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Underfitting vs. Overfitting
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Optimization vs. Regularization

AOptimization: fitting the data
AMinimize the empirical loss on the training set
AMaximize performance on the training set

ARegularization: avoid overfitting the data

Almprove performance on future data (test set), often at the cost of training
loss.

ATraditionally, these two are considered to be opposite to each other.
Aln deep learning, not always.

ves




Conventional Intuition

AUnderfitting: The model is too limited and cannot represent the
function that generates the data.

AOverfitting: The model is too expressive. It can represent the-data
generating function as well as the noise in the data.




Deep Learning Intuition

AUnderfitting: Not learning enough from the observed data.
AEven if the model is large, the optimization could be poor.

AOverfitting: The observed data contain some random errors, some
idiosyncrasies that do not apply to the general population. Overfitting
IS to learn from such noise.

AExample: Learning from outlier images and thinking that they are
representative of many realorld images.

ves




Bird or Kiwi Fruit? Representative Images?

Fish or
Cucumber?

Images created bgaralDeRemer
Li Boyang, Albert Reproduced with permission.

14


https://www.sarahderemer.com/

ves

Deep Learning Intuition

AUnderfitting: Not learning enough from the observed data.
A Even if the model is large, the optimization could be poor.

AOverfitting: The observed data contain some random errors, some
idiosyncrasies that do not apply to the general population. Overfitting Is to
learn from such noise.

A Example: Learning from some outlier images.

ADL deals with more complex semantics than traditional ML.
AWhat is noise using one set of features is signal under another set of features.
A Quality of feature representation matters a lot.
A Sometimes increasing capacity could reduce generalization error!



Deep Learning Is Representation Learning

AShallow models work with existing features
AE.qg., logistic regressiocx , 1 e

ADeep models can be seen as learning features
AMLPG , (0 B, (@, (@ )))
ALet» (oo E., (0, 0))), we havew) , o

ALearning the right features is critical




Image created by Tyl®figen
Reproduced under CC BY 4

Bad Feature (correlation 99.79%)

US spending on science, space, and technology
correlates with

Suicides by hanging, strangulation and suffocation

1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009
$30 billion 10000 suicides
Q
|
c
] . o T
g $25 hillion 8000 suicides %
c aa
@] _‘—/ 3
50 aa
= P
2 2
& $20 billion 6000 suicides &
wv wv
u
D
$15 billion 4000 suicides
1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009

-®- Hanging suicides —¢- US spending on science
tylervigen.com

Guaranteed: low training error, high test error on future data
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Image created by Tyl®figen
Reproduced under CC BY 4

Bad Feature (correlation 98.51%)

Total revenue generated by arcades
correlates with

Computer science doctorates awarded in the US

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009
$2 billion 2000 degrees
)
o}
- 3
$1.75 billion o
Y S
=] 1500 degreesm
5 &
£ $1.5 billion o
[} o
© ™
] o
=4 1000 degreesa
$1.25 billion ﬁ — §
]
$1 billion 500 degrees
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009

-8~ Computer science doctoratest- Arcade revenue
tylervigen.com

Guaranteed: low training error, high test error on future data
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Original Image byuRbO J
Modified under CC BY 2.0

Feature Extraction: Which i1s more robust?

AWhat is the make of the car?

Overfitting: For cars in a single year, these

features (wheels, fog lights, grill) can be very The logo is unlikely to change and should
effective, but they will not work if Toyota makes generalize well.

a design change.
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Deep Learning Is Representation Learning

AMany regularization techniques in DL aim to improve the quality of
features extracted by the deep network.
AMixUp
AData Augmentation
APretraining is effective against overfitting

ACovered in the next lecture




Optimization vs. Regularization in DL

AThe most important issue in deep learning.

AOptimization is hard in DL
AFirstorder optimization is hard.
ASecond2 NRSNJ YSUK2Ra FNB INBFG o6dzi 6S C

ARegularization is hard in DL
AOverparameterized deep nets are capable of memorizing every training
iInstance (Zhang et al. 2017).

ves

Chiyuarzhang SamyBengig Moritz Hardt, BenjamiRecht and OrioVinyals Understanding deep learning requires rethinking generalization. ICLR 2017




Symptoms and Diagnosis

A Effective trialand-error requires understanding accurate diagnosis and the correct
remedy

A Underfitting
A Large training loss, large validation / test loss
A The loss stagnates early in training
A Solution: Improve optimization; increase model capacity

A Overfitting
A Large gap between training set performance amatftest performance
A Usually gap in loss values too
A Solution: Apply stronger regularizatiofirgt priority); decrease model capacity;

AIn deep learning, zero overfitting does not always give best performance.




Biasvariance Tradeoff

AWe want to estimate random variables.¢, neural network weights)
from data
ALow bias = the estimate fits data well but may overfit

ALow variance = the estimate is not overly influenced by noise in data, but may
underfit

AAdding L2 regularization to linear regression lowers the variance in
the estimate of model parameter
Ahttp://cs229.stanford.edu/summer2019/BiasVarianceAnalysis.pdf
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Biasvariance Tradeoff

ADatasetO (e ho )Bhe hd  drawni.i.dfrom a distributiond
Ai.i.d = independently and identically distributed
AExpected label
9(x) = By [¥] = [ Pr(y/x)0y.
Y
AThe labetodepends on x but the relationship is not 100% deterministic. So we
compute its expectation from distributiod Qe

AThis noise imocouldreflect annotation error, or simply the semanticssithat
the model cannot understand. Recall: coin toss is deterministic.

ves

Content credit: Kilian Weinberger (https://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/lecturenote12.html)



Biasvariance Tradeoff

AThe machine learning algorithinlearns a model (or hypothesi%) from the
datasetO. Q@ 0 O.

AExpected model

h = EDan [hD] — /hD PI‘(D)@D

D
AExpected test erru,

Exgr-r [(ho(x) ~9)°] = [ [ (o) - )" Pr(x,y)oyox

Content credit: Kilian Weinberger (https://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/lecturenote12.html)
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Biasvariance Tradeoff

A Combining everything we have

E (xy)-p [(hD(X f / f (hp(x) — y)2P(x, y)P(D)dxdydD

D~P"

AThgt IS, the expectation is over the observed dat&3aind all possible data
ol

Content credit: Kilian Weinberger (https://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/lecturenote12.html)

CE/CZ 7454, 2021 Li Boyang, Albert
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Biasvariance Tradeoff

E(xy)wp (hD fff hD XyP(D)BXByaD

D~p"

By |[hn(x) = | = Bxy |[(hn(x) = hlx)) + (R(x) —y)]’]
~ Bop () — )] +2 By [(he) — 7)) () — )] |1 By [ () — 9)°]

=0
Bey [ (an(x) ~ h(x)) (A(x) ~9)] = Exy [Ep [hn(x) — h(x)] ((x) ~ )]
= Exy [(Ep [hp(x)] — A(x)) (h(x) ~ )]
= Bxy [(A(x) = h(x)) (h(x) - 9)]
- Ex,y [0]
=0

Content credit: Kilian Weinberger (https://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/lecturenote12.html)

CE/CZ 7454, 2021 Li Boyang, Albert
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Biasvariance Tradeoff

B [ (ho(x) = () (5(x) ~3)] = Bx, [Ep [hp(x) ~ ()] (Rx) )]
= Bx, [(Bp [hp(x)] - A(x)) (h(x) ~ )]
= By [(h(x) — h(x)) (h(x) -~ y)]
= Fx, [0]
=0

Recall: The expectation operation is linear
OO MO QN ® "FH V(GO QN WO "EH
o[Qd Qo] (F) )@ Qd AL QG QAL QG
OQw] O[Qw]

Content credit: Kilian Weinberger (https://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/lecturenote12.html)
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Biasvariance Tradeoff

Ex D [(hD(X) - y)ﬂ = Exp [(hD(X) — B(X))Q] + Exy [(ﬁ(x) — 9)2]

- >
"

Variance

A Variance ofQ (e) shows how muclQ changes when the observed datag®t
changes.

A If we happen to observe a few outliers in the data, is the learned function
heavily affected by them?

Content credit: Kilian Weinberger (https://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/lecturenote12.html)
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Biasvariance Tradeoff

By |(h(x) )’

By [ (hx) — 5x)) + (3(x) )]
= By, [(:&(X) - y)z] + By [(B(x) —y (x))z] +[2 Exy [(h(x) — (%)) (5(x) — )] ]

\ - - N

W W O
Noise Bias?2 -

is the variance i

By |((x) —v)°]

"

Noise

4

E, {(E(x) —g(x )2] Bias measures how mude deviate from the expected labeb

N - ., Note that"Qs the average over all possible datagetsoO has no
Bias® influence here.

Content credit: Kilian Weinberger (https://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/lecturenote12.html)
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Biasvariance Tradeoff

By |(h(x) )’

By [ (hx) — 5x)) + (3(x) )]
= By, [(ﬂ(x) - y)z] + By [(B(x) —y (x))z] +[2 Exy [(h(x) — (%)) (5(x) — )] ]

\ - - N

Noise Bias?

Exy [(R(x) — §(x)) (§(x) — y)] = Ex [Eyx [7(x) — y] (h(x) — §(x))]
= Ex [Eyx [§(x) — 9] (h(x) — §(x))]
= Ex [(7(x) — Eyx [y]) (h(x) —§(x))]
= By [(5(x) — §(x)) (h(x) — §(x))]

Content credit: Kilian Weinberger (https://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/lecturenote12.html)
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Biasvariance Tradeoff

A Combining everything,

Byyp |(hp(x) = 9)°| = Bep | (hp(x) — h(x)°| + Exy [#x) ~9)°] + Bx [ (h(x) ~ 9())]

A o - > -
Ve " "

Expected Test Error Variance Noise Bias?

- >

Variance Captures how much your classifier changes if you train on a different training set. How "over

specialized" is your classifier to a particular training set (overfitting)? If we have the best possible model for our
training data, how far off are we from the average classifier?

Bias What is the inherent error that you obtain from your classifier even with infinite training data? This is due

to your classifier being "biased" to a particular kind of solution (e.g. linear classifier). In other words, bias is
inherent to your model.

Noise How big is the datatrinsic noise? This error measures ambiguity due to your data distribution and
feature representation. You can never beat this, it is an aspect of the data.

o
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Biasvariance Tradeoff

As model complexity increases, overfitting

$ 5 Total Error increases.
§: : :
S Conventional ML wisdom says that you need to
g have fewer parameters than training data points.
g
5 § Variance In deep learning, models are heavily
“ ’ overparameterized and achieve zero training loss,
but still generalize well.
BiHSE . .
- - Still, you can have too many parameters even in
g > deep learning. Overfitting is a severe problem and
Model C lexi .
odel Fompiextly researchers developed many techniques to
mitigate it .
Source: http://scott.fortmanaroe.com/docs/BiasVariance.html
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Gradient Descent

AWe seek: that minimizes a differentiable functiob(cd: )
Alnput: loss functiord(::), initial position:: , learning rates-

AAlgorithm: Repeat until termination criterion
AMove in the direction of negative gradient




Taylor Series for Function Approximation

AWe can approximate ainfinitely differentiablefunction”@w)dg ©
with the following sum

Qo Qo) Qw)(w w) g"Q((b)((b W) GB-"Q (@) (» ®) E

A
AAlternatively

€A

nt" derivative

"Bw) D@ ®)




ves

Taylor Series for Function Approximation

A We can approximate aimfinitely differentiablefunction™@)dg © s with the following sum

Qw ) Q) o) EQ(oo)(oo ®) Q) (e o) E
AWhen|o® @] f§issmalli(L p),(® @) isf L j
A Every term after that is even smaller.

A Thus, for approximation around , we may take only the first two terms.
T dw) Qo) (w w) 07
A For slightly larg€r, three terms allow us to be more precise

Qo Qw) Qw)(w w) g"Q(d))(cb @) 0f



Taylor Series for Function Approximation

25
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-« TEPRPUTE TEPURREPE RPN SEPUEPE SIS T | —ai

-0.4 =-0.2 0.2 0.4 0.6 0.8 1.0 osL
Graph of f(x) = ¥ (blue) with its = Graph of f{x) = X (blue) with its =
linear approximation P4(x) = 1 + x (red) quadratic approximation
ata=0. P5(x) = 1 + x + x2/2 (red) at a = 0. Note

the improvement in the approximation.
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Multivariate Taylor Polynomial

AFor smalb:

] ] Q P (R =
0w (gfe & (5 8
e J !

Y \ J

p—

J

Constant . Y Additional terms are
Linear : : .
term Quadratic term increasingly less
'I_'erm with Hessian. important.
(inn)
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Gradient Descent Is Steepest Descent

Graph for xA2-y*2
A We want to find a directiom N 5 that leads =D
to the fastest decrease iiQQe . ;M

A If we can findo, we will move a little bit in

that direction.
o [ ) —0

P

AWe lookforv ~ AOCIHEP \, e i

o liell

A As we plan to take a small step, we can use a
first-order approximation.

To

; ' ™ From
_______ i

’Q ’ ot 2 : x [ =10, ’
@ o) ww () ¢ D

z 104441 104.441

CE/CZ 7454, 2021 Li Boyang, Albert
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Steepest Descent under Euclidean Norm

A We want to find a directiom N 5 that leads A o o
to the fastest decrease iiQe . Fact2 A T-o
A If we can findo, we will move a little bit in A All it matters isA 1—O
that direction. I
. . . O
o o —o A To minimize—-, we can choose |

llell

(X

A We look ford AOCH A That is, (—.) is the direction for steepest

o lIell
A As we plan to take a small step, we can use a descent.
first-order approximation. A Note: we may choose a different norm and
Q get different results.
Qe o) Qo) [—] ©

ves




Further Analysis

AFor the analysis of multiple GD iterations, we use a secoder
approximation

o’ Q"

;YQ \ v J \ |
Constant Linear | _
term Quadratic term
T_erm with Hessian.
(inn)

CE/CZ 7454, 2021 Li Boyang, Albert
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Hessian = Diagonal

Which contour diagram correctly depicts this function?

a wif, 8

\ \
TW (6))
20 = 20
15 o 15 4
10 1 10 1
05 A 05 1
\
\ Y ] i

—0.5 1 0.5 1

=1.0 1 -1.0 1

-15 -15 -

20 - N N . . . :
20 -15 -10 -05 00 05 10 15 20

—2'} T T T T I. T T
-20 -15 -10 -05 00 05 10 15 20

(A) (B) (C)
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Hessian = Diagonal

Which contour diagram correctly depicts this function?

A} - € p €
. et Tl [w Plugine Q l ] , Q :
Moving by unit length in (Fe) [who] [T[ ] [w] ~ n [2]
C P o) A . .
this direction increases or O B which one has higher
the function value the T O function value?
most.

20
15 o
10
05

| G %0
'.f'; | 05

1.0 1

A

e
Sy -\I‘ Y

—2[:' T T T T I. T T D T T T T T T
20 -20 -15 -10 -05 0.0 05 10 15 20 -20 -15 -l10 -05 0.0 05 10 15 20
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Diagonal Hessian

Easy to optimize. First find the bast on
anyw , and find the besty (coordinate
descent).

CE/CZ 7454, 2021 Li Boyang, Albert 46




Hessian = Diagonal Rotation

The eigenvalues of Hessian determine the ratio of
the two axes of the ellipse.

Counter
Clockwise 45 clockwise 45
Vo Vg Ve Ve

n NN T 'r[

o) [whw]| © C [ ] G G
& Velln ollve vz
¢ ¢! ¢ ¢
Q') o L~)'X’L~) )

CE/ICZ 7454, 2021
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Hessian = Diagonal Rotation

Counter
Clockwise 4 clockwise 45
Vo Ve V¢ V| 20
. T T~ —~ |[w
@ ol S ST TS sls] 15
Ve Vel ollve e lo
N & C - XS ¢ - 10 1

A Coordinate descent converges slowly in this @ 807 © minimum

scenario.
A Not rotational invariant.

A Gradient descent is rotational invariant.
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Hessian = Diagonal Rotation

The eigenvalues of Hessian determine the ratio of
the two axes of the ellipse.

Clockwise 45

Vo e

qo) [wRo][ S %
Ve e

¢ G-

Q)

CE/ICZ 7454, 2021

20
15 -

Counter
clockwise 45 10

Ve Ve

pC T[] C C l(fo] 0.5
T opllVg g (@ W o0
6 6 —0.5
-1.0
v 7 —-1.5 1

® LYU o
=2.0

o o
o
o . iy
Lo L o ]
Lo r Y L L F ’
Wi L3 -\.:-_._._ /
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W
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Hessian Poorly Conditioned

A2 KSy (KS SftfALAS Aa H|]\|:S|-

the gradient on one direction is much
greater than the other dimension.

A We need to set a learning ratesuch
GKFEGO 6S R2y Qi
dimension.

A But it would be too small for fast
convergence on the other dimension.

A A large condition number leads to slow
convergence for GD.

CE/ICZ 7454, 2021

2 5SS NAE K2

15 -

10 A
G 00
0.5 -
~1.0 -

~1.5 I

Galjdz2 aKSRES

Li Boyang, Albert
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Hessian Poorly Conditioned

A2 KSy (KS StfALAS AézysrftmmwmwmréKSRéz
the gradient on one direction is much -
greater than the other dimension.

15 4

10 1

A We need to set a learning ratesuch
(KIiG 68 R2y Qi 203SNEK?
dimension. @ 004

. —0.5 4
A But it would be too small for fast

convergence on the other dimension. 07

~1.5 {~
A A large condition number leads to slow

convergence for GD. 2.0
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Hessian Poorly Conditioned

A2 KSy GKS SfftAaLlasS Aa NBIFff& dalidz aKSRES

20 <
the gradient on one direction is much Zigzag \\\\
behavior _~ -

greater than the other dimension. b2

10 1
A We need to set a learning ratesuch

GKIFG 68 R2y Qi 2 @SNAERY
dimension. W 00 -

A But it would be too small for fast —0-31
convergence on the other dimension. -0
A A large condition number leads to slow "7
convergence for GD. 20 )
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Hessian Poorly Conditioned

AThis phenomenon is 20

characterized by the ratie— of

the Hessilan matrix, known as the
condition number. W

AA large condition number leads to
slow convergence for GD.

o

ol 1 -
_-' ' :-'.-_'
|
L 3
4l \

beha\nor/

CE/CZ 7454, 2021 Li Boyang, Albert
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Momentum

Ale] ——
Initial condition: Ao

@) A o —I
Velocity update:

o Ao =01 1D

. o ~ Q) T
Qe P Ao _(B | I I )

Parameter update: A The contribution of decreases

- -~ o exponentially a®increases.

A This is known as exponential moving average
(EMA).




Momentum

Initial condition:
@)

Velocity update:
0 iﬁiﬂ:} ) -

O | O — bt

Q

Parameter update:

CE/ICZ 7454, 2021

0 W Vo
- A \
o

{\

2.0 —15 —]_I} —05

20

15
]_CI'

05

. .

\\\\_

0.0

—0.5

-1.0

-1.5 1

2.0

T
I}. 5 ]_CI 15 20

_"‘i-_}

\\\ _

Gradient along thi
direction cancels off

=20 -15 -10 -05

Li Boyang, Albert

T T T
05 10 15 20

| TT
(No momentum)
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Momentum

0.5 1 % Qi \\

0.0 - | TT
Initial condition: 05 \ (No momentum)
O L

Velocity update: LS \\\

. T
2.0 —l 5 —l o —U 5 0 I}.S ]_CI 15 20

Qo ).
o Jo g p
20 - :
Parameter update: N \
- - O 05 1 ' . %, \
0.0 1 - - | T[&.
05 1 %Ua, Gradient along this
1.0 - wmulates
-15 1 "
=20 \\ T

2.0 —l 5 —l o —U 5 0 I}.S ]_CI 15 20
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Momentum o \/\\\

Initial condition:
@)

Velocity update: | \\
Q) - . :: \ \
o o = P § \

Param eter update: _Z-D—Z.I} —ll.5 —].I.I} —l.'JI.S I}.ICI I}.IS :I_Il'.] ]_IS 20

...... : N
L b4 O \\\
15 ] »'\,\. T 1) -\\-"

W

o5 ] %, Gradient alon
' \ this direction
10 \ accumulates
o B TT0p
139 \\\\

=20 T
-20 -15 -10 05 0o 05 10 15 20
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Effects of Data Whitening

AWhitening data = setting peeature mean to 0 and variance to 1

AFor each feature, we subtract its mean and divide by its standard
deviation. These two values are computed from the entire training
set.

Alt is very commonly used in machine learning and has modern
variants in deep learning.

AWhy does it work?




Effects of Data Whitening

A Consider the loss function of linear regression with data mairixa ¢ ), label
vector« N 4 | and model parametern

, —(F 0w (O
| §T®®Tcmm ¢

The (uncentered) feature

e _oongl ) C ) | |
covariance matrix

A The condition number of the feature covariance matrix affects the speed of convergence.
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Effects of Data Whitening

AWhitening data has the effect of lowering the condition number and
Improving optimization.
AModern deep neural networks utilize a variety of normalization

operations (e.g.BatchNorm LayerNormGroupNorm etc)
AWe will see them later on.

A[Optional] See detailed discussion at
https://www.cs.toronto.edu/~rgrosse/courses/csc2541 2021/reading
s/LO1 intro.pdf
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Adam Alnitialize:v e Fo T
A Hyperparameters: @4} TBuudl P T

_ _ _ A Repeat until termination condition
ASometimes the gradient is too large

Ao o p
and overshoots. Al _©
ASometlr_ne.s the gradient is too small, Av 1 v | © 1)1 //EMAfor]
Az KO AT 6S | R2dzald ®RRSYIE NI/R%KSyeipnfox 2 A O ¢
neither too large nor too small? Aw» »Tp 1 Ilbias correction for»
A Adam often works well for recurrent Ao /Il componentwise division
networks (introduced later). Ao o 80
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Adam: Bias Correction

A Letl {3
Ay - A Thus, we introduce bias correction.
Ay 1  Thefirstfewy AV  vIp f

P are too small A Sincert T v vl

AWhend H Vv v
Av o1 B 1 T 1)
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Adam

AAdam may not converge well near the
minimum.

ANear the minimum, the gradients
have small magnitudes. So Adam
scales the gradients up, which may
lead to overshooting.

ACan be handled by

A decaying the learning rate

A or switching to SGD with momentum
near the end.

CE/ICZ 7454, 2021

Li Boyang, Albert

o 1
Lt AR

A Repeat until termination condition is met

A Initialize: v h»

A Hyperparameters: pTI

Ao o p

A I (o)

Av 1 v e 1)) //EMAforl

Aw» 1 » (p )OI} I #EMAfor

I 1

Av w¥p 1 [/l bias correction forv

Aw» »Tp 1 |/ bias correction for»
v o ..

A 3« ol /I componentwise division

A ¢ 3
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Newt onodods Met hod

ANewtorQa Y S U K 2 R-ordeéoptimizatiGh @e2hyiiue that
models the objective function as quadratic.

AStarting from:: , we seele-that minimizes

. ) Q- p. (Q°

ASetting the derivative to zero, we get

Ago 3 [/Q® [/Q" Q" QR 5 g
s & &) e &) &)




Newt onos Met hod

AbSgi2yQa &aisLl

ALF GKS FdzyOlA2Yy A& AYRSSR |jdzr RN
single step.

ASuperior convergence speed compared to fosler gradient
descent.




ves

Newt onodods Met hod

ATKS bS¢gi2yQa YSUK2R Kla Ylye
well for deep neural networks

A'Ois¢ ¢&8Storage is hard for large For a network with 1M parameter®)
takes a few TB to store

AFindingO naively take) ¢ operations, which very expensive for lage
(though can be simplified).

AEstimatingO "Qwith sufficient accuracy requires a lot of data.
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Learning Rate
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67


https://www.pxfuel.com/en/free-photo-qxsse

Learning Rate Schedule

AFirstorder methods critically relies on the learning rate
ATypically, we gradually decreaseluring the optimization.

ACommonly used learning rate schedules
AExponential
A Step
ACosine
APlateau (dynamic schedule)
Aal y& Y2NBX




ves

Learning Rate Schedule

AExponential AThis step function is popular in
A- | —ht | p the training of convolutional
AStep networks for image recognition.

ADecrease by the factor at ATotal number of epochs™Y

predefined iteration / epoch AMultiply — by 1/10 at-, and

another 1/10 at—



Learning Rate Schedule

ACosine APlateau
A- - - - H(p Ai-0) ADecrease the learning rate by
AA half cycle of the cosine function when the training loss does not
ASlow decrease at the beginning decrease by at leastin “Yepochs.
and at the end, but fast drop in AUseful as an exploration strategy
the middle. when no prior knowledge is

available.

AMay create difficulties for
reproduction.

0.023




Original Imagéy Justin Mathews

Modified underCC BY 3.0
Li Boyang, Albert

Adding
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Stochastic Gradient Descent

AGD computes the gradient on the loss function

fi ,3 bad o R

U Summation over
all training data

AWhen there are too many training data, the above average is too
expensive to compute.

AWe use only a small subset randomly sampled from the training
dataset to compute the gradient.




1to B | «—— 1stiteration

Implementation T p—

1. Shuffle all training data into a random
permutation.

2. Start from the beginning of the || batches —
shuffled sequence.

3. In every iteration, take the next data
points, which form a miAbatch, and
perform training on the minbatch.

4. When the sequence is exhausted, go
back to Step 1. This is one epoch of 5 -
training. Last iteration,

0 [—J 0 data points

Random shuffling is necessary for unbiased
& @t b gradient estimates. The last batch witliewer than 6 data points

' may be discarded if small batches cause

problems (e.qg., foBatchNorn)
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Pseuderandom Number Generator (PNG)

APseuderandom number generators  AHowever, the sequence of numbers
I N y2u0 NBIff e aNJIsHtiRCceéréam statistical properties
A What is really random? A philosophical ~ that they can be considered random if

discussion that we will not get into. the seed is not known.
Alt is a completely deterministic A Do not change seeds if you want good
function of the random seed. randomness. Use the sequence.
A Always generates the same sequence if Alf we give the same seed to two
the seed is the same. generators w/ the same algorithm,

A A k.adeterministic random bit generator  they will create the same sequence.

A We can align multiple processes or

25 9 2 multiple training sessions.

ves




Synchronous Training on Multiple GPUs / Nodes

AMultiple processes (total number = M)
use PNGs sharing the same seed when
shuffling the dataset. U batches -

ABased on its process id, a process uses
one batch of size B every M batches.

AThe gradients from M processes are U batches -

\l

averaged and the model is updated
once (synchronization).

AEquivalent to a global batch size of MB

CE/CZ 7454, 2021 Li Boyang, Albert

1toB

B+1 to 2B

MB+1 to (M+1)B

«—— Process 1

«—— Process 2

«—— Process 1

«—— Process 2

¥ [—J 0 6 data

pointsdiscarded
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Stochastic Gradient Descent

AFrom a probabilistic perspectivéy) 'hf )) is drawn from the data
distribution™ . "(Bis the expected value of the gradient.

OB ) R
T QO Oy [T l'Iéoo(T m( ) Expected gradient
Recall: The variance of th
mean estimator is VA ) B - -
: : . T Jbod b Ohe Estimated gradient
inversely proportional to Q UB T o ) using all available data

sample size.

using all data from a
mini-batch’

o T [|éw( s R ) Estimated gradient
(,)T : T i

N I
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Stochastic Gradient Descent

p T 6o hof b )

o o

N

0

@ T

AThe minibatch estimate of the gradient contains some random noise.
|s that bad?

ABias is bad. We need to shuffle datasets to get unbiased estimates.

AVariance may not be too bads long ashe angle between the estimated
gradient’Qand true gradient(@s less than 90 degrees, we are still roughly in
the right direction.

A Getting more accurate gradient means a bigger batch, which can be more

5@ expensive

ves




agby SparkFuiElectronics
BY 2.0

Batch Size
and Learning
Rate

N 23X 25X &%

Mf

O 2x 26X §
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Effects of Batch Size

A"Q(0 ) L )is the persample gradient.

A The minibatch updated 0 -Q 0 -B i QU

A We can understand this as sequentially movements—— E

A The contribution of théQ data point to the model parametay is:—j 6

A We vary® while keeping  —fixed (linear scaling of).

f6 p fé6 o

0 0 | QW) 6 0 1Q0) 0f O
0 0 |]°QW) | Q) | Q) Of U
O 0 Q) O U§

With alargeo, we use stale gradients computed at an old

CE/CZ 7454, 2021 Li Boyang, Albert
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Effects of Batch Size

local
minimum

CE/ICZ 7454, 2021

Li Boyang, Albert

The directed curves indicate the
underlying true gradient of the error
surface.

(a) Batch training. Several weight change
vectors and their sum.

(b) Batch training with weight change
vectors placed entb-end. As all
vectors are computed ai , they do
y2i NBFf SO0 GKS f I yR
gradients). We must use a smaller
learning rate gublinear scaling of).

(c) Ortline training &  p). The local
gradient influences the direction of

each weight change vector, allowing it
to follow curves.

Image from: D. Rand&llilsonaand Tony RMartinezh The general inefficiency of batch training for gradient descent learning. 2003
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Effects of Batch Size

Aln practice, settingg  p often leads to very effective optimization.

AThe variance does not matter muels long ashe angle between the
estimated gradientQand true gradient(s less than 90 degrees.

ADrawbacks of online learning ( p)
Alt fails to utilize modern GPU hardware, which is massively parallel.
ATerrible statistics foBatchNorm

Alt is usually desirable to use large batch sizes with the support of
multiple GPU cards / nodes.



Large Batch Training

f6 p 6 o
0 0 |Q0) Lp O |QUV)
O 0 |Q () 6f Of 17Q (0)
& &
0 0 QO ) O U ; | Q (0 )

A Under what conditions are the left side and ttight sideequivalent?
Al —Is kept constant (Assumption 1)
A The loss function is smooth enoug®(0 ) "Q(0 ) (Assumption 2)
A From Assumption 1 and6 should increase proportionally (linear scaling).

A Assumption 2 usually does not hold at the beginning of the optimization. We must use

fa &1 small learning rates at the beginning.

ves




Learning Rate Warraup

ALinear growth of learning rate from 0
Warmup Learning Rate Schedule

to— Inthe first few epochs. oio- ——————
— Iearr'ir'z:ra-:; of axp ﬂ;-:a:lr
A—  grows proportionally with batch 0 0s -
size. ;
m . 0~
AProposed in .
A Goyal et al. Accurate, Large Minibatch SGD: =
Training ImageNet in 1 Hour. 2017 007 |

AThis technique allows batch size up to ™

8,000 for image recognition 0 MO A0 Q00 RO 00 01400

train s5teps
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A— = learning rate L
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AHow to increase . I T~ I N N
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batCh Slze even 90 - kn=256, 23.60%+0.12 1L kn=256, 0= 0.1, 23.60%+0.12 | \\ kn=256, 7= 0.1, 23.60%+£0.12 |
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further? l
5 70
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Image from: Goyal et al. " a0
Accurate, Large Minibatch 30T 1
S804 SGD: Training ImageNet in 1 Y m  m w om0 @ w @ w o » @ w m
Hour. 2017 epochs epochs epochs

Figure 3. Training error vs. minibatch size. Training error curves for the 256 minibatch baseline and larger minibatches using gradual
warmup and the linear scaling rule. Note how the training curves closely match the baseline (aside from the warmup period) up through 8k
CE/CZ 7454, 2021 minibatches. Validation error (mean=std of 5 runs) is shown in the legend, along with minibatch size kn and reference learning rate 7).



LR Warmup

100

80

60 -

error %

40
LRdecreasedy factor of 10
20

0 20 40 60 80
epochs

Figure 4. Training and validation curves for large minibatch
SGD with gradual warmup vs. small minibatch SGD. Both sets
of curves match closely after training for sufficient epochs. We
note that the BN statistics (for inference only) are computed us-
ing running average, which is updated less frequently with a large
minibatch and thus is noisier in early training (this explains the
larger variation of the validation error in early epochs).

Image from Goyal et al.

Accurate, Large Minibatch
SO SGD: Training ImageNet in 1
Hour. 2017
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LARS

A Observation: gradient magnitudes differ at different network locations.
Thus, optimization happens at different rates.

A Notation:n0(0)

Table 2: AlexNet-BN: The norm of weights and gradients at 1st iteration.

Layer convl.b convl.w | conv2.b conv2.w | conv3d.b conv3.w | convd.b conv4.w
l|w]| 1.86 0.098 5.546 0.16 9.40 0.196 8.15 0.196
|V L(w)| 0.22 0.017 0.165 0.002 0.135 0.0015 0.109 0.0013
ora | 848 5.76 33.6 83.5 69.9 127 74.6 148
Layer convy.b convi.w fc6.b fco.w fc7.b fc7.w fc8.b fc8.w
l|wl] 6.65 0.16 30.7 6.4 20.5 6.4 20.2 0.316
|V L(w)| 0.09 0.0002 0.26 0.005 0.30 0.013 0.22 0.016
oo | 736 69 117 1345 68 489 93 19

Table from: Yang You, Igdtman and Boris Ginsburgarge batch training of convolutional netwoikivl1708.03888, 2017

CE/ICZ 7454, 2021
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Layerwise Adaptive Rate Scaling (LARS)

A Proposal: Synchronize the learning speed of different layers and components.
A First, divide parameters into group$, 8 h1 8 h

A For each group, apply updates with normalized gradients

A )
(iG]
A Effect:m is a constant-. At every iteration, a fixed portion of is updated. This alleviates

~

vanishing and exploding gradients.
A Scales batch size to 32K for ResBl&t

ves
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Optimal Batch Size in Practice

AToo small a batch size
AFails to fully utilize parallel hardware (GPU).
ACreates excessive noise for Batch Normalization, leading to unstable training

AToo large a batch size
ACould create problems for optimization.

AGiven enough GPUSs, we usually use a large batch + Linear LR Scaling
LR warraup in order to accelerate training

ves




Original Imag&lodified under CCO
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Implicit
Regularization of
SGD



https://www.hippopx.com/id/vacation-cup-field-grass-sport-ground-ball-33905

Benefits of SGD

ACould the noise provide some benefits to machine learning?

AEscaping from saddle points, local maxima, and (sometimes) bad loca
minima.

Almplicit regularization finding flat optima

AMachine learning is about generalization performance. Optimization is a
means to an end.

ves




Secondorder Conditions

CE/ICZ 7454, 2021

local min local max saddle point

()
(X
G5

Y
\3‘?}:’:&:

Hessian is PSD  Hessianis NSD Hessian is neither
PSD nor NSD

Image credit: Rong Ge (http://www.offconvex.org/2016/03/22/saddlepoints/)

Li Boyang, Albert
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Escaping with Random Noise

local max

;;;f,a“‘ -*‘:;{.__:i.
W iry 'l",i “t‘l\.{: Y
AN,
] Y PRty

CE/ICZ 7454, 2021

saddle point

AThe gradient is exactly zero
at a local maximum and a
saddle point.

AA small random error added
to <» allows escape from
those points.
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Convergence of SGD to Flat Minimum

Training Function

L
' Testing Function

Flat Minimum Sharp Minimum

To fall into a sharp minimum, the gradient must be precise. The noise in SGD prevents that.

It is hypothesized that flat minima generalize better.

Image credit: Nitish ShirigteskaDheevatsdMudigere JorgeNocedal MikhailSmelyanskjyand PindakPeter Tang. On Large
Batch Training for Deep Learning: Generalization Gap and Sharp Minima. ICLR 2017.

CE/CZ 7454, 2021 Li Boyang, Albert
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Effects of Multiple Local Minima

Ackley Function

AHow can we expect to find
the global optimum?

AAnswer 1: (circa 2000) “
Impossible. Therefore, ERRA,,  oa
deep learning cannot work. S

AAnswer 2: Every local ~
minimum is as good as the ,

global minimum (cf. [1]).

w3 -0 40

[1] Micah Goldblum, Jon&eiping AviSchwarzschild, Michael Moeller, and Tom Goldstein.
Truth orBackpropagandaAn Empirical Investigation of Deep Learning Theory. ICLR 2020.




Image from: W. Ronny HuarfgyadEmam Micah Goldblum, Liam Fowl, Justin K. TEugngHuang, Tom Goldstein. Understanding Generalization
through Visualizations. 2019

Dancing through a minefield of bad minima

. oo o
8 o
¢ o ° Th ds of h
..... .. . ° ousands of epochs
° o ® ¢ .’ [ ]
[® | ® 9O
% > '. @ " o. @ -

Q .ﬁ‘ .‘. )
s .W\. . [ .

Accuracy

A Red dots: the iterates of SGD after each tenth epoch.

A Blue dots: locations of nearby "bad" minima with poor generalization. They have near perfect train accuracy, but
with test accuracy below 53% (random chance is 50%).

A The final iterate of SGD (black star) also achieves perfect train accuracy, but with 98.5% test accuracy. Miraculously,
SGD always finds its way through a landscape full of bad minima, and lands at a minimizer with excellent

generalization.
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Images from: W. Ronny Hua@gyadEmam Micah Goldblum, Liam Fowl, Justin K. TEagngHuang, Tom Goldstein. Understanding Generalization
through Visualizations. 2019

Flat vs. Sharp Minima

A Decision boundaries dfie same network
with different parametersRed and blue
dots represent training data.

A The network on the left generalizes well.
The network on the right generalizes
poorly (perfect train accuracy, bad test
accuracy).

A The flatness and large volume of the good
minimizer make it likely to be found by
SGD, while the sharpness and tiny volume
of the bad minimizer make it unlikely to
be found.
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Image from: W. Ronny HuarfgyadEmam Micah Goldblum, Liam Fowl, Justin K. TEugngHuang, Tom Goldstein. Understanding Generalization
through Visualizations. 2019

Comparing Volume of Minima

AAs the dimension of parameter
space increases, the ratio between _

good and bad minima rises g —825000 - '.
exponentially. 5 850000 - o

AOnthe SVHN data, Huamgal. ;.,é —875000 1 ¢ .
find that bad minima are over ~900000 A | | ® o]
10,000 orders of magnitude °-gzenera”g;t‘ion gapo-ﬁ

smaller than good minima, making
them nearly impossible tond.
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