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Classical setting for the neural network

@ Choose w to fit the training database D
Do a gradient descent on the w to minimise the network loss:
LN(w,D) = —In Pr(D|w) = — > (xy)ep In Priy|x, w)

e Use w* to predict Pr(D'|w*)
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Classical setting for the neural network

@ Choose w to fit the training database D
Do a gradient descent on the w to minimise the network loss:
LN(w,D) = —In Pr(D|w) = — > (xy)ep In Priy|x, w)

e Use w* to predict Pr(D'|w*)

To avoid overfitting

Early stopping

Addition of a regularisation term to the loss function
o L1 regularisation: AN7(w)
o L2 regularisation: AN3(w)

Unsupervised pretraining
Dropout
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Bayesian setting for a neural network

Likelihood Prior
N N
Pr(D|w) P(w|«)

Pr(w|D,a) =
Posterior distribution // Pr(D|WI)P(W/‘Oz)
w

~
Partition function
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Bayesian setting for a neural network

Likelihood Prior
N N
Pr(D|w) P(w|«)

Pr(w|D,a) =
Posterior distribution // Pr(D|WI)P(W/‘Oz)
w

~
Partition function

Problem: The partition function is too complex to compute
analytically or to sample from
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Variational inference

=
Variational inference uses a simpler distribution Q(w| [ ) to
approximate Pr(w|D, «)
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Variational inference

=
Variational inference uses a simpler distribution Q(w| [ ) to
approximate Pr(w|D, «)

Miigize: = —(In (Pr(DC\L?/M)/IIDﬁ()Wm)»W”Q(W'B)

F - <—|n(Pr(D|W))>WNQ(W‘B) + <—|n(g§gl‘gg)>wwo(ww)
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Variational inference

=
Variational inference uses a simpler distribution Q(w| [ ) to
approximate Pr(w|D, «)

Miigize: = —(In (Pr(DC\L?/M)/IIDﬁ()Wm)»W”Q(W'B)

f

< - |n(Pf(D|W))>WNQ(W‘B) T < —In (g((;v/l‘gg»ww(ww)

<LN(W,'D)>WNQ(W|5) + D (Q(1B)IIP(]a))

Error Loss

].'

Loss Function

Complexity Loss
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Variational inference

=
Variational inference uses a simpler distribution Q(w| [ ) to
approximate Pr(w|D, «)

Miigize: = —(In (Pr(DC\L?/M)/IIDﬁ()Wm)»W”Q(W'B)

_ _ _ P(w|a)
7 N < ln(Pr(D|W))>W~Q(W\B) * < In <Q(WW)> >W~Q(w|5>
Foo= (w0 + DalQUAIPL)
Loss Function - - Complexity Loss
L(e,3,D) = LE(8,D) + L (e, B)
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How to use L(«, 3, D)

@ Choose a class of distribution for Q(.|3)
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@ Choose a class of distribution for Q(.|3)
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How to use L(«, 3, D)

@ Choose a class of distribution for Q(.|3)

@ Choose the prior
© Calculate the partial dervatives of the L(«, 5, D) w.r.t §5;

o Analytically for the simple cases
or
o Numerically using Monte Carlo sampling
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How to use L(«, 3, D)

@ Choose a class of distribution for Q(.|3)

@ Choose the prior
© Calculate the partial dervatives of the L(«, 5, D) w.r.t §5;

o Analytically for the simple cases
or
o Numerically using Monte Carlo sampling

@ Update 5;

In the next, we only considere diagonal posterior
Q(w|B) = [T, qi(wi|8;) meaning that each w; is sampled from
qi(-18i)-
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If Q(.|B) is a delta distribution: ; = w;
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If Q(.|B) is a delta distribution: ; = w;

LE(3,D) = < - |n(Pr(D[W))>W~Q(W|B) — — In(Pr(D|w))
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If Q(.|B) is a delta distribution: ; = w;

LE(3,D) = < - |n(Pr(D[W))>W~Q(W|B) — — In(Pr(D|w))

=—InP(w|la)+ C
w~Q(w|B)

o= (oS0
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If Q(.|B) is a delta distribution: ; = w;

LE(3,D) = ( — |n(Pr(D[W))>W~Q(W|ﬁ) = — In(Pr(D|w))
P(wla)
L@ 8) = (=10 (Gal3) Dy =~ P+ €
If the prior is a uniform distribution:
AL (o, B)
ow; =0
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If Q(.|B) is a delta distribution: ; = w;

LE(3,D) = ( — |n(Pr(D[W))>W~Q(W|ﬁ) = — In(Pr(D|w))
P(wla)
L@ 8) = (=10 (Gal3) Dy =~ P+ €
If the prior is a uniform distribution:
AL (o, B)
ow; =0

Uniform prior = cost function: negative log-likelihood
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If Q(.|B) is a delta distribution: ; = w;

LE(8,D) = < - |n(Pr(Dyw))> — —In(Pr(D|w))

w~Q(wlp)

01~ (G, g~ 4
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If Q(.|B) is a delta distribution: ; = w;

LE(8,D) = < - |n(Pr(Dyw))> — —In(Pr(D|w))

w~Q(wlp)

01~ (G, - 1

if the prior is a Gaussian distribution, o = {u, 02}:
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If Q(.|B) is a delta distribution: ; = w;

LE(8,D) = < - |n(Pr(Dyw))> — —In(Pr(D|w))

w~Q(wlp)

01~ (G, - 1

if the prior is a Gaussian distribution, o = {u, 02}:

(w|a exp(———————
‘ ,1_[1 V2ro? ( 202

8Lc(a7/8) W=

8W,‘ - 02

=0, 02 fixed = L2 regularisation
Optimal prior & = (W, & 31, (wi — 1))
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If Q(.|3) is a gaussian distribution: 3; = (u;,0?)
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If Q(.|3) is a gaussian distribution: 3; = (u;,0?)
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If Q(.|3) is a gaussian distribution: 3; = (u;,0?)

S

E = N w -
LE(,D) = <L ( ’D)>W~Q(w|ﬁ kz—:
OLE(3.D) 1~ LMW, D)

8#; S —1 8W,'
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If Q(.|3) is a gaussian distribution: 3; = (u;,0?)

LE(B,D):<LN(W,D)>WNQ(W|5 _ zsj

T

ILE(B,D) 1 25: LN (w(k), D)
i S & ow;
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. and the prior is a gaussian distribution, o = {y, 0%}

w
L. B8) =Y In oo [ = ) + 0F = 07
i=1 !
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. and the prior is a gaussian distribution, o = {y, 0%}

o
L, B) = _In— 4 o [(ni = 1)* + o7 — 0]
i=1 !
@) _m—p  OB) 1[1 1
O o? ’ do? 2 02 o?
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. and the prior is a gaussian distribution, o = {y, 0%}

w
o 1
L B) = D0 b g (i = o) + 07 = 7]
i=1 !
L (0, B) _ pi— L a,p)) 11 1
aﬂi o2 ’ 80’ 2 2 O'I2

Optimal prior & = (% Z}Zl Wi s % Z,"Zl [01'2 + (pi — ﬁ)2]>
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In practice
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In practice

For the learning

Choose the type of distribution Q(., )
Initialise 3
Choose the type of the priors
loop
Compute the optimal prior & from 3
w ~ Q(.[B)
Take (x,y) from the training base
Vk, compute —m(&é%ix’y))
Update 3
end loop
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In practice

For the learning

Choose the type of distribution Q(., )
Initialise 3
Choose the type of the priors
loop
Compute the optimal prior & from 3
w ~ Q(.[B)
Take (x,y) from the training base
Vk, compute —m(&é%ix’y))
Update 3
end loop

For the prediction
Vi, Wi =< Wi >wing( |8p)
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Experimentation on the TIMIT database

Name Posterior Prior Error  Epochs
Adaptive L1 Delta Laplace 49.0 7
Adaptive L2 Delta Gauss 351 421
Adaptive mean L2 Delta Gauss 02 = 0.1 280 53
L2 Delta Gauss = 0,02 = 0.1 274 59
Maximum likelihood Delta Uniform 27.1 44
L1 Delta Laplace p = 0,b=1/12 260 545
Adaptive mean L1 Delta Laplace b= 1/12 254 765
‘Weight noise Gauss o; = 0.075  Uniform 254 220
Adaptive prior weight noise ~ Gauss o; = 0.075  Gauss 247 260
Adaptive weight noise Gauss Gauss 23.8 384
Adaptive weight noise ~ Adapt. prior weight noise Weight noise Maximum likelihood
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Main contributions of the article

@ Apply the Bayesian model associated to the variational
inference to generalize the common loss functions of the
neural network

@ Find a practical way to apply variational inference on the
posterior using the Monte-Carlo sampling

@ The neural network doesn't overfit with the gaussian posterior
loss function

@ Obtain state of the art performance for a shallow recurrent
neural net on the TIMIT database
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Annexe: If Q(.|B) is a delta distribution: §; = w;

LE(8,D) = ( - |n(Pr(D[W))>WNQ(W|B) = —In(Pr(D|w))

L (e, B)) = < ~In (gifv"ggwww(wm = —InP(wla)+ C
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w~Q(wlf)
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if the prior is a Laplace distribution, o = {p, b}:
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Annexe: If Q(.|B) is a delta distribution: §; = w;

LE(8,D) = { ~ In(Pr(D|w))) = —In(Pr(D|w))

w~Q(wlf)

Lc(a,ﬁ)):< In ( Efv";g»wwm —InP(w]a) + C

if the prior is a Laplace distribution, o = {p, b}:
71 wi — pl
P(wla) = sze xp(— T)

=1
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Annexe: If Q(.|B) is a delta distribution: §; = w;

LE(8,D) = { ~ In(Pr(D|w))) = —In(Pr(D|w))

w~Q(wlf)

Lc(a,ﬁ)):< In ( Efv";g»wwm —InP(w]a) + C

if the prior is a Laplace distribution, o = {p, b}:
Lo wi —
P(wla) = ,1:[1 2b eXP(—T)

OL (o, B))  sgn(w; — pu)
aW,' a b
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Annexe: If Q(.|B) is a delta distribution: §; = w;

LE(8,D) = { ~ In(Pr(D|w))) = —In(Pr(D|w))

w~Q(wlf)

Lc(a,ﬁ)):< In ( EX’;;»WNQM) —InP(w]a) + C

if the prior is a Laplace distribution, o = {p, b}:

Tl Awi—
P(Wla)—sz exp(——p—)
i=1
OL (, B))  sgn(wi — p)
aW,' a b

=20, b fixed = L1 regularisation
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Annexe: If Q(.|B) is a delta distribution: §; = w;

LE(8,D) = { ~ In(Pr(D|w))) = —In(Pr(D|w))

w~Q(wlf)

Lc(a,ﬁ)):< In ( EX’;;»WNQM) —InP(w]a) + C

if the prior is a Laplace distribution, o = {p, b}:

Tl Awi—
P(Wla)—sz exp(——p—)
i=1
OL (, B))  sgn(wi — p)
aW,' a b

=20, b fixed = L1 regularisation
Optimal prior & = (median(w), & ZIM:/I |wi — f1])
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