")

[ele]



Original dropout method |:C]Ci|

(a) Standard network (b) Dropout network

z(l):(zl, z,,...) with z.~Bernoulli(p)

=70 yl=(50 0 00 )

(1+1) _ 7 (1+1) (1) 1 (1+1) y
x =Wy +b

(1+1)_ (1+1) (1+1):W(1+1)y(l)_l_b(m):{‘,v(m)diag(Z(l))J y(1)+b(1+1)
y =g (x"Y)

y(1+1): G(X(1+1)) A~

W((ff/}l)zwg}}l)z%)ZO if z;,=0 column S vanishes

~




Original dropout method

(a) Standard network (b) Dropout network

z(l):(zl, z,,...) with z.~Bernoulli(p)

S () (D) () (1) (1)

y(1+1): O(X(1+1))

~

(1+1) _ (1+1) A~
=0\ X (I+1) _ yu7(1+1)

[ele]

Dropout interpretation: Ensemble model

C);) CS é Model 1
@ @ @ Model 2
@ @ @ Model 2"

(Hl):W(Hl)?(1)+b(1+1):{‘47(1+1)diag(Z(l))J y(1)+b(1+1)

z%)ZO if ;=0 column g vanishes



Original dropout method |:0Ci|

Dropout interpretation: Ensemble model

C);) CS é Model 1
O O © wz
® ©® ©

Model 2"

Inference:
a) Standard network (b) Dropout network

E[V]=Elz,y,]J=py+(1-p)0=py,

2"=(z,,z,,...) with z,~Bernoulli(p) E|[ 1]:@11@3/] +b; == [ WoapW

=20y "=y 2.
(1+1):W(1+1) +b1+1 { (1+1) dlag( )Jy(1)+b(1+1)
(1+1):G(X(1+1))

X(1+1) — W(1+1) y(1)+b(1+1)

~

(1+1)

y :O_(X(Hl))

y Wg;l)zwg}}l)z%) 0 if z;,=0 column S vanishes



Original dropout method |:('_]Cﬂ

Dropout interpretation: Ensemble model

Vi Vs

train_iter_1 @ @ @ Model 1
train_iter 2 @ @ @ Model 2

@ @ @ Model 2"

Obviously this interpretation is an
approximation as the models are
not really independent !

a) Standard network (b) Dropout network
(1 _ . - .
z'=(z,,z2,,...) with z.~Bernoulli(p)

=z"oy"=(2"y{",2}y), )
(1+1):W(1+1) +b1+1 [ (1+1) dlag( )Jy(l)+b(l+1)
y(1+1):U(X(1+1))

X(I+1) — W(l+1) y(l)+b(l+1)

~

(1+1)

y — O_(X(1+1))

Wg}}l)zwg}}l)z%) 0 if z;,=0 column S vanishes



Original dropout method

(b) Dropout network

[ele]

(In summary (for a 2-layer DNN): Data:D=(X,Y)={(x,,y.) i=1,...,
X;~1XQ; y,~1XD

. W
y=W"%diag(2?) o(W"V diag (z") x +b) Wi Qx Ky WH~DXK

(1) (1 ) ()

N
E:LZ 1y~ 9, Training:
2N n=1 MLE with sampling z“)~Bern.(p)
Inference:
Ldropout:E+A’1HW1”+/’LzHW2”+A3||b|| W_)pW

\_

N)

2'=(zy,2y,..,25 ) with z(jI)~Bernoulli(p)

J

Using the Bayesian approach the ensemble picture would be more clear and we will recover the

equations above and more !! .



2 - Gaussian Process for DNN
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Gaussian process: short introduction

Given some observed data: D={X,Y |

P(y fdf P(y \P (f/D) ‘ _wVery hard to compute in gral. !!

[ele]



Gaussian process: short introduction

Given some observed data: D={X,Y |

P(y/D,%)=[df P(y \P (fID) Ve hard to compute in gral. !

In a Bayesian approach we use the Bayes theorem to get the posterior :

Likelihood Prior
P(Y/f,X)P(fIX)  P(YIf,X) > N(yf,0) P(f/X)=N(f.0,K(X,X")
P<f/D): P(Y/X) GP with kernel K

Evidence or Normalization
p(v/x)=[dfp(y,fIX)=[ df P(Y/f,X)P(f/X)

[ele]



Gaussian process: short introduction |:0Cﬂ

Given some observed data: D={X,Y |

P(y/D,%)=[df P(y/f, %,X)P(f/D) —* Very hard to compute in gral. !

In a Bayesian approach we use the Bayes theorem to get the posterior :

Likelihood ( P)””( o)
P(f/X)=N(f,0,K(X,X"
P<f/D)_P(Y/f,X)P(f/X) P(Y/f,X) » N(y.f,o)
P(Y/X) GP with kernel K
Kernels: include info about family of functions

. . being approximated, i.e. periodic functions,
Evidence or Normalization smooth functions, stochastic functions, etc.
p(v/x)=[dfp(y,fIX)=[ df P(Y/f,X)P(f/X) as well as information about the confidence

intervals. See link .


http://www.cs.toronto.edu/~duvenaud/cookbook/index.html

Gaussian process: Bayesian DNN connection |:0Cﬂ

| will focus in a two layer DNN for simplicity. Suppose we have this kernel:  o: ReLU, sigmoid, etc.

W, S
K(x,x'")= f p(w)p(b)o(w"x+b) o(w" x'+b)dwdb o 1 y(ll); W

w,x~0QX1 belRR




Gaussian process: Bayesian DNN connection |:0Cﬂ

| will focus in a two layer DNN for simplicity. Suppose we have this kernel:  o: ReLU, sigmoid, etc.

7% ..'l'[jl'h l:_‘\"\
K(x,x')= f p(w)p(b)o(w' x+b) o(w' x"+b)dwdb T 1' y(ll)f "

w,x~0QX1 belRR

Approximation: [ >3
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Gaussian process: Bayesian DNN connection |:0Cﬂ

| will focus in a two layer DNN for simplicity. Suppose we have this kernel:  o: ReLU, sigmoid, etc.

7% ..'l'[jl'h l:_‘\"\
K(x,x')= f p(w)p(b)o(w' x+b) o(w' x"+b)dwdb T 1 y(ll)f "

w,x~0QX1 belRR

Approximation: [ >3




Gaussian process: Bayesian DNN connection |:0Cl|

\_

~

K= L oWl L ofw, o)y (W b7y (0, )

W,~KxQ; x~Qx1; y''~Kx1
with W, and brandom variables as usual in a Bayesian approach

J

o: ReLU, sigmoid, etc.

Hidden



Gaussian process: Bayesian DNN connection |:0Cl|

-

\_

~N

K= oW L ofw, o)y (W BTy (0, )

W,~KxQ; x~Qx1; y''~Kx1
with W, and brandom variables as usual in a Bayesian approach

J

To find the connection between a GP and DNN'’s let's make use of the evidence:

(Y/X)=[ P(YIf)P(fIW,,b,X)P(W,)P(b)df dW,db

o: ReLU, sigmoid, etc.

W Hidden
7
7 (1)
W
----"\__ ._'__..-"" \\‘x.___‘,\:‘\\ 2
| Xl : //i" ‘\\\\\ Output
\ Py ";_--' A
X ‘\.,I,_\,:-\-/-.?'\X; — N~ XT )‘
2 )AL AT
}.// .'\‘l'llr (1)\-I'I /- (5]
SISy ase
| X3 \‘ //
e
- -‘I-" y( 1)."-|
‘\‘__4_,,"



Gaussian process: Bayesian DNN connection |:0Cl|

-

\_

~N

K= oW L ofw, o)y (W BTy (0, )

W,~KxQ; x~Qx1; y''~Kx1
with W, and brandom variables as usual in a Bayesian approach

J

To find the connection between a GP and DNN'’s let's make use of the evidence:

(Y/X)=[ P(YIf)P(fIW,,b,X)P(W,)P(b)df dW,db

P(Y/f)~N(Y,f, 7 'I,) Likelihéé&"”"""’“p(f/wl,b,x)~cp(o,1<)

o: ReLU, sigmoid, etc.

W Hidden
7
7 (1)
W
----"\__ ._'__..-"" \\‘x.___‘,\:‘\\ 2
| Xl : //i" ‘\\\\\ Output
\ Py ";_--' A
X ‘\.,I,_\,:-\-/-.?'\X; — N~ XT )‘
2 )AL AT
}.// .'\‘l'llr (1)\-I'I /- (5]
SISy ase
| X3 \‘ //
e
- -‘I-" y( 1)."-|
‘\‘__4_,,"



Gaussian process: Bayesian DNN connection |:0Cl|

e N
K= oW L ofw, o)y (W BTy (0, )

o: ReLU, sigmoid, etc.

Hidden

Wi /o

Wi~KxQ; x~Qx1; y'~Kx1 (% /7

\ with W,and brandom variables as usual in a Bayesian approach j N ¥
/ ',.-’\ °

To find the connection between a GP and DNN'’s let's make use of the evidence:

P(YIX)=[ P(YIf)P(f/W,,b,X)P(W,)P(b)df dW,db e
P(Y/f)~N(Y,f, 7 'I,) Likelihood ™ P(f/W,,b,X)~GP(0,K)

[df P(YIf)P(fIW, b, X)=N(Y;0,(K(X,X)+7 ")I,)



Gaussian process: Bayesian DNN connection |:0Cl|

4 )

N 1 r 1 ' (1) T (1) ' o: ReLU, sigmoid, etc.
K(x,x )—\/;0(W1x+b) \/;G(Wlx +b)~y (W,,x,b) y (W, ,x",b) by e
o (y ; ), W,
W,~KXQ; x~QXx1; y(l)N Kx1 | X, \,' ///f;——’ Output
9 with w,and brandom variables as usual in a Bayesian approach y _\\</: \ygi—{yl
) .// ._\tllf 1 ‘-.,I __.- A
To find the connection between a GP and DNN'’s let’'s make use of the evidence: ’/\ \\v\ _3// Y
\ X3 ) Ry
R
P(Y/X)=| P(Y/f)P(fIW,,b,X)P(W,)P(b)df dW,db

P(Y/f)~N(Y,f,7'I,) Likelihood ™ P(f/W,b,X)~GP(0,K)

[df P(YIf)P(FIW, b, X)=N(Y;0,(K(X,X)+7 )I)=[ N(v;w,y" v '1,)P(W,)aw,

auxiliar matrix variables : W,
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4 )

N 1 r 1 ' (1) T (1) ' o: ReLU, sigmoid, etc.
K(x,x )—\/;0(W1x+b) \/;G(Wlx +b)~y (W,,x,b) y (W, ,x",b) by e
o (y ; ), W,
W,~KXQ; x~QXx1; y(l)N Kx1 | X, \,' ///f;——’ Output
9 with w,and brandom variables as usual in a Bayesian approach y _\\</: \ygi—{yl
) .// ._\tllf 1 ‘-.,I __.- A
To find the connection between a GP and DNN'’s let’'s make use of the evidence: ’/\ \\v\ _3// Y
\ X3 ) Ry
R
P(Y/X)=| P(Y/f)P(fIW,,b,X)P(W,)P(b)df dW,db

P(Y/f)~N(Y,f,7'I,) Likelihood ™ P(f/W,b,X)~GP(0,K)

[df P(YIf)P(fIW, b, X)=N(Y;0,(K(X,X)+7 ") I,)=[ N(v;w,y"],z'1,)P(W,)dw,

auxiliar matrix variables : W,

f(X,Wl,Wz,b):j’zwzg(Wlx"'b)



Gaussian process: Bayesian DNN connection |:0Cl|

4 )

N1 r 1 ' (1) T (1) ' o: ReLU, sigmoid, etc.
K(x,x )—\/;O(W1X+b) \/;G(Wlx +b)~y (W,,x,b) y (W, ,x",b) by e
we ) W,
W,~KXQ; x~QXx1; y(l)N Kx1 | X, \_‘::I’_,_..-' ///f;——’ Output
\ with W,and brandom variables as usual in a Bayesian approach y _\\\ </:‘\y @/—{yl
To find the connection between a GP and DNN’s let's make use of the evidence: ’/\>\\‘v\ ys ) /7, Y2
\ X3 L g//
— Ty
P(Y/X)=| P(Y/f)P(fIW,,b,X)P(W,)P(b)df dW,db R&Y

P(Y/f)~N(Y,f,7'I,) Likelihood ™ P(f/W,b,X)~GP(0,K)

N(Y;Ww,y") e 1) P(W,)dw,

xiliar matrix variables : W,

[df P(YIf)P(fFIW,,b,X)=N(Y;0,(K(X,X)+7 )I,)=

f(X,W,W,,b)J=y=W,0(W,X+b)
P(Y/W,,W,,b,X) likelihood in parameter space



Gaussian process: Bayesian DNN connection |:0Ci|

- N
K= oW L ofw, o)y (W BTy (0, )

o: ReLU, sigmoid, etc.

W,~KxQ; x~Qx1; y''~Kx1

\ with W, and brandom variables as usual in a Bayesian approach )

To find the connection between a GP and DNN'’s let's make use of the evidence:

P(YIX)=[ P(YIf)P(fIW,,b,X)P(W,)P(b)df dW,db

:EfP(Y/Wl,W2,b,X)P(W1)P(W2)P(b)dWldW2db]

Bayesian parametric representation of our 2 layer DNN !!



Gaussian process: Bayesian DNN connection |:0Ci|

- N
K= oW L ofw, o)y (W BTy (0, )

o: ReLU, sigmoid, etc.

W,~KxQ; x~Qx1; yV~Kx1

\ with W, and brandom variables as usual in a Bayesian approach )

To find the connection between a GP and DNN'’s let's make use of the evidence:

P(YIX)=[ P(YIf)P(fIW,,b,X)P(W,)P(b)df dW,db

:EfP(Y/Wl,W2,b,X)P(W1)P(W2)P(b)dWldwzdb]

Bayesian parametric representation of our 2 layer DNN !!

Conclusion: K (x,x ) right kernel to approximate DNN functions in a GP approach.



Gaussian process: Bayesian DNN connection |:0Ci|

- N
K= oW L ofw, o)y (W BTy (0, )

o: ReLU, sigmoid, etc.

W,~KxQ; x~Qx1; yV~Kx1

\ with W, and brandom variables as usual in a Bayesian approach j

To find the connection between a GP and DNN'’s let's make use of the evidence:

P(YIX)=[ P(YIf)P(fIW,,b,X)P(W,)P(b)df dW,db

:EfP(Y/Wl,W2,b,X)P(W1)P(W2)P(b)dWldwzdb]

Non-linearities o non-trivial
Bayesian parametric representation of our 2 layer DNN !! | Impact in C.I. of Bayes-DNN

Conclusion: K (x,x ) right kernel to approximate DNN functions in a GP approach.



[ele]

Note:
For a generalization to deeper DNN and classification problems see ref.2 (Appendix)

But for a more accurate connection see “Deep neural networks as Gaussian
processes”, Lee et al ‘2017.
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3 - Dropout from a Bayesian point of view



Variational Bayesian Inference and Dropout relationship |:0Cl|

Applying Bayes theorem in a parametric space the predictive probability distribution of a DNN is given by:

o: ReLU, sigmoid, etc.

P(9/%,X,Y)=[(P(3/X,W,,W,,b)P(W,,W,,b/X,Y)dW,dW,db

Hidden

g W)y
N(y;f=W,o(W, k+b),I) o /,}:1:;:;\ 2
- AR YL
J2
/4\ ,

N
P
N



Variational Bayesian Inference and Dropout relationship |:0Cl|

Applying Bayes theorem in a parametric space the predictive probability distribution of a DNN is given by:

o: ReLU, sigmoid, etc.

P(9/%,X,Y)=[(P(37%,W,,W,,bJP(W,,W,,b/X,Y)iW, dW,db

Hidden

a . .
N(y;:f=W,o(W,&+b),1) Posterior: quite hard to compute !!




Variational Bayesian Inference and Dropout relationship |:0Cl|

Applying Bayes theorem in a parametric space the predictive probability distribution of a DNN is given by:

o: ReLU, sigmoid, etc.

P(9/%,X,Y)=[(P(37%,W,,W,,bJP(W,,W,,b/X,Y)iW, dW,db

» a o

N(y;f=W,o(W,&+b),I) Posterior: quite hard to compute !!
P(Y/W, ,W,,b,X)P(W. ,W,,blX
P(Wl,Wz,b/X,Y)Z ( 1> "2 ) ( 1> "2 )

~_P(Y/X)

P(Y/X)=[ P(YIW,,W,,b,X)P(W,)P(W,)P(b)dW, dW,db

Intractable for large DNN !!!



Variational Bayesian Inference and Dropout relationship |:0Cl|

Applying Bayes theorem in a parametric space the predictive probability distribution of a DNN is given by:

o: ReLU, sigmoid, etc.

P(9/%,X,Y)=[(P(37%,W,,W,,b|P(W,,W,,b/X,Y)dW,dW,db

» ~ o

N(y;f=W,o(W,&+b),I) Posterior: quite hard to compute !!
P(Y/W,,W,,b,X)P(W, W, ,b/X
P(Wl,Wz,b/X,Y)Z ( 1 2 ) ( 1 2 )

_P(Y/X)

P(YIX)=[ P(YIW,,W,,b,X)P(W,)P(W,)P(b)dW dW,db

Intractable for large DNN !!!

Variational Inference: Approximation of the posterior by an anzat distribution.



Variational Bayesian Inference and Dropout relationship |:0Cl|

Applying Bayes theorem in a parametric space the predictive probability distribution of a DNN is given by:

o: ReLU, sigmoid, etc.

Hidden

P(9/%,X,Y)=[(P(37%,W,,W,,bJP(W,,W,,b/X,Y)iW, dW,db

ys a . .
N(y;:f=W,o(W,&+b),1) Posterior: quite hard to compute !!

P(Wl’WZb/X’Y)NqM(Wl’WZ’b):qu(Wl)qM2<W2)qm(b)



Variational Bayesian Inference and Dropout relationship |:0Cl|

Applying Bayes theorem in a parametric space the predictive probability distribution of a DNN is given by:

o: ReLU, sigmoid, etc.

P(9/%,X,Y)=[(P(37%,W,,W,,b|P(W,,W,,b/X,Y)dW,dW,db

» ~ . .
N(y;f=W,o(W,x+b),I) Posterior: quite hard to compute !!

P(Wl’W2b/X’Y)NqM(W1’W2’b):qu(Wl)qu(W2)qm<b)

g )
qM(W):Haqma<Woz) with w,/m,, the colums of W/M

qn (Wo)=pN(m,, & 1)+(1—p)*N(0,6I)

\q(b):N(m,Hzl) )
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Applying Bayes theorem in a parametric space the predictive probability distribution of a DNN is given by:

o: ReLU, sigmoid, etc.

P(9/%,X,Y)=[(P(37%,W,,W,,b|P(W,,W,,b/X,Y)dW,dW,db

i ) ) AR !
N ( y;f:W:,(WI;Hb), 1) Posterior: quite hard to compute !! T SN

P(W,,W,b/X,Y)~q,(W,,W,,b)=q,, (W,)q,,(W,)q,(b) AN,

(. w)=]] ith w,/m,, the col f W/M A
2 (W)=11, a5, (w.) with w./m the colums o ~ | » Probability version of standard
n(Wo)=pN(m,, 8 1)+(1-p)*N(0,6T) dropout approach !!

\q(b):N(m,HzI) )




Variational Bayesian Inference and Dropout relationship |:0Cl|

Let's find the M optimal parameters: P(W,,W,b/X,Y)~q,(W,,W,,b)=q,, (W,)q, (W,)q,,(b)



Variational Bayesian Inference and Dropout relationship |:0Cl|

Let's find the M optimal parameters: P(W,,W,b/X,Y)~q,(W,,W,,b)=q,, (W,)q, (W,)q,,(b)

Kullback — Leibler divergence:  o¥(W,,W,,b)

KL(qy(@)P(w/D))= [ qu(w)In[P(D,®)/qy(w)]d o-InP(D) === ELBO(q, (w))<InP(D)
>0 ELBO(qM( ))



Variational Bayesian Inference and Dropout relationship |:0Cl|

Let's find the M optimal parameters: P(W,,W,b/X,Y)~q,(W,,W,,b)=q,, (W,)q, (W,)q,,(b)

Kullback — Leibler divergence:  o#(W,,W,,b)

KL(qy(®)P(w/D))=[ qu(w)In[P(D,w)/qy(w)]ld o-InP(D) m=sp ELBO(q,(w))<InP(D)
>0 ELBO(qM( ))

[MaXMELBO(qM(a))) —) qM(a))%P(D/a))]
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Let's find the M optimal parameters: P(W,,W,b/X,Y)~q,(W,,W,,b)=q,, (W,)q, (W,)q,,(b)

[MaXMELBO(qM(Wl,W2,b)) ) qM(Wl,Wz,b)->P(D/W1,W2,b)]




Variational Bayesian Inference and Dropout relationship |:OCI|

Let's find the M optimal parameters: P(W,,W,b/X,Y)~q,(W,,W,,b)=q,, (W,)q, (W,)q,,(b)

[MaXMELBO(qM(Wl,W2,b)) ) qM(Wl,Wz,b)->P(D/W1,W2,b)]

N
From ELBO deflnltlon (SPOIIer ELBONLdropoutzll(zN)z ”yn_ynH+A’1HW1H+AZHW2H+A’BHb”)
n=1

ELBO(qM(Wl’WZ’b)):E lnP(D/prz:b)]_KL(QM(Wl:Wz,b)|P(W1,W2:b))

Likelihood prior

WI:WZ!quM(Wl’WZJb)I:
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Let's find the M optimal parameters: P(W,,W,b/X,Y)~q,(W,,W,,b)=q,, (W,)q, (W,)q,,(b)

[MaXMELBO(qM(Wl,W2,b)) ) qM(Wl,Wz,b)->P(D/W1,W2,b)]

N
From ELBO deflnltlon (SPOIIer ELBONLdropoutzll(zN)z ”yn_ynH+A’1HW1H+AZHW2H+A’BHb”)
n=1

ELBO(QM(W1’Wz,b)):Eiwl,wz,bNQM(wl,wz,b)[lnP(D/prz:b)ﬂ_KL(QM(Wl:Wz,bNP(Wl,Wz:b))

E InP(D/W,,W,,b)]=[ InP(D/W,,W,,b)q,(W,,W,,b)dW,dW ,db

W1’W2:b~qM(W1:W2:b)|:
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Let's find the M optimal parameters: P(W,,W,b/X,Y)~q,(W,,W,,b)=q,, (W,)q, (W,)q,,(b)

[MaXMELBO(qM(Wl,W2,b)) ) qM(Wl,Wz,b)->P(D/W1,W2,b)]
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Regularization terms of dropout MLE loss
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We will maximize the ELBO through standard MLE methods (Gradiend descent, etc)
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Dropout interpretation: Ensemble model

Y1 \z VE
O © @ vosrs

In agreement with our initial interpretation
@ @ @ Model 2 of ensemble model or model averaging !!

@ @ @ Model 2"
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MC dropout method

-

dm y/x

T
lZy (x",zy,25,...) Mean
t=1

H

'ﬂl»—\

*\T

T
ZS/ X Zl’ZZ: ).i’*(X*’ZZ:Z;:"')_EqM(y*/X*)(.y)

~

EqM(y*/x*)(y*) Variance

J

A K *
y(x,z,,2,,...

)=(Mdiag(z,)) o(...(M,diag(z,)) o((M,diag (z,)) x"+m,))

Z,, ZZNBern(pl),Bern(pz)



4 - Results

[ele]



Regression bcﬂ

(a),(c) and (d): DNN with 4 layers and 1024 hidden units — p ~0.2
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(c) MC dropout with RelLU non-linearities (d) MC dropout with TanH non-linearities

Figure 2. Predictive mean and uncertainties on the Mauna Loa CO:z concentrations dataset, for various models. In red is the
observed function (left of the dashed blue line); in blue is the predictive mean plus/minus two standard deviations (8 for fig. 2d).
Different shades of blue represent half a standard deviation. Marked with a dashed red line is a point far away from the data: standard
dropout confidently predicts an insensible value for the point; the other models predict insensible values as well but with the additional
information that the models are uncertain about their predictions.
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dropout confidently predicts an insensible value for the point; the other models predict insensible values as well but with the additional
information that the models are uncertain about their predictions.

ReLU Activation Function

1 tanh(z) I/_
2 Variance = K(x,x')=\/%0<W1x+b)T\Ea(W1x "+b)

K -2 -1 1 2 r

max(0,x)

-100 -75 -50 -25 00 25 50 75 100 -1
X Axis



Regression Q. Is it really realistic to change the non-linearity? b cil

(a),(c) and (d): DNN with 4 layers and 1024 hidden units — p ~0.2
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Figure 2. Predictive mean and uncertainties on the Mauna Loa CO:z concentrations dataset, for various models. In red is the
observed function (left of the dashed blue line); in blue is the predictive mean plus/minus two standard deviations (8 for fig. 2d).
Different shades of blue represent half a standard deviation. Marked with a dashed red line is a point far away from the data: standard
dropout confidently predicts an insensible value for the point; the other models predict insensible values as well but with the additional
information that the models are uncertain about their predictions.
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Classification

LeNet CNN on MNIST with dropout before last fully connected layer (p~0.5)
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LeNet CNN on MNIST with dropout before last fully connected layer (p~0.5)
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LeNet CNN on MNIST with dropout before last fully connected layer (p~0.5)
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LeNet CNN on MNIST with dropout before last fully connected layer (p~0.5)
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Classification

[ele]

LeNet CNN on MNIST with dropout before last fully connected layer (p~0.5)
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Q. Is the model better calibrated in this way?
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