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Prerequisties

 Mean value of function values under a probabillity distribution

-Xdiatalr(X)] _ J Do (X) - H(X) dX ~ %Z r(x,)

» Standard error of the estimated mean values o/

N depends on

the number samples N and standard error of input samples o

* Kulloack-Leibler divergence: e
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https://towardsdatascience.com/light-on-math-machine-learning-intuitive-guide-to-understanding-kl-divergence-2b382ca2b2a8
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We search for parameters w of unknown distribution given D = {x1,y1 ... XN, YN}

p(Dlw)p(w)

2

= arg m‘sxp(D\w)p(W) = arg m‘sxp(xl, Y1 ... XN, YN |W)p(W)

.1.d.
— argimax (H p(Xi, yzw)) p(w)

w' = arg max p(w|D) = arg max
W W
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We search for parameters w of unknown distribution given D = {x1,y1 ... XN, YN}

p(Dlw)p(w)

2

= arg m‘sxp(D\w)p(W) = arg m‘sxp(xl, Y1 ... XN, YN |W)p(W)

w' = arg max p(w|D) = arg max
W W

w N

W
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= arg max (H p(Xi, in)) p(w) =argmax— ) log(p(x;y;,|W)) + log(p(w))
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Learning vs optimization

. Pdata(X5 V)
W* = arg min Dy; (pdata(xa V) I p(X,y] W)) = J Paaia(X, V) - lOg data
W (X,y) p(X,y| W)

Piata(X;Y) ]

— arg mln _(XaY)diatal - lng(Xa y ‘ W)]
pX,y|[w)

W

log

= arg min _(Xay)diatal

W

1
= argmax Ey o, llog p(X,y| W)] ~ arg mvzle ~ Z log p(x;, y. | W)

\ True criterium we want to maximize:
J(W) =

= (X)) ~Pata llog p(X,y| W)]

True gradient:
U J() = Equyyep, | Volog(p0x. I ) |
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Does is worth to estimate the gradient from the full training set”?

1
Vo, J(W) = _(X,y)diatalvwlog (p(x, y | W))] ~ Iy; Z Viylog (P(Xi» Vi W))

. Standard error of the mean estimated from /N samples is 0/\5\7,
where o7 is true variance of iINnput samples.

 “Estimate of the gradient” based on N = 10000 vs N = 100

. standard error is 10 X better
« number of computations is 100 X higher !!!

* Using the large training set for estimating the gradient may suffer from
diminishing returns.

o Convergence in the number of computations vs number of iterations.



How should | choose N ?

1
VyJ (W) = _(X,y)diatalvwlog (p(Xay | W)>] ~ N Z Viwlog <p(Xi’ il W))
« Large N => more accurate gradient with less than linear returns.

« Runtime in multicore architectures is similar for small N = 1,2,...

« Amount of required memory is linear in N
(limiting factor for the most state-of-the-art hardware)

 GPU achieves better runtime with “power of 2" batch sizes.

o Small batches yields regularization.

Answer: N € {4, 8, 16, 32, 64, 128, 256} or anything else that works :-)
N=1................ often called online learning
1 < N < trn_size..... often called minibatch learning




Given 9 annotated sequences of length 100 frames

How should | split the data and generate minibatches?

https://www.storytimes.co/most-beautiful-places-to-photograph



J(W) =

| 9 | < 00: Learning from a finite dataset

| want to maximize J(w)

o 102D, Y| W)

= (X,Y)~Pgata l Vwlog (p (X, y] W)) ]

P data(X’ Y )

This causes oyerfitting, requires strong pri

VS.

f(w

V., J(W) =

s the minibatch gradient unbiased estimate of the true gradientif | | < 00 ?

| recycle samplfs from I => Criterion J(W) is biased by the training set

and data augmentation !!!!

o 10£ PO Y W)

x| Volo8 (P W)




| 9| = o0: Learning from an finite dataset
 Some datasets grows faster than we can learn from them:

* Colorizing images (1074 imgs/sec uploaded to Instagram)
o Autonomous cars (predicting vertical acceleration from images)
* Youtube videos (predicting keywords in comments from video)

* The learning bottleneck stems from computational limitations (not from trn size).

 We always learn from a new “not-yet-seen” mini batch. => Gradient is unbiased
estimate => Perform SGD on the true generalization error.

](W) — _(X,y)rvpdata [log p(Xa Yy ‘ W)] / J(W) _(Xa)’)"’ﬁdata llog p(Xa Yy ‘ W)]

VS.
Vo J(W) = '(x,y)diatalel()g (P(Xa)’ | W))] V(W) = _(Xay)diatalVWIOg (p (X, y] W))]
Y

P data(X’ Y )

10



Stochastic Gradient Descent (SGD)

OW |kt
0f(w)
I@W W:W:k_?l??
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Stochastic Gradient Descent (SGD) drawbacks
k k—1 5fT(W)

w' =W — O
OW

w=wk—1

Of(w)
: Ow

w=wk—1
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SGD drawbacks

_ wk1_ (’9fT(w)
OW |kt
Of(w)
ow we=wk—1
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SGD drawbacks

. 01‘2 szW)

w=wk—1
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SGD drawbacks

. 6‘1‘2 szW)

w=wk—1

15



SGD drawbacks

. 01‘2 szW)

w=wk—1
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SGD drawbacks

wk — wk—1 _ of " (w)
Ow

w=wk—1

 SGD gets stuck easily on a flat landscape

f(w)
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Sigmoid fitting problem from labs

small learning rate big learning rate



Sigmoid fitting problem from labs

close-to-zero gradient plateaus

loss(w0,w1)



SGD in 2 dimensional weights

(=
le :ﬁ?ep/
ng =207
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SGD in 2 dimensional weights

wk — wk—1 _ of " (w)
OW | ko1
VUJQ
<<<<< >>>>
le
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SGD in 2 dimensional weights

k k—1 of ' (w)
o
Ow _

0f(w)

[lea Vw?] — Ow

w=wk—1
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SGD in 2 dimensional weights

w=wk—1
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SGD in 2 dimensional weights

w=wk—1
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SGD in 2 dimensional weights

k k—1 5fT(W)
@7

OW | ko1

Undesired zig-zag behaviour

w=wk—1
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SGD in 2 dimensional weights

k k—1 8f—|_(“)
Q
OW

w=wk—1

Starting Point

Optimum

Solution

https://distill.pub/2017/momentum/
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SGD in 2 dimensional weights

k k=1 _ 3fT(W)

OwW

w=wk—1

https://distill.pub/2017/momentum/
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SGD on quadric

Criterion: f(w)=-w'Aw with A = diag([A1,..., An))
af (w)

Gradient: = \;W
ﬁwi k—1
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SGD on quadric

1
Criterion: f(w) = §WTAW with A = diag([A1,..., An])
Gradient: Of (W) = \wi !
6W7; Wizwk_l

SGD after k iterations: Wf = (1 - @Ai)kwg

» Converges for: 0 < a\ <2
* with convergence rate: rate(a) = max{|l — a)\;|}
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SGD on quadric

rate(a) = max{|l — aA;|}

1-5

0:5




1-5

rate(a) =

SGD on quadric
aly, |}

0:5

31



SGD on quadric

L 1
Criterion: f(w) = §WTAW with A = diag([A1,..., An])
Gradient: Of (W) = \wi !
6W7; Wizwk_l

SGD after k iterations: Wf = (1 - @Ai)kwg

» Converges for: 0 < a\ <2
 with convergence rate:; rate(a) = max{|l — aAi[, |1 —aA,|}
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SGD on quadric

1
Criterion: f(w) = §WTAW with A = diag([A1,..., An])
Gradient: Of (W) = \wi !
6W7; Wizwk_l

SGD after k iterations: Wf = (1 - @Ai)kwg

» Converges for: 0 < a\ <2
 with convergence rate:; rate(a) = max{|l — aAi[, |1 —aA,|}

. | 2
e Optimal learning rate: Q" = argmin (rate(a)) VS
e’ 1 n
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SGD on quadric

1
Criterion: f(w) = §WTAW with A = diag([A1,..., An])
Gradient: o W) _ Awi !
6W7; Wi:Wl:c—l

SGD after k iterations: Wf = (1 - @Ai)kwg

» Converges for: 0 < a) <2
e with convergence rate: rate(a) = max{|1 — ai|, |1 — a\,|}
. . 2
 Optimal learning rate: o = arg min (rate(a)) =
X )\1 =+ >\n

Ao 1

 Optimal cony, rate rate(a”) = min (rate(ar)) = :\\i —
where  — 2" |s condition number A1

A1
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SGD on quadric
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SGD + momentum

vk = gyk-l of ' (w)
Ow we—wk—1
wh = whr 1 -+ av®
Of (w)
OW | k1
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k

v’ = v

Wk:W

SGD + momentum

k—1 &fT(w)
Ow

w=wk—1

k—1 1 OéVk
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k

v’ = v

Wk:W

SGD + momentum

k—1 &fT(w)
Ow

w=wk—1

k—1 1 OéVk
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SGD + momentum

vk = gyk-l of ' (w)
OW |kt
wh = whr 1 -+ av®
Of (w)

Ow




e Bul

e RO

SGD + momentum
of T (w)

Ow
k

Vk _ ﬁVk_l

w=wk—1

Wk — Wk_l + Vv

d velocity vas running average of gradients
ing ball with velocity v and friction coeff S

f(w)

v =177
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e Bul

e RO

SGD + momentum
of T (w)

Ow
k

Vk _ ﬁVk_l

w=wk—1
w' =w'! + av
d velocity vas running average of gradients

ing ball with velocity v and friction coeff S

Overcome low
f(w) gradient regions

§v>>0
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e Bul

e RO

SGD + momentum
of T (w)

Ow
k

Vk _ ﬁVk_l

w=wk—1
w' =w'! + av
d velocity vas running average of gradients

ing ball with velocity v and friction coeff S

f(w) Reach minimum
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e Bul

e RO

SGD + momentum
of T (w)

Ow
k

Vk _ ﬁVk_l

w=wk—1
w' =w'! + av
d velocity vas running average of gradients

ing ball with velocity v and friction coeff S

f(w) Reach minimum
but overshoot

W
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e Bul

e RO

SGD + momentum
of T (w)

Ow
k

Vk _ ﬁVk_l

w=wk—1
w' =w'! + av
d velocity vas running average of gradients

ing ball with velocity v and friction coeff S

f(w) Reach minimum
but overshoot

44



e Bul

e RO

SGD + momentum
of T (w)

Ow
k

Vk _ ﬁVk_l

w=wk—1
w' =w'! + av
d velocity vas running average of gradients

ing ball with velocity v and friction coeff S

f(w) Reach minimum
but overshoot
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e Bul

e RO

SGD + momentum
of T (w)

Ow
k

Vk _ ﬁVk_l

w=wk—1
w' =w'! + av
d velocity vas running average of gradients

ing ball with velocity v and friction coeff S

f(w) Reach mifnimum
but overs:hoot
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e Bul

e RO

SGD + momentum
of T (w)

Ow
k

Vk _ ﬁVk_l

w=wk—1
w' =w'! + av
d velocity vas running average of gradients

ing ball with velocity v and friction coeff S

Jumps steep minima.
s it good?

\ :v>>0
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“SGD” vs “SGD + momentum” in 2D

wk — wk—1 _ of " (w)
OW |kt
Undesired zig-zag behaviour
‘ )
I\ gIN_—
L=
le
0f(w)
[le, VQUQ] — (9W —
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“SGD” vs “SGD + momentum” in 2D

e AfT(w)
Vk _ ﬁvk 1 . o
wh = wh1 L qvh
' T
¥ %iy.
“ Wéi’é’ :t >

Momentum suppresses this problem partially by averaging element-wise gradient:
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“SGD” vs “SGD + momentum” in 2D

a T
vk = gyk-l f(w)
Oow we—whk—1
Wk — vvk_1 —+ ozvk
a= 1e-3 6= 0
Optgum

Solution

https://distill.pub/2017/momentum/
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“SGD” vs “SGD + momentum” in 2D

-

vk = gyk-1 of (w)
Ow

wh = wr 1 + ozvlC

o= 5e-3 b= 0

- “x\\\\\\

1

\
https://distill.pub/2017/momentum/

i

w=wk—1

Optimum
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“SGD” vs “SGD + momentum” in 2D

O 1
vk = gyk-l f(w)
Oow we—whk—1
w' =w"t 4 av”
o= 1e-3 b= 09
Optgum

Solution

https://distill.pub/2017/momentum/
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“SGD + momentum” on quadric

1
Criterion: f(w) = 5 w ' Aw with A = diag([A1,..., An])
Of(w;
Gradient: f(wi) — \, W,
aWZ‘

SGD+momentum after k iterations:

vk = gyh-l of (w)
Oow we=wk—1
w =w""1 +avh
vil | B Y vl [ B Y _k_vg_
wil  |—aB 1—a)N| |w' ™ |—af 1—a)| |w]

[F\ammarlon Bach COLT 2017}
https://arxiv.org/pdf/1504.01577.pdf
https://distill.pub/2017/momentum/



“SGD + momentum” on quadric

G Ai

_—CVﬁ 1 — Oé)\i_

_ _Vk_l _

%1
A A

_ [

W

G Ai

_—&ﬁ 1 — Oé)\i_

|Flammarion, Bach COLT 2017]
https://arxiv.org/pdf/1504.01577.pdf
https://distill.pub/2017/momentum/
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"SGD + momentum” on quadric

Vf o _ 5 Ad
w|  |—af 1—a);
£ = 0.985
A = 0.25 )

[Flammarion, Bach COLT 2017] https://arxiv.org/pdf/15
https://distill.pub/2017/momentum/

k 17

Wk 1

_ [

G Ai

_—Oéﬁ 1 — CV)\i_ _W
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"SGD + momentum” on quadric
vy G N, | vt G A 1" v

Wf _—aﬁ 1 —oz)\q;_ vvlC 1_ _—Ozﬁ 1 —oz)\z-_ ‘W

_ [

|

£ = 0.985 B =0.8

. —_—

‘
‘ ;

A= 0.02

A= 0.25

|Flammarion, Bach COLT 2017] https://arxiv.org/pdt/1504.015
https://distill.pub/2017/momentum/



“SGD + momentum” on quadric

Criterion:

Of (w;)

aWZ‘

Gradient:

SGD+momentum after k iterations:

vy - Ai

~

« Converg. rate: rate;(co, )

[Flammarion, Bach COLT 2017] https://arxiv.org/pdf/15
https://distill.pub/2017/momentum/

_WI-C_ —ap 1 —a);

flw) = s Aw

— >\7;Wz'

k 17

Wk 1

_ 1

with A = diag(|\q, ...

- f Ai
_—Oéﬁ 1 — Oé)\i_

— max{\m(Oé, 57 )\i)|, \02(047 5» Az)|}

0
\®

0

(/

04.01

—

O

, An))



Momentum

B =

Ripples

1 -

“SGD + momentum” on quadric

rate;(a, 8) = max{|o1(«, S,

)\z)|7 ‘0-2(04767 )‘Z)|}

Monotonic Decrease

 —

1-Step Convergence

Step-size a = 4

Convergence Rate

———

| |
00 02 04 06 08 1.0 1.2

A plot of max{|o|, |o3|} reveals
distinct regions, each with its
own style of convergence.

Monotonic Oscillations Divergence

""""""""

[Flammarion, Bach COLT 2017] https://arxiv.org/pdf/1504.01577 .pdf
https://distill.pub/2017/momentum/



“SGD + momentum” on quadric

1
Criterion: f(w) = 5 w ' Aw with A = diag([A1,..., An])
Gradient: Of(Wi) _ AW,
8W@'
SGD+momentum after k iterations:
vel | B N kl__ﬁ A _k_vg_
Wf o —ozﬁ 1 —oz)\ Wf 1_ - _—cvﬁ 1 —oz)\z-_ _W,?_

¢ COﬂverg. rate: I'ate@( 75) maX{‘Ul(a767Ai)|7‘0-2(05767)\7;”}
* Optimal parameters: * Ve

O‘*:(\/rli\/xf ’ :(W+W)

|Flammarion, Bach COLT 2017] https://arxiv.org/pdf/1504.01577.pdf

https://distill.pub/2017/momentum/



“SGD + momentum” on quadric

1
Criterion: f(w) = 5 w ' Aw with A = diag([A1,..., An])
Gradient; Of(wi) _ W,
8W@'

SGD+momentum after Kk iterations:

vel | B N kl__ﬁ A k_vg_

Wf - —ap 1 —a) Wf 1_ B —afp 1 —a) _W,?_

¢ COﬂverg. rate: I'ate@( 75) maX{‘Ul(a767Ai)|7‘0-2(05767)\7;”}
o OptlmaLparameterzs. , b (\/E— ST 2

- _(er\/An) VA + VAL
— 1

« Optimal convergence rate: rate(a™, ") = ﬁ—F |
|Flammarion, Bach COLT 2017] https://arxiv.org/pdf/1504.01577.pdf

https://distill.pub/2017/momenturnr

/
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- 0.3

-0.2

- 0.1

“SGD + momentum” on quadric
Convergence rate

k— 1 SGL
VK + 1
SGD+momentum
1 :4 1.6 1.8 2 2;2 2.4 2.6 2;8 3 3.2 3.4

torch

.optim.SGD(params, 1r=0.001, momentum=0.9)
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Py lorch
# initialise
import torch.nn as nn
import torch.optim as optim

# initialize optimizer
optimizer = optim.SGD(conv net.parameters(), lr=le-2)

# define ConvNet model
conv_net = ..

# define criterion function
loss = loss fn(conv net(images), labels)

# compute gradient
loss.backward()

# update weights of the model
optimizer.step()

62



e Bul

e RO

SGD + momentum - drawback

Vk _ ﬁVk_l

W

k

— W

k—1

O T (w)

Ow

-+ ozvk

w=whk—1

d velocity vas running average of gradients

ing ball with velocity v and friction coeff p = 0.95

f(w)

Reach minimum
but overshoot

=> problem !

W
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SGD with Nesterov momentum
of ' (w)

Ow
k

Vk _ ﬁvk_l

w=wk—1Lavk—{

Wk — Wk_l + Vv

* ook one step ahead and reduce velocity by future gradient
o Partially prevents overshooting

f(w)

W=Wg_11+QVE_1

Wiw
http://vvvvvv.cs.toronto.egu/#ritz/absps/mon
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SGD with Nesterov momentum
of ' (w)

Ow
k

Vk _ ﬁvk_l

w=wk—1Lavk—{

Wk — Wk_l + Vv

* ook one step ahead and reduce velocity by future gradient
o Partially prevents overshooting

f(w)

W=Wg_11+QVE_1

Wiw
http://vvvvvv.cs.toronto.egu/#ritz/absps/mon
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Beyond first order methods

k k—1 af_l_(“)
Q
OW

Undesired zig-zag behaviour

w=wk—1

Momentum helps, but the zig-zag behaviour remains.

60



wh=wt "l —aH !

Full Newton Method

Of(w)
Ow

w=whk—1

=

2
Hesslan g — 0" f (W)

adjusts the direction of the gradient.

w=wk—1

6/



Convergence rate of full Newton method on quadric

{ case study
Criterion: f(w) = §WTAW withA = diag([A1, ..., An])
2
Gradient: Of (W) = \;W;  Hessian: H = 0" f(w) — A\,
awi w;,=w 1 82Wi W@':Wl.c_l
SGD after k iterations: Wf = (1 — Oé)\i)kwf?

Full Newton after k iterations: Wf = (1 — a)"w;

Optimal convergence rate: o™ =
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-0.3

-0.2

-0.1

1.2

1.4

1.6

SGD + momentum on quadric

Convergence rate

k— 1 SGL

VK + 1

SGD+momentum

Full Newton

1.8 2 2.2 2.4 2.6 2.8 3 3.2 3.4
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Full Newton Method o

wk — wk=1 _ o 71 Of(w) /

Ow

w=wk—1

Convergence rate for convex quadratic form is zero (converges within one step)

 \Why not to use Hessian?

« Hessian has M X M elements for M-dimensional parameters

. Inverse of Hessian is O(M?>)
. Accurate estimate of H~! - g requiers significantly larger minibatches

70



Full Newton Method o

wk — wk=1 _ o 71 Of(w) /

Ow

w=wk—1

Convergence rate for convex quadratic form is zero (converges within one step)

What does the Hessian actually do”
e |t slows down each component by its eigenvalue

(I.e. elgenvalue encodes steepness of the quadric in particular dimension)
* [he faster the change the shorter the step
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Full Newton method - approximation

/2



Full Newton method - approximation

http://www.jmlr.org/papers/volume12/duchilia/duchil1a.pdf
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AdaGrad

torch.optim.Adagrad(params, 1lr=0.01, 1lr decay=0,

welight decay=0,
eps=1e-10)

initial accumulator value=0,

74



torch.optim.RMSprop(params, 1lr=0.01, alpha=0.99,
welight decay=0, momentum=0, centered=False)

eps=1e-08,

79



AdamOptimizer = AdaGrad + momentumin g, g

q° = Bq" "t + (1 — B2)g” v
wk = whk1 - O, g/

Vb +e

k

2

/0



AdamOptimizer = AdaGrad + momentumin g, g

vi=BiviTl 4+ (1 - 8)g
q° = 29" + (1 — By)g?

B s’
wk = wF1 G)VI‘C

[Kingma ICLR 2015]

2
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AdamOptimizer = AdaGrad + momentum in g, g*

. Vg
Y1t
N &
- 1-p%
wr = wh1 - O vF

[Kingma ICLR 2015]



AdamOptimizer = AdaGrad + momentum in g, g~

vi =BvFTl 4+ (1 - B1)g

. Vg

-

~k qk

-8

wk — whk—1 Y ok

Default values: o = 0.1 #1=0.9 o = 0.999

torch.optim.Adam(params, 1lr=0.001, betas=(0.9, 0.999),
eps=1e-08, weight decay=0, amsgrad=False)
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AMSgrad

For 81 < ﬂz there always exists a stochastic
optimization problem, where Adam fails.

I 0 U A F
0.5 [y
---- Adam
0.0 | .
— AMSGrad
-0.5
-1.0
Oe+00 3e+06 6e+06 Oe+06

lterations
'Reddi ICLR 2018]
https://openreview.net/pdf?id=ryQu7{-RZ
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https://openreview.net/pdf?id=ryQu7f-RZ
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AMSgrad

~ VL
-
1 — Bk
~ L _ qk
1 — Bk
q° = max{q",q" '}
87
wk — whk—1 o %

[Reddi ICLR 2018]

https://openreview.net/pdf?id=ryQu7{-RZ


https://openreview.net/pdf?id=ryQu7f-RZ

Summary

 Adam Is the most popular choice, since it is not that
sensitive to other hyper-parameters.

 PyTlorch of all previously mentioned implementations
avallable:

torch.optim.Adam(params, 1lr=0.001,
betas=(0.9, 0.999),eps=1e-08,
welght decay=0, amsgrad=False)

* There is a whole family of Quasi-Newton methods, which

make use of advanced Hessian approximations (L-BFGS).

However, their applicability for huge state-of-the-art
networks Is discussable.
https://arxiv.org/abs/1805.02338v1

torch.optim.LBFGS (params, lr=1, ..)

33



Training procedure

 Choose:
 Network architecture (ideally re-use pre-trained net)
o Weight initialization (Xavier)
* | earning rate and other hyper-parameters.
* Loss + regularization
* Divide data on three representative subsets:
* Training data (the set on which the backprop is used to
estimate weights)
e \alidation data (the set on which hyper-param are tuned)
» Testing data (the set on which the error is reported)
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error

Training procedure

Trn loss explodes to infinity => oscillations
* decrease the learning rate

Training loss

_
. Testing loss

iterations
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SGD drawbacks - in 2D

https://distill.pub/2017/momentum/
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|0SS

\
\
-
-
-
-
-
-
-
-
-
-
-
-
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m .
------------

Irn loss Is decreasing very slowly
* Increase learning rate

. Training loss terations
. Testing loss
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Starting Point

Solution

1e-3

SGD drawbacks - in 2D

Optimum

https://distill.pub/2017/momentum/
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|0SS

Training procedure -

Trn loss remains huge =>underfitting .-
* decrease regularization strength .-
* INncrease model capacity

\
\
-
-
-
-
-
-
-
-
-
-
-
-
------
m .
------------

Training loss terations

Testing loss
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|0SS

Trn error converges => what about Tst error?

Training loss

Testing loss

iterations
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|0SS

Tst loss>>Trn loss => overfitting
* |ncrease strength of regularization
o decrease model capacity S
» Tst data are too far from Trn data .-
(should come from the same distribution)

o
\
\
-
-
-
-
-
-
-
-
-
-
-
-
------
m .
------------

L
oy
...

] oap

Training loss terations

Testing loss
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|0SS

Trn loss>>Ist loss
» bad division on training/testing data .~
] oap
Training loss terations
Testing loss
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|0SS

Correct behaviour

Training loss

Testing loss

gap
iterations
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Hyper parameters tuning

Weight initialization (Xavier)
Trn loss Is huge =>underfitting

e decrease regularization strength

* INncrease model capacity
Trn loss explodes to infinity=> huge learning rate
* decrease the learning rate
Trn loss Is decreasing very slowly => small learning rate
* INncrease learning rate
Tst loss>>1Trn loss => overtitting

* |ncrease strength of regularization

e decrease model capacity

e [st data are too far from Trn data

(should come from the same distribution)

Trn loss>>Tst loss =>bad division on training/testing data
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Epilog
* You almost always don't optimize what you want to optimize
o Stochasticity advantage: works as an regularizer that helps in larger models
o Stochasticity drawback: make estimation of gradient and Hessian inaccurate

(Standard deviation &~ 1/4/N => suffers from sub-linear returns)
 Neither “classical statistical”™ wisdom nor the “"deep learning” wisdom holds.

JW) = Eyynp,, [logmx,y\w)] o JW) = Exypop,.. [logl?(X»y\W)]
VW](W) — XY ~Piaa l VWlOg <p (X’ Y ‘ W))] VWj(W) — XY~ ia l leOg (p (X’ Y ‘ W))]
Y

P data(X’ Y )
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Double descent
|Belkin-DoubleDescent-2019]

Squared loss

3 10 40

Number of parameters/weights (x103)

Statistical wisdom: “Too large models are worse since they overfit.”
Deep ML wisdom: “The larger the better”
https://openai.com/blog/deep-double-descent/ %



Double descent
|Belkin-DoubleDescent-2019]

Squared loss

3 10 40 100 300 800

Number of parameters/weights (x103)

Statistical wisdom: “Too large models are worse since they overfit.”
Deep ML wisdom: “The larger the better”
https://openai.com/blog/deep-double-descent/ o7



Double descent
|Belkin-DoubleDescent-2019]

Statistical wisdom: “Too large models are worse since they overfit.”

Test risk

“classical”
regime

~ < :Training risk

S~
\

——‘_——___——__—

Capacity of H

undertit overfit

https://openai.com/blog/deep-double-descent/ 0



Double descent
|Belkin-DoubleDescent-2019]

Statistical wisdom: “Too large models are worse since they overfit.”
Deep ML wisdom: “The larger the better”

over-parameterized

\ Test risk
% \. “classical” : “modern”
E \ regime interpolating regime
\ N
h - Z
~ o *Training risk:
E\ ~ . _interpolation threshold
. Capacity of H
underfit = overfit

https://openai.com/blog/deep-double-descent/ 09



Double descent

Modern Regime
Larger Model is Better

Classical Regime
Bias-Variance Tradeoff

0.5
Critical Regime
0.4 —

0.3 —

0.2 —

Test / Train Error

Interpolation Threshold
01—

0.0 |
1 10 20 30 40
ResNet18 Width Parameter

https://openai.com/blog/deep-double-descent/

50

60

@ Test

® Train
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1000

Epochs

15

Double descent
|Belkin-DoubleDescent-2019]

Train Error Test Error
0.8 0.8
0.7 0.7
0.6
06 1000
0.5
o
-
(@)
O
o 100
LL]
10
1
30 45 60 0 15 30 45 60
ResNet18 Width Parameter ResNet18 Width Parameter

https://openai.com/blog/deep-double-descent/

101



