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Introduction to the Course



Optimization

e Selection/identification of the best element with respect to some criterion, from a set of
alternatives

o cost/loss minimization
min f(w) st. wed (1)

o reward/utility maximization
max U(w) st. wex 2

w

e Concerned with modeling, Algorithms, Assessment, all pertinent to ML!
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Deep Learning @

e A class of Machine Learning (ML) methods based on Artificial Neural Networks (NNs) that
enable learning/identifying useful patterns from data, and applying those patterns to new data

—» —
; % ; i % Not Car

e Many application domain, most notably generative Al models (Chatgpt, Stable Diffusion, etc.)
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Deep Learning (Cont’d)

e As defined by one of the pioneers of the field

~\ Yann LeCun &
¥ December 24,2019 @
Some folks still seem confused about what deep learning is. Here is a definition:

DL is constructing networks of parameterized functional modules & training them from examples
using gradient-based optimization. That's it.

This definition is orthogonal to the learning paradigm: reinforcement, supervised, or self-
supervised.

Don't say "DL can't do X" when what you really mean is "supervised learning needs too much data
to do X"

Extensions (dynamic networks, differentiable programming, graph NN, etc) allow the network

architecture to change dynamically in a data-dependent way.

e Indicating the central role of the right kind of optimization!
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Why OPT4DL?

e Two main reasons
o The learning in DL and ML boils down to optimization problems
o A lot of mysteries in getting the DL models work (even if fine-tuning a pre-trained model). Thus,
given the first reason, right kind of optimization may lead to understanding and demystifying

them.
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The Intimate Connection of Learning and Optimization

e Typical ML/DL task

where

o nis the size of training data (could be billions)
o d the number of model parameters (could be billions), typically overparameterized: d > n
o L the average loss is non-convex

.
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e Adam: an optimization algorithm for DL training

e Paper unfortunately had a mistake in its theory

e It sometimes fails to solve easy problems
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Mystery: Why Overparameterization is Good?

e Traditional ML theory seems to require d must be smaller than n to avoid overfitting, i.e., not
generalizing well to unseen/new data

e But, in practice d > n seems to generalize even better

e Magically, from many available solutions, DL model reaches a great one
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Why Developing an Understanding is Essential?

e DL is and probably will continue to be a useful tool in many fields across science and
engineering
e We deal with more than one task and one dataset
e DL training is costly: current success reliant on expensive hardware and high energy
consumption
Common carbon footprint benchmarks
in Ibs of CO2 equivalent

Rounditrip flight b/w NY and SF (1

passenger) 1,984

Human life (avg. 1 year) l 11,023
American life (avg. 1 year) . 36,156
US car including fuel (avg. 1 lifetime) [RFIXGG]

Transformer (213M parameters) w/
neural architecture search O

e Societal concerns/implications of DL and how to mitigate/resolve them
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y (the right kind of) Optimization may be Helpful?

e Learning and Optimization are entwined
e Successful Optimization is a main pillar of successful DL

e Modern optimization theory could provide actionable insights about complex, non-convex losses
in DL and their implications to both convergence and generalization

o convergence: finding a solution that matches the training data
o generalization: good performance on unseen data
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Our Main Goals in OPT4DL Class @

e Learning about learning techniques, and potentially developing new ones
e Discuss OPT4DL theory, methods, and heuristics

e Pose why questions and discuss what we already know, what we need to know and how to

approach doing so
e Leverage OPT4DL for resource-efficient DL training

e Discuss some pertinent practical and societal concerns and how to integrate them with our
optimization methods
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Introduction to me @

e Abolfazl Hashemi, Ph.D. (email: abolfazl@purdue.edu)

e Assistant Professor at The Elmore Family School of Electrical and Computer Engineering at
Purdue University, Since Fall 2021

e Research Goal: advance the field of Large-Scale Optimization provides actionable insights from
the perspective of this foundational field to innovate multiple domains within ML/Al

e Recent Applications: Federated Learning, Medical Image Analysis, NextG Manufacturing, and
Cyber-Physical Systems
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Optimization Basics



Stationary Points

Consider

min f(w) s.t. weR? (4)

w

*

e w* is a stationary point if the gradient (derivative) of f at w* is zero:

VF(w*) =0 (5)

If further V2f(w*) = 0, then w* is a local minimum

If further 0 = V2f(w*), then w* is a local maximum

A stationary (or even a local minimum) is not necessarily an optimal solution
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Convex Sets

o Aset X is convex if for all x; in X and all m>1
Z wixi € X (6)
i=1

where

w; > 0, ZWIZ]- (7)
i=1

e In other words, the convex combination of all points belong to the set as well.
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Convex Functions

o fis convex if for all x;
f(z w;x;) < Z w;f(x;) (8)
i=1 i=1
where .
w; >0, Z w; = (9)
i=1
(< for convex case instead of <)
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Convex Functions (Cont'd)

e fis convex if all x and y

fly) = f(x) +(VF(x),y — x) (10)
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Convex Functions (Cont'd)

o fis convex if for all x
V2f(x) = 0 (11)

(>~ for convex case instead of )
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Why Convexity is Nice? @

e Local information provides global information

e Any stationary point w* (can be identified locally) is a global minimum (a property requiring
global information about the function in general)

e Proof is easy to see from the definition
fly) = f(w") + (VF(w?),y —w") (12)

and noting Vf(w*) =0

e Furthermore, A strongly convex function has a unique minimizer
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Convergence Notions

e We are interested in establishing
err(w) < e (13)

for some target accuracy € and a notion of convergence err(+)
e Our methods achieving this goal are typically iterative, i.e., they find an approximate solution
in T iterations
e Typically better accuracy (lower €) requires larger T
o Sublinear rates: T = Q(e™?), for some a > 0
o Linear rates: T = Q(log %)
o Typical examples of err(w)

o approximate first-order: [|[Vf(w)|| < ¢, for some a > 0 (General functions)
o Low suboptimality gap: f(w) — f* < e (Convex)
o Low point-wise error ||Ww — w”|| < € (Strongly convex functions)
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Optimization as a Fixed Point Problem

o Consider
min f(w) s.t. weR? (14)

e A necessary condition for optimality is first-order stationarity Vf(w*) =0

e Equivalently

Vi(w") = (15)
e Equivalently, the problem is to find the fixed points of g(w) := w — nVf(w)
e The simplest method is the Fixed Point lteration wyy1 = g(w), for all t =1,..., T which
leads to
Wer1 = wy — nVF(we) (16)
e This method is called Gradient Descent (GD) with stepsize/learning rate > 0 which serves as

the foundational of all DL training methods.
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Machine Learning (ML) Basics



Machine Learning: Learning from Data

e We have D = {z,...,x,} a collection of n training data points/samples z's
e Think of z as a collection of features and their corresponding label, that is z; = (x;, y;)

o x; € R is a vector of p features, e.g., an image with p pixels
o y; € R is the label for the i*" sample, e.g., whether the image is a car or not

— Q@ —

e Typically, ML problems are one of the followings

o Supervised Learning
o Unsupervised Learning
o Reinforcement Learning
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ML Workflow @

o Assume there exists some true but unknown rule between features and labels y; = A*(x;) for all
i

e Choose a parametric model A(-, w) such that for some w*, A(-, w*) = A*()
e Training: fit the model to D to find w*
o Let {(w, z;) denote the loss/cost of a model w fitting sample i

o Example: quadratic loss ((w, z;) = Z(A(xi, w) — y;)?

e Training as an optimization problem

weRd

min £(w) = %Zg(w,z,-) (17)

e That is, minimize the average loss over the training data

e Let w* denote the optimal solution
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Performance on Unseen Data

e If training successful, model will fit training data well
e To assess performance on new, unseen data (data ¢ D) we make an assumption:

o New and training data belong to the same universe
o Let z be a new data, then z ~ p, and D ~ p, for some data distribution p,

Measure of performance
min f(w) = E,,. [((w, z)] (18)

weRd

how well we perform on average over the entire universe (not just over the training data)

Note that f and f are not necessarily the same, f an empirical approximation of f
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Example: A Discrete Universe

e Let p, be discrete and p,(Z =z) =1
e That is, our data universe is discrete and each data is equally likely to be observed
e Then, f and f are
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Population v.s. Empirical Risk

e To ensure performance on all data (both seen and unseen), we aim to minimize the Population
Loss/Risk
w = arg min f(w) =E,,[((w, z)] (19)

weRd

e But, all we can do in practice is to minimize the Empirical Loss/Risk

= f(w Uw, z 20
w argvsrélﬂg sz (20)

as p, is unknown

e This approach is called Empirical Risk Minimization (ERM)
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How good is Approximately Solving ERM?

e Let W be an approximate/suboptimal solution to ERM
e And recall w and w* are the minimizers of Population loss (f) and Empirical loss (f),
respectively.

e We need to bound the Estimation Error: f(W) — f(w)

F(w) — f(w) = f(w) —f(w)
= (W) — f(w")
+F(w) — f(w) (21)
+ f(w*) — f(w*)
+f(w") = f(w)

e estimation error < optimization error +2x empirical approximation error

e Controlled by better training algorithms and better/larger datasets
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Representation Error @

e Recall w is the minimizer of Population loss (f)

e Recall we assume y = A*(x)

e If our model is not powerful enough, even by minimizing the Population Loss, we may not fully
learn the feature-label relations

e Mathematically, A*(-) and A(-, w) are not necessarily the same

e Representation error = f(v‘v) — fopt Where foy is the loss if we knew the true relation (we can
assume fop & 0)

e Typically, representation error decreases as DL models become deeper and/or wider (more
powerful)

e Total Learning Error = Representation Error + Optimization/Training Error + Empirical
Approximation Error
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Examples of Models

e Binary Classification

o Features: x € R?

o Labels: y € {-1,+1}

o Linearly separable classes: § = sign(x ' w)
o 0-1loss: (w,z) = I[y # sign(x ' w)]

TW)

o Hinge loss: ¢(w, z) = max(0,1 — x
o ERM with hinge becomes a convex task
o The linear relation x " w could be replaced by a DL model A(x, w), resulting in a nonconvex

training tasks
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Examples of Models (Co @

e Linear Regression

o Features: x € R?

o Labels: y € R

o Linear dependency: y = x" w + e where e ~ N(0, 0?)

o Square loss: £(w,z) = 3(y — x"w)?

o ERM becomes a convex task

o The linear relation x " w could be replaced by a DL model A(x, w), resulting in a nonconvex

training task
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Examples of Models (Cont’d)

e Logistic Regression

[e]

o

[e]

Features: x € R?
Labels: y € {0,1}
Sigmoid/logistic activation:

1
_ 22
Y=aT exp(—xTw) (22)
m is thought as the probability that the label of x is 1.
Binary Cross-entropy loss:
Uw,2) = —ylog — (1 —y)log(l— — (23)
LA A LR exp(—x T w) y)log 1+ exp(—xTw)

ERM becomes a convex task
The linear relation x " w could be replaced by a DL model A(x, w), resulting in a nonconvex
training task
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Gradient Descent: Performance
under Convexity



Gradient Descent (GD): A Basic Optimization Method @

e Consider
min f(w) (24)

weRd

e We talked about a simple method based on Fixed Point Calculation called Gradient Descent

(GD)
o Initialize wy and Learning rate 0 < <1
o Fort=1,..., T iterations

Wil = Wr — N8t (25)
where g; = Vf(w;)
e Think of g; as the update vector at time t
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Gradient Descent: Intuition

e Intuition: Gradually follow the direction of decrease

o If f(x) > f(y), by Taylor's theorem, we have locally

fFly) = f(x) + {y = x, VF(x))
0> f(y) = f(x) = (y — x, VF(x)) (26)
0> (y —x,Vf(x))

That is, gradient locally gives us the direction of increase.
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How good is GD on Convex Functions @‘

e Recall by convexity we can bound the suboptimality of a solution w;, i.e. f(w;) — f(w*)
f(w*) > f(we) + (W* — wy, VIF(wy)) (27)

or equivalently
f(we) — F(w*) < (VF(we), wy — w") (28)
e Thus, it suffices to bound the above inner-product
Proposition

For any sequence of update vectors gi, ..., g7 € RY and any vector w* € RY, the update rule
W1 = Wy — 1g; satisfies

T T

1 a2 1
Z gt, W —w") < *HWI_W ||2+§Z||gtH2 (29)
t=1 =1



Proof of the Proposition

e Let us consider the evolution of ||w; — w*||? and leverage the form of the update

[wesr — w*|1? = [lwe — nge — w*||?
= ||we — W*H2 + 21(ge, we — w™) + 772||gt||2
e Rearrange
[we = w*[|> = lweps = w*|® 7m0
— * — —
(ge, we — w™) 2 + 5 llell
e Summing over t
g o e = w P = wess = w2
Z<gt7Wt—W ) :Z 2 +Z§||gt||
t=1 t=1 t=1
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How good is GD on Convex Functions (Cont’d)

e Recall in GD: w1 = wy — 9V (wy) (that is, g = VF(wy))
e By convexity f(w;) — f(w*) < (VFf(wy), we — w*)

e Thus, by our proposition

T T
1
Accumulated suboptimality = Z f(w) — F(w*) < %le —wr?+ g Z |VF(we)|I? (33)
t=1 =1
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G-Lipschitz Functions

Definition
A function f : X — R is G-Lipschitz if and only if

[f(x) = f) < Glix =yl (34)

for some G >0 and all x,y € X.

e Intuition: Bounded sensitivity and a measure of continuity of a function
e By rearranging we see the slope is bounded

F(x) = f¥)
[Ix =yl

(35)

e Thus, if the function is differentiable, equivalently a function is G-Lipschitz iff ||Vf(x)|| < G



G-Lipschitz Functions: Examples

o x €(0,1]
o x €[0.5,1]
f(x) = Ix]
oxeR
o f(x)=¢"
ox€eR
o x € [a, b]
o f(x)=x?
oxeR
o x € [1,10]
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Implications for GD

e Assume f is G-Lipschitz, i.e., |[Vf(x)|| < G
o Let D =|wy —w*|

e From our proposition
T . T
;f ) < *IIW - *II2+§ZHW we)|[? (36)

Theorem

Assume f is G-Lipschitz and convex. GD with the update rule wy11 = wy — nVf(w;) and
learning rate n = GL\/? satisfies the following bound on the incurred average suboptimality

- ET: Fwe) — F(w*) < == (37)
=



How to Output a Solution? @

e In practice we output the last solution, i.e. W = wr as it tends to have a better performance
o We need a different analysis or more structures to prove its performance
. A1 T
o Alternatively, let W = 3", w;

o By convexity

1 o 1 < DG
f(W)—f(W)Sf(7;Wt)—f(W)§7;f(wt)—f(w)ﬁﬁ (38)
o Alternatively, let w ~ U{wy,...,wr}
o On expectation, this randomized solution satisfies
1 < DG

Ealf() — f(wh)] = = ) fwe) = f(w’) < Wiz (39)

=1
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Analyzing the Bound

Theorem

GD with the update rule w1 = wy — nVf(w;) and learning rate n = Dﬁ satisfies

O(1/VT) (40)

Average Suboptimality <

\F

The regulating role played by the learning rate, 7

Recall w € R?, so no explicit dependence on the intrinsic dimension

d, however finds its way in || Vf(x)| < G and D = |jwy — w*||, typically

Iteration Complexity: Number of iterations T to find an e-accurate solution

D?G?

T >

= Q(1/€%) = Average Suboptimality < ¢ (41)

Can we do better?



Introduction to Stochastic
Gradient Descent (SGD)



Motivation

e In ML/DL our loss function typically has the form

f(w) = E;[{(w, )] (42)

(recall, think of it as average loss over data, i.e., 1 37 | /(w, 7))
e To run GD, we need the gradient VE,[¢(w, z)], which could be difficult to calculate
o Large n means running out of memory and/or lots of calculations

o In some cases we may not be able to calculate the expectation exactly (hard integrals)

e The main idea behind most training methods is to find good estimators such that
V ~ VE,[{(w, 2)]
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Design Simple Estimators

Proposition
If ¢ is a differentiable function of w and z, we can switch the order of derivative and

expectation:
VE,[l(w, 2)] = E,[V{(w, z)] (43)

e This leads to leveraging sample approximation to estimate the expectation

2t 2B ~ p,, E.[Viw,z)] ~ U(w, 2) (44)

HMUU



Stochastic Gradient Descent (SGD)

e Initialize wy, learning rate 0 < n; < 1, and batch size B > 1
e Fort=1,..., T perform:

o Sample a mini-batch of samples z},...,z% ~ p,
o Form the update vector g = %Z}; Vi(w, zl)
o Update the parameters wii1 = wy — 1g:
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Which Estimators are Good? @.‘

e We like estimators that have low bias (ideally zero) and low variance

Bias
Let X be a quantity and Y a Random Estimator of X. The bias of Y is defined as

Biasy = || X — E[Y]|] (45)
Notably, Y is unbiased if X = E[Y].

Variance

Let X be a quantity and Y a Random Estimator of X. The variance of Y is defined as
Var(Y) =E||Y — E[Y]|? (46)

Notably, if Y is unbiased, i.e., X = E[Y], we have Var(Y) =E|Y — X



Which Estimators are Good? (Cont’d) @

e We can characterize the total error of an estimators using bias-variance decomposition:

Total error = E||Y — X||? = ||X — E[Y]||> + E||Y — E[Y]||? = bias plus variance ~ (47)

e Averaging independent unbiased estimators could be useful in lowering the error

Y1+Y2 Y1—X)+(Y2—X)”2

2

. i(mm = X)|E + Bl(Ya = X)[P + E[(Y2 - X, V2 —X>]> (48)

E| ~ x| =gt

= ZE(Vi— X)+ (Y2~ X)|?

1<E||<v1 )2+1E||(v2—><)||2>
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y SGD is a Good Idea?

Each estimator Y; = V/{(w, Zl) is an unbiased estimator of loss gradient if we sample from the
distribution

The average of Yj's will also remain unbiased

e As B — oo, by strong law of large numbers our estimator 3 ,“'3:1 Y; (almost surely)

approaches the loss gradient.

But B cannot be too large in practice when optimizing model parameters. Impact on training

and test errors?
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A Formalizing Model

Stochastic First-Order Oracle (SFO)

Given the current parameter w; and the sample/data used in iteration t, i.e., z;, Oracle
returns an update vector g; which is conditionally unbiased with bounded variance:

E.[ge|we] = VE(we),  E[llge — VF(we)|?|we] < 02 (49)
for some 0 < 02 < 0.

e SFO enables formal study of not just SGD, but also more advanced training methods

A simple way to model gradient calculation in practice

We need the conditioning since w; is itself random: it depends on our (random) selection of
mini batches in previous iterations. In other words, w; is a function of z1,..., 21 (note the
exclusion of z).

e Thus, the following expectations are equivalent: E,,[-|w¢] = E,,[-|z1, . . ., ze—1]



Performance of SGD @‘

Theorem

Assume f is G-Lipschitz and convex.
Then, SGD with the update rule wii 1 = wy — ng:
and learning rate n = ——2— satisfies the following bound on the incurred average

VTG

suboptimality

IA

SIR

[72 fwe) — F(w?)] < — (50)

e As our method is a randomized algorithm, our statement regarding its performance needs to be
stated either on expectation or with high confidence

e As we discussed, with larger batch sizes 02 — 02/8

e We can use either of 3 approaches to generate an output, that is (i) the last/best parameter
wr, (i) averaging all parameters w, ..., wr, and (iii) sampling one iterate at random



Minibatch SGD: A Fixed Budget Analysis @

o Recall after T iterations of mini batch SGD

Do
error < T JBT
e What is the best B if we fix the total computation budget, i.e., number of iterations times

number of stochastic gradient calculation per iteration: C = B x T (also called number of
calls)

e In terms of C, the error becomes

DG\/§+&
Ve V/C

error <

Suggesting the best batch size is B = 17
e Why mini batch SGD with B > 1 then?
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Answer: Parallel computation @

e Assume we have M machines and that the computing time scales linearly with M

C
= 53
r=o (53)
e Assume M = B our batch size. Then, in terms of the computing time, the error becomes
DG D
error < — + o (54)

VT V7B

Larger batch sizes plus parallel computation reduces the error faster

e Remark: an analysis based on worst case scenario

B > 1 leads to lower variance and smoother convergence (less ups and downs)
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SGD in Practice (Reshuffling)

Consider a training problem, i.e. ERM:

min F(w) = =3 £(w, 2) (55)

w n 4

e Fore=1,..., E epochs do
o For t =1,..., K inner iterations do

1. form the mini-batch of samples z},. .., ztB ~ pz
2. Form the update vector g = & 21-5:1 Veé(we, z))
3. Update the parameters w1 = wr — gt

e Optionally, shuffle the data into a new random order)
Has been observed to lead to smoother loss decay and better generalization

This can be attributed to the lower variance of the resultant (and more complex) gradient
estimator, due to reshuffling
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Performance of SGD @‘

Theorem
Assume f is G-Lipschitz and convex.

Then, SGD with the update rule w11 = wy — ng:
satisfies the following bound on the incurred average

and learning rate ) = ———=——
V(G +0?)

suboptimality



Proof of Theorem

e We will leverage our general proposition:

T T
1 W n
> (gewe — w*) < *IIWl ||2+§Z||gtH2 (57)
t=1 t=1

with suitable conditional expectations to account for the randomization of SGD.

e Let z;.,; denote z;, ..., z;. We have by tower expectation, linearity of expectation, and the
unbiasedness property of the SFO

By, ({8, we = w)] = By, s [Ba[(ge, we = w")|20a]] = By [(Ba el o], we — w)]
= Ezl:r71[<v’c(wf)7 Wt — W*>]
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Proof of Theorem (Cont'd) %

e Recall, by convexity

f(we) — F(w™) < (VF(we), we — w™) (59)
e Thus
Bz o[f(we) = F(WH)] S Bz, [(VE(we), we — w)] (60)
e Using the independence of samples used in each iteration (w; only a function of z;.;—1 and
independent from the future samples z, ..., zr)
B,z [f(we) = F(W5)] = Ezy o [F(we) — F(w)] (61)

e Thus, by linearity of expectation and our general proposition

T
Erypozr Y F(we) = F(w*)] < 27]||W1 — w45 D Bl (62)
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Proof of Theorem (Cont'd) %

e For the second term note by the independence of the samples (g; only a function of w; and z)

Ez;_,.“,zr||gt||2 :Ezl,...,szgtHz (63)

e By tower expectation

EZI;-~~,Zr||gt||2 =E; . 2. [E2z71[||gt||2|21> oy zea]] (64)

e We will now aim to use our unbiased SFO assumption with bounded variance,

E. .llgl?lz1, .- ze1] = B L lllge £ VF(we) P21, - -, ze1]
=B, LIV P21, zea] + Be, L [llge = V(o) [Pz, - -5 zea]
S G2 +O’2

by Lipschitzness and bounded variance assumptions. Division by T finishes the proof.
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Beyond Convexity: (S)GD and
Smoothness



Beyond Convex Functions @

e So far, we discussed how GD and SGD perform if the function is convex
e Under Lipschitzness, both satisfy O(1/+/T) rate to find an approximate optimal solution
e In DL, however, the loss is nonconvex. Thus, we need to relax convexity

e Difficult goal! We thus also relax our notation of convergence to an approximate first-order
solution
E[f(W) — f(w")] < e= [[VF(W)|* <e (66)

e This condition requires the existences of gradient. Thus, instead of Lipschitzness we require
another notion of functions' sensitivity called smoothness
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Smooth functions @‘

Definition

A function f : R — R is L-smooth if its gradient is L-Lipschitz:
IVF(x) = V)l < Lllx -yl (67)
for all x,y and some constant 0 < L < oo.

e Recall that G-Lipschitzness, i.e. |f(x) — f(y)| < G||x — y|| implied the slope of f is bounded by

G.

e Smoothness then means the slope of the VT, i.e., the second derivative of Hessian is bounded
by L.

e More formally, if the function is twice differentiable, all eigen values of the Hessians are
bounded:

—L < Ag = Amin(V2F(X)), .., A1 i= Amax(V2F(x)) < L (68)

for all x.



o f(x)= %XTAX
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Smoothness and Bounded Curvature @

e The condition |\;(V?f)| < L, i=1,...d means the function has bounded curvature from
above and from below

e That is, we can upper bound the function by a convex quadratic function and lower bound the
function by a concave quadratic function at any point!

e Leading to the following sometimes more useful equivalent definition of smoothness

L
fy) < f(x)+(VFf(x),y —x) + EHy —x|> RHS a convex quadratic function of x  (69)

L
f(x) + (VF(x),y — x) — 5||y —x|> < f(y) LHS a concave quadratic function of x  (70)
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(S)GD and Smooth functions

Let A := f(wy) — f(w™) denote the initial suboptimality.
Theorem (GD)
Assume f is L-smooth. then, GD with n = % satisfies

2LA
Z IV(we)|* < == = O(1/T). (71)
Theorem (SGD)
Assume f is L-smooth.
Then, SGD with learning rate n = min{{, } satisfies
1 2LA
(3 IVA(we) ] < 252 = 0V, (72)

t=1



)GD and Smooth functions (Cont’d)

e Dimension-free result
e Regulating role of = } for GD and 1 = min{7, } for SGD

e We can use either of 2 approaches to generate an output, that is (i) the last/best parameter
VF(w)|? < 22 for GD and

wr and (ii) sampling one iterate at random. The later implies Ey
Ea||VF(W)|2 < 22 4 25/ 22L for SGD
e Iteration complexity of T = Q(e~!) for GD and T = Q(¢~2) for SGD

e SGD bound consist of a higher order term (first term matching GD's) and the dominant term
(second term due to stochasticity)

e Iteration complexity of T = Q(e~2) compared to T = Q(e™ 1) for GD

e Bound tight in general, but with more structures (present in DL optimization) we can show the
theoretical of benefits of advance training algorithms.
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GD: A new Perspective @

e So far we motivated GD from the fixed point calculation and following the direction of descent

locally perspectives

e Thanks to smoothness, we can develop a new perspective which also gives us a way to develop
better/generalized methods

e Consider minimizing f(w) iteratively. It is desired to update the parameter such that we always
make a progress:
f(Wt+1) S f(Wt), \V/t (73)
That is, our method has the descent property.
e Going one step further, maximizing the progress is preferred:

max Py := f(w;) — f(wei1) (74)

Wit1

e A general recipe to do so is Majorization-Minimization when minimizing loss/cost, or
equivalently Minorization-Maximization if maximizing profit/utility/reward
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ization-Minimization (MM)

e We want to maximize the P; as much as possible. We will do so through a surrogate
upperbound U; with the following properties

o Ug(wt) = f(w;) (surrogate is tight at the current solution)

o Ug(w) > f(w) (surrogate is an upperbound on the loss function)

o U(-) is simple to minimize
e Thus, our MM scheme is as follows

o Wer1 = arg miny, Ug(w)

o Update the surrogate to go from U; to the new surrogate U:. 1 satisfying the above properties
e Examples include K-means clustering and Expectation-Maximization (EM) for solving mixture

models.

e We will show GD is also an example of MM for smooth functions
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Why those properties?

e The properties of the surrogate function guarantee progress

Py = f(w) — f(weg1) > F(we) — Ue(wiegr) upper bound property
> f(wy) — Up(wy) w; is the minimizer of U (75)
> f(wy) —f(wy) =0 tightness property

e This, in addition to assuming the loss is bounded from below guarantees the method will
converge/stop at a stationary point.
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GD as MM

e Recall by smoothness we have a convex quadratic upperbound on the loss!
e This could be our surrogate:

Ui(w) := f(Wt)+<W7Wt,Vf(Wt)>+éHW7WtH2 (76)

e |t is tight at w;
e It is always an upper bound on f by smoothness
e |t is strongly convex (easy to optimize). Just take the gradient and set it equal to zero:

VU(w)=0
0+ VF(w)+ L(w—w) =0 (77)

1
W= w; — ZVf(Wt)
e This is exactly GD with learning rate n = 1/L
e More generally, GD with < 1/L is an instance of MM
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Better/Generalized Optimizers @

e A procedure to handle constraints (e.g. Projected GD: wy 1 = Px(wr — nVF(w:)))
arg iy £ (we) + (w — we, VF(we)) + o |w = el (78)
Wi = | W, W — W, 7% —||W — W,
t+1 g o t t t o t
e Extension to broad distance/divergence notions (e.g. Mirror Descent)
= arg min F(we) + (w — we, V() + 5-D(w, we) (79)
Wiyl = arg Mr/ne'g( Wi W — Wi, Wy 2 W, Wi

Useful when w is a probability vector, e.g. reinforcement learning.
e Extension to arbitrary update vectors g;

1
= i f - 7D
Wes1 = arg min (we) +{w — wp, gr) + 2 (w, wy) (80)
Results in Stochastic (Projected) Gradient Descent, Stochastic Mirror Descent, etc.
e Possible to find better surrogates if f has more structures (e.g., leveraging Hessian's properties).
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(S)GD and Smooth functions

Let A := f(wy) — f(w™) denote the initial suboptimality.
Theorem (GD)
Assume f is L-smooth. then, GD with n = % satisfies

2LA
Z IV(we)|* < == = O(1/T). (81)
Theorem (SGD)
Assume f is L-smooth.
Then, SGD with learning rate n = min{{, } satisfies
1 2LA
(3 IVA(we) ] < 252 = 0V, (82)

t=1



Proof of GD's Theorem

e Study the amount of progress while leveraging smoothness

L
f(werr) < F(we) + (wWepn — we, VF(wy)) + §||Wt+1 — we]? (83)

Using GD's update wyi1 = wy — nVF(wy)

f(wer) < F(we) = n(VE(we), V(we)) + %HW(M)HZ

= F(we) — |V F(we) (1 — ) (84
= Pe = F(we) — F(wesr) = [ 97 (we) (1 — )

Side note 1: the larger the gradient, the more progress we make: P = O(||Vf(w;)||?)

Side note 2: for any < 2/L we make progress.

Side note 3: Maximum progress when n = 1/L (progress a concave quadratic function of 7).
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Proof of GD’s Theorem (Cont'd)

e Rearrrange and average over t (requires 7 < 2/L)

T T
1 > oi—g F(we) — f(wig1)
=) V()P < == ; (85)
T ; Tn(l— %)
e Telescoping structure and noting f(wy) — f(wry1) < f(wy) — f(w*) = A
T

1 A

= VW) |? € ——— (86)

T ; (1 - 3)

e Optimizing the bound w.r.t.  gives n = 1/L and the stated result.
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Proof of SGD’s Theorem @

e Following a similar approach we use smoothness and SGD's update to study progress

L
F(werr) < F(we) + (Werr = we, VF(we)) + Slwess — we||?

b
2

(87)

= f(we) — nlge, VF(we)) + —1||ge 2

but here w;'s and g;'s are random quantities. We need proper expectations (hence the SFO
and independent assumptions)

e First, conditioned on w; (equivalently zy,...,z:_1)
E..[(ge, VI(we))|we] = (Bx[ge|wel, V(we)) = [V (we)]||? (88)
e Second, conditioned on w; (equivalently zy,...,2:_1)

Ez[llgel*[we] = Ez[llge + V(we) % |we]
= Ez[lge — VF(we)[?|we] + [V (we) [ < [ VF(we)[* + o
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Proof of SGD’s Theorem

e Thus, conditioned on w; (equivalently zy,...,z_1)
L Ln?o?
By [f(wen) we] < F(we) = [VF(we) (1 = S + =57 (90)
Side note: No guarantee on the (expected) progress anymore!
e Averaging over t, rearranging (requires 7 < 2/L), and taking expectation w.r.t. zj,..., zT
N 2 - i flwe) = f(we) | Lno?
=SB VW) < == LALLCES S (91)
pa] Tn(l—3) 2(1-3)
e Telescoping structure and noting f(wy) — f(wry1) < f(wy) — f(w*) = A
T
1 A Lno?
=D B [VFA(we)|? < + (92)
72 b T(1-5) 20—

e Optimizing the bound w.r.t. 1) gives the stated result (doable but a bit cumbersome).
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Stochastic Gradient Descent
(SGD): Some Examples



Linear Regression

e Linear Regression
o Features: x; e R?, i=1,...,N

o Labels:y;eR,i=1,...,N
o Linear dependency: y = x"w + e where e ~ N(0, 0?)
o Square loss: £(w,z) = 3(y — x"w)?

DELL] on
= np.random.normal(®, 1, (N,d))
|_best = np.random.normal(e, 1, (d, 1))
= np.random.normal(@, sigma, (N, 1))
X @ w_best + e 1

np.random.normal(®, 1, (d, 1))

# S H< D= X %

for i in range(T):
lossi[i] = np.mean(np.power (y-X@w, 2))
idx = np.random.randint(e, N) #
xi, yi = np.expand_dims(X[idx], axi.
gw = -2*(yi-w.T @ xi)*xi # lat
w -= eta * gw # updat
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Linear Regression (Cont'd)

e N =100, d =10, 200

SGD for Linear Regression (d=10) SGD for Linear Regression (d=200)
71
300 4
64
250 4
54
¥ % 200
z 49 =
g g
5 (= 1
5 39 £ 150
£ £
24 100 -
14 50 4
0 oA
0 200 400 600 800 1000 0 200 400 600 800 1000
Iteration lteration
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Non-Linear Regression

o Uw,2) = 3(y —a(x"w))?
e A simple neural network

Training Loss

107 5 —— SGD with Replacement
SGD without Replacement

—— Ordered SGD Loss

10! 4 —— Ordered SGD Norm

107 4

Loss (log scale)

10-14

1072 4

T T T T T
5000 10000 15000 20000 25000
lterations

o
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Performance-Robustness Tradeoff @

e Focusing on harder instances accelerates training by finding the boundary sooner

e Typically measured by loss values £(w;, z!) or gradient values ||V/(wy, z})||

e Performance-Robustness Tradeoff: More chance that samples near the boundary have noisy
labels, thus focus on easy samples for robust training

e Many such tradeoffs between performance and other contexts in ML/DL optimization
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High Confidence Guarantees



Average vs High Confidence

o Recall we showed for SGD
Elerror] < Bound(T) (93)

This means if running SGD many many times, on average it perform well

e Not satisfactory, we want good performance after only one-time training. That is, given
0 < 0 < 1 we want with probability exceeding 1 — ¢

error < Bound(T,d) (94)

or equivalently
Pr{error > Bound(T)} < § (95)

e Can SGD deliver such results?
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Stronger Results under Stronger Assumptions

e Recall our SFO assumption (written slightly differently here)
g =Vf(w)+e, Elelw]=0, E[fel*|w]<o (96)
e We can assume the noise is light-tailed (or sub-Gaussian)
Elexp(|lec]|*/02)Iwi] <1 (97)

Example: Gaussian noise, uniformly bounded noise, etc.

e Combined with concentration of measure results (deviation from the mean), e.g.,
Azuma-Hoeffding, we can show our previous bounds hold with high confidence:

1
error < Bound(T, log 5) (98)
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Concentration @

Martingale Difference Sequence (MDS)

A sequence of random variables Xi, ..., X7 is an MDS if E[X¢|z1, .. .z—1] = 0 where
z1,...,27 is another sequence of random variables

e Think of it as a generalization of zero-mean independent random variables.

e In the context of DL optimization, very often
Xe = 8t — Vf(Wt)v Ezr[gt - Vf(Wt)‘Zlv o 'thl] =0 (99)

the term we dealt with in the proofs for SGD before.
e When assuming bounded gradient or light-tailed noise, we can show O(4/ T log %) growth of

noisy terms

> g = VF(we), VF(we), > nllge— VF(w)|? (100)

t=1 t=1



Stronger Results under Stronger Assumptions (Cont’d)

Could be violated in practice. A remedy is clipping or normalization:
g = Vi(wi)+e, w1 =wi—nmin{max{—C,g:},C} or w1 = Wt—nr

for some clipping parameter C > 0 and a small constant x > 0 for numerical stability
e These will control the noise and could deliver high confidence guarantees

Connection to advanced training methods (adaptivity) and other contexts (privacy).

Appear in diverse learning settings, e.g., the PPO method in reinforcement Learning (RL)

Without such safeguarding mechanisms, the growth of the accumulation of noisy terms could

be larger w.r.t. to 4.
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Boosting (ensemble of) SGD

Markov Inequality
For any positive random variable X and constant A > 0 we have

Pr{X > A} < ]E[X] (102)
e Let X = error and A = Bound(T)/é
e By Markov
E[error]
or — 1 <
Pr{error > Bound(T)/0} < Bound(T) = 4] (103)
or equivalently, with probability at least 1 — 4,
error < Bound(T)/d (104)

e Terrible dependence on confidence ¢ (i.e., 1/§ vs our desired log1/6)



Boosting (ensemble of) SGD @

e We will boost SGD by running multiple SGDs in parallel and performing post-optimization

o number of parallel runs S, number of samples for post-optimization N
o Run S versions of SGDs in parallel and call their outputs ws, for s=1,...,S
o Choose the best output w:

1

we{wy,..., 12

N
Ww=arg min O IG(w)]], G(w) = ZV@(W,ZJPO) (105)
=1

=

or use function values instead

e Total Complexity: Recall for SGD total oracle/gradient complexity is O(BT) and O(T) when
B is some constant. For SGD-PO:

Oracle complexity =Sx T+SxN=(N+T) xS (106)
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Convergence Analysis @‘

Theorem
If

N o085 T=a(k). s=0go}) (107)

€ 0

SGD with Post-Optimization can find a solution W such that with probability at least 1 — ¢ it
holds [|[VF(W)|? < e.

e Thus, the total complexity in terms of € and ¢ is

log”% logl

€l €2

(108)

e Proof relies on showing the ensembling/post-optimization enables boosting the simple Markov
concentration result, hence improving the dependence on 4.



Stochastic Gradient Descent
(SGD) without the G(radient)



Scenarios with no gradient @

e Recall, we typically aim to solve

minEZE(W,z,-) (109)

e A natural stochastic gradient is to sample a mini batch of samples z}, ..., zZ and compute

B
Z (we, 2)) (110)

e However, we may not be able to, or want to, do this in many scenarios

o (Online) Reinforcement Learning
o Adversarial attacks
o Fine-tuning of Large Language Models (LLMs)
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Online) Reinforcement Learning

state reward
S, R,

_R.(

*

_5S.. | Environment ]4—

\.

action
A

e Agent only gets to see the scalar reward, i.e., the reward for the played action.

e In certain RL models, the task can be reduced to an online optimization problem with linear
utility functions f,(w) = (w, r;) where w is our policy and r; is the reward vector

e The gradient is r; but the agent only gets to see Ry = r;(is) where action a;, is the played action
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Example: Adversarial Attacks

e Goal: Given a classifier and a small dataset, make the DL classily images incorrectly

+.007 x

“panda” noise “gibbon”

577% confidence 993% confidence

M classified as turtle [l classified as rifle [l classified as other

e We only know the images and the returned predictions. Let y; be the label of image x;
méin scorey~ (yilci + ) + Al 4] (111)

for some perturbation parameter 4.

e We do not know the weights of the DL model w*, hence we cannot use gradient-based
methods like SGD that need the gradient Vscorey-(yi|c; + 9).
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LLM fine-tuning

Pre-Training
(Computationally Fine-Tunning
Expensive) (Cheaper)

S — | WM | 5| UM | «

Large Unlabeled Small Labeled
Corpus Corpus

e As LLMs grow in size, the substantial memory overhead from gradient computation presents a
significant challenge.

e Crucial to address, especially for applications like on-device training where memory efficiency is
paramount.
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SGD without the G: Intuition

o Let us recall the definition of derivatives for scalar functions

) — i £ ) = F()

7
= lim f( ) f( B :u)
= /l—>0 . (112)
_ i Wt p) = F(w = p)
u—0 2u

e Let ;1 > 0 and fixed, then we expect

f(w+p)—f(w
24

gh(w) = —H) F'(w) (113)

e We only need two function evaluations and no gradient calculation

e We expect to incur some bias depending on p which vanishes as  — 0
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SGD without the G: Intuition (Cont’d)

e We can view g* as an expectation over random directions in R (i.e., left and right)

o Let u~U{-1,1}, i.e., a vector in R lying on the surface of unit sphere.

o Consider . p
g"'(w) = —(WJr“:)* W), (114)
to be a random variable
e Then,
” 1f(w—+p)—flw 1f(w—pu)—f(w
Bl (o] = LR =) 11w ) = ),

w10 — o — 0 ) ()

w —f(w—
= =g w R W)

when g is small.

e Thus, g*“(w) is an unbiased estimator of g#(w), an approximation of the derivative of our loss
function

e How to go to R9?
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Zero-Order Gradient Estimator

e Recall: u ~U{-1,1}, i.e., a vector in R lying on the surface of unit sphere.
e In general, we just sample u from the surface of unit sphere in RY

e Our estimator then becomes

g (w) = flw MZ) —flw) u,  u~Sq (116)

e Called zero-order estimator as it uses zeroth order information, i.e., function values only as
opposed to first order (Gradient) or second order (Hessian) information.

e We can also sample u from a Gaussian distribution N(0, I4) (e.g., for simpler mathematical

analysis) given that
UNN(O., /d)<:> ﬁ ~ Sy (117)
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Z0-SGD M d

e Consider min,, f(w) :=E,[¢(w, z)]

e Initialize wy,learning rate 7, smoothing rate u

e Fort=1,...,T do
o sample a random direction u; ~ N(0, I4) or u ~ Sq
o sample a mini batch z},...,zB
o form the update vector

pu ézle é(Wt + }LUt,Z{) - é(thJ)

gt = p U (118)

o update the parameter w11 = wy — gl
e To lower the variance, we can sample multiple (a mini batch of) random directions as well

1 B j

pu 1 i B j:lg(Wf—"ruuf’zé)_é(th{)
1
k=1

ufa utlf NN(Ov la) (119)
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Z0O Estimation as Smoothing @

e Recall gh¥(w) = Mu and that

flw+p) = flw—p) _

E.[g"(w)] = o g"(w) (120)
e Sois g"(w) the true gradient for any function?
e In turns out

gh(w) = VFU(w), i By (w + o) (121)

and f# is called the smoothed version of f such that when u ~ A(0, I;) the technique is called
Gaussian Smoothing

e Called smoothed since its sensitivity properties are nicer than the original function f

o f* has both lower Lipschitzness and Smoothness parameters
o f* is smooth even if f is not! L(f*) oc 1/p

e /i controls the smoothness-approximation tradeoff
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Z0O Estimation as Smoothing (Cont'd)

e Recall
gh(w) = Vi (w), P =E,[f(w+ pu)] (122)

Intuition: Expectation is an integral and integral tends to make the functions smoother/nicer
Indeed, f# is nothing but the convolution of f and the PDF of u. Recall:
Feg=[F(r)g(w—7) dr

e This idea is also useful when analyzing DL models with non-smooth activations, e.g., ReLU.

\
—  Softplus

4= — Rectifier
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ZO-SGD for f as SGD for f* @‘

o Recall g"(w) = Vf*(w) and we used an unbiased estimator of g#(w) to minimize f without
gradient calculation (ZO-SGD)
e Thus, ZO-SGD is effectively SGD for the following problem

mvin A (w) = Ey[f(w + pu)] = E; u[l(w + p, 2)] (123)

e As y tends to zero the two problem become equivalent
e This idea can be used to prove

Theorem

If o \f and n bT the iterates of ZO-SGD satisfy

1 ZT d [d
i 2 — — —_
T — IEZl:7'7“1:THVf.(Wf)H O( T + T) (124)



Deep Learning Architectures 1:
MLPs



From Linear Regression as DL @

e Recall our simple linear regression model
yi=x w'+ b +e (125)

e labels y; € R, features x; € RY, noise ¢; € R

e regression weights w* € RY, bias b* € R

e Previously we ignored the bias term. That is w.l.o.g. as we can increase the dimension to d + 1
by defining w* < (w*, b*) and x; + (x;, 1)

3G
y y
7 y(l)

X
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From Linear Regression as DL (Cont’d)

e We can think of this model as a combination of artificial neurons: elements taking an input
signal, processing it, and pass it forward

e That is, a simple Artificial neural network (ANN) or a shallow DL model

e The training involves fitting the parameters of the neurons, i.e., the regression parameters, to
the data

Output layer

Input layer
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Linear Regression and MLE @

e Can also be thought as maximum likelihood estimation when the noise is Gaussian and
observations are statistically independent

i — x;' w — b)?

n n y
max plylx; w, &) = [ [ p(yibeiw. b) o [[exp(— = =By - aag)
’ i=1 i=1

e As the log is a monotone function, the above is equivalent to the following negative log
likelihood minimization problem

min E Z(y,- —x;'w — b)? & ERM (127)

e Most advance learning tasks follow a similar template: maximize the likelihood while assuming
suitable distributional assumptions.

e Some times we also include a prior (aka a regularization term) and the problem becomes
Maximum a priori estimation (MAP)
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Classification as DL @

e Now, assume a classification problem where instead y; € {1,...,C}

e We can represent the labels via one-hot encoding:
yie{en,...,ec}, e €R, ¢ =1(0,0,...,1,0,0) (128)

That is, €;'s are the standard unit basis vectors in R€.

e Again a simple linear relation between features and labels: y; = W*x; + b* where y; € R¢ and
x; € R? are labels and features while W* € R€*? and b* € R are weights and bias

Output layer

Input layer
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Classification and MLE @

e We can use square loss as before, but the solution is not elegant

e Let W and b denote the parameters of a learned model.

e Consider the predicted label y; = Wx; + b

e Desirable to think of the ¢'s entry of §; as the probability that the label of x is c.

e Thus, we want §; (like the true labels y; after one-hot encoding) to be nonnegative and sum to
one, i.e., be probability vectors in R¢

e We perform Softmax normalization

y = softmax(d), v(j) = exp(1:0(j)) 129
g O = () (129

e Motivated by the Boltzmann distribution in Physics to model a distribution over energy states
in gas molecules (in our case the states are the finite classes).

o

= Wx + b,
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Classification and MLE (Cont'd) @

e The training involves fitting the parameters of the neurons, i.e., the classification parameters,
to the data. But which loss?

e Let us resort to MLE: find the parameters to maximize the likelihood of data

e Given our softmax normalization, the natural observation/noise distribution is multinomial
(discrete Boltzmann) distribution

y() = p(lx) = Cexp(_o@)) probability of class/state j given feature x
> c—1exp(8(c))
c
—log p(j|x) = —log y(j) = — Zy(j) log 9(j) only one coordinate of y(j) is nonzero
c=1

= Cross-Entropy(y, ¥)
(130)
e A notion of distance between two distributions and related to the Kullback-Leibler (KL)
divergence
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Entropy, KL, and Cross-Entropy @

e Entropy: how random a quantity is (more random, more bits needed to represent it)

C
H(p) = = p(c)logp(c) > 0 (131)

e KL divergence (or relative entropy): how different two distributions are

C
Du(pllg) = ZP ¢)log ? C)>0 (132)

An example of f-divergence with convex functions f: D¢(pl||q) = Eq[f(g)]. For KL,
f(t) = tlogt.
e Easy to show Cross-Entropy(y, ) = H(y) + Du(y||9) > 0.

e Thus, minimizing CE loss is equivalent to minimizing KL divergence.
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CE vs Square loss

e As discussed CE is more natural than square loss as it enables us to think of lables as
probabilities. A direct link to MLE

e CE provides larger feedback sooner

Loss -

0 1
Worst Great Prediction!!!
Prediction
Everll!
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Gradients and Learning Signals @

o Consider linear regression, i.e., y = w ' x. For training we use SGD to minimize ERM with
square loss. By chain rule, Gradient is proportional to the gradient w.r.t. the output y:

Uw,2)=S(y =9, Vullw,2) = —x(y = w'x) x Vyl(w,2) = § —y (133)

e Consider softmax classification, i.e., y(j) := % where 6 = Wx. For training we use
SGD to minimize ERM with CE loss. By chaincFuIe, Gradient is proportional to the gradient

w.r.t. the output ¥

c
Uw,z) = CE(y,9) = — Zy(c) log y(c), Vyl(w,z) = softmax(6) —y =y —y (134)

c=1

e In both cases, the larger the error/residual, the larger the gradient/signal
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Perceptron

e Let us explore why we need hidden layers.

e Binary classification with hinge loss

y = sign({(x, w)), Uw,z) = max(0,1 — y(x,w)) (135)

Consider SGD for this problem.
Fort=1,..., T

o sample z: = (x¢, yt) ~ pz
o If ye(xe, we) < 0 perform wip1 = we + nyexe

o If yt<Xt, Wt> 2 0 perform Wii1 = Wt

This is called Perceptron and given a margin p > 0 between classes has O(p~2) guaranteed on
the number of mistakes

What if data non-linearly separable?
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Perceptron (Con

e Assume we have two features x = (x*, x?) and y = xor(x}, x?)
e data non-linearly separable and Perceptron fails

e Idea: combine multiple Perceptrons

o3:=xor(x), x) =xt R+ x> = +x}) - (F+x) =00 (136)
Symbol A B Q
0 0 o0
D 1 0 1
0 1 1
11 0
Q=AGe8
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Perceptron (Cont'd)

o 0 = x! +x?

® 03 = 01 - 02
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Multi-Layer Perceptron (MLP) @

e Each rule can be learned by a single Perceptron. To be thought as a neuron with sign as the
activation
output = sign(input x weight) (137)
e Thus, to learn the final label rule we are building a Multi-Layer Perceptron (MLP)

e MLP enjoys a higher learnability capacity (characterized by VC dimension) than a single
Perceptron, thus able to handle complex data

e VC dim: Size of the largest dataset of points in general positions s.t. our model can classify it
regardless of label assignment

e VCdim of Perceptron is roughly d but for MLP it is roughly Ld when having L hidden layers.
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1
1+exp(—x)

Tanh: o(x) = {722=24
ReLU: o(x) = max(0, x)

ReLU leads to more efficiency in computation and stability in training

e Sigmoid: o(x) =

Activations are applied coordinate-wise

Activation functions

1.0
0.5 1 P
pRad Step
Bt === Sigmoid
0,0 fmmnmm =
—— Tanh
—= RelU
-0.5
~1.01
—4 -2 0 2 4
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Why Nonlinear Activations?

e Two hidden layers in an MLP with linear activations
h1 = Wix + by, hy = Wahy + by (138)
e These hidden layers will collapse into one
h= Wx+ b, W = WoW, b= Wsb; + by (139)

e Thus, intuitively, we have lost the increase in the learning capacity we gained by having hidden
layers
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Deep Learning Architectures 2:
CNNs



Harnessing Structures

e MLPs do not exploit the relation between the features (aka the prior knowledge)
e As a result, they grow very rapidly in size by the input dimension. For instance, 108 parameters
for an MLP with 100 neurons processing 1 mega pixel image.
e Images, and other type of data, typically have two important structures
o Translation Invariance: Moving an object does not change the object

o Locality: Nearby pixels are related
e Turns out using convolution/cross-correlation could help leveraging these structures and reduce

the number of parameters drastically.
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)

e Consider the pre-activation result of the i-th neuron

v = Z Wiix; + bi = Z |/V,-(,-+k)X,'+k + b; = ZUJ,/-(Xi+k + b; (140)
E X X

e Translation invariance implies that a shift in the input should simply lead to a shift in the
output

e This is only possible if w and b are independent of specific location i:

v = Zwkx;+k +b (141)
k

effectively a convolution/cross-correlation

OPT4DL, A. Hashemi, Purdue ECE



CNN: Example 1 @

o Let x € R® and v € R3 such that v = Wx + b has 3+ 3 x 5 = 18 learnable parameters in a
regular MLP.
e With CNN, the number of parameters will reduce to 3+1 =14

o
o
X

Vi 1 L4 1
o + |e e vi=b+ Y wixipk i=1,2,3 (142)

3 ° k=—1

N

|
o o e

o

x

o e
[ ]
X

V3

X4

each color denoting a learnable parameters
e Thus, we are doing weight sharing and zero-ing out some other weights
e Convolution filter/kernel: eee, output called a feature map
e Note that in CNNs, the size of input, output, and w are constrained:

Aoyt = din — d, +1 (143)
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CNN: Example 2

Output

Kernel
011
213

19

25

37

43




CNN Operations

Locality: information relevant to the i-th output is localized. Thus, limit the range of sum in
the convolution

O(d)
vi=b+ Z WkXirk = Vi = b+ Z Wk Xtk (144)
k=—0O(d) k=—A

where A = O(1), e.g., A =3,5,7,9 (typically odd). Thus, d, =2A +1
Padding: Gaining control on output size and ensuring the preservation of edge information

St St A A e

104808070350
i

b~ ] 03|84
rofof1]2}o0:

[ ; 0|1 9 |19[25]10
y013]4([5}0: =* =]

[ g 2|3 21|37[43|16
rofj6|7]8}o:

[ g 6|7 (8]0
1030307070

1 ¢ 1 1
1 ] 1 1
P PR R SR

Output size is dip — d,, + 1 + dpadding
dpadding = du, — 1 ensures output has the same size as input.
odd A to ensure even padding on each side
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CNN Operations (Cont'd)

e Stride: More aggressive size reduction by shifting the kernel more than one location (say ds

location)

ot 00t 0t o

' [3 [4 [3 ’ [

o~ et

vof{of1]2}o;

s o~ 01 0|8
y013|4(5f0¢ =* =

o~ ~~ 2|3 6|8
y0{6|7|8}0¢

s e

050508070

.. din—duy+dpadding+.
e Output size is %

s

e Max and average pooling: Further parameter-free downsampling

011]2
2x2 415
31415 .
Max-pooling 718
61718
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LeNet and AlexNet

convolution pooling dense
convolution

120 - F5 full

6@14x14
52 feature map -
28x28 image 6@28x28 16@10x10
C1 feature map C3 feature map

16@5x5
S4 feature map

224
5 dense dense
& 13 13 13 dee
VSRS 3 3 3
i | 0 a 0 B B B
”\/ 5|/ v s Ws P
384 384 256 1000
224 256 Max Max 4096 4096
9% M?X pooling pooling
Stride pooiing

3 of4
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Residual /Skip Connection @

e We typically initialize NNs randomly

e In the early training as depth gets larger almost no useful signal goes from the input to the
output and vice versa

e Residual connection helps carrying the information over while enjoying the high capacity of
deep NNs

Typical Training curves (loss vs epoch)

Deep (no skip
connection)

Deep (with skip ~~—_
connection)

Shallow
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Residual Block

e Resnets constructed as a modular connection of Residual blocks

e Name: Each block learns to model the residual g(x) (difference of input and output). As the
ideal residual is small, learning the residual might be easier than learning the true unknown
feature-label relation f(x)

e Used in other architectures, e.g., transformers

< Activation function Activation function
© © ﬂx):gmﬂ&)
____________________________ X
i 1 i )
== oo ] |
| \ | \ 8(x)
' | 1 \ pocoocodioccoooo
| [Coem oo e
H : ) T : | Weight layer
1 i | 1 1
| e e |
| i | | : Activation function
I H =t |
| f ] i 1 Weight layer
| oo ]! e | !
[ I i 1 I i || | ESeococcesjpecessed booooooliooooon
x X



Residual as Nested Function Classes

e The modularity leads to nested capacity as depth increases

e Thus, deeper models are highly expected to outperform shallower ones

7 f

Non-nested function classes Nested function classes
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Connection to ODEs @

e Consider an ODE: dxd(tt) = f(t,x)

e if f known, Euler's method can be used to model the evolution of x and solve the ODE:
Xer1 = Xe + F(t, x¢)

e This is very similar to residual learning: x;11 — x; = f(t, x¢)

e ResNets useful in solving and modeling ODEs and other physical governing equations, an area
referred to as Physics-informed DL
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Deep Learning Architectures 3:
RNNs



Learning with Sequence Data

e Recall, we discussed the connection between ERM and MLE
mlnf Zé (xi,y1) < mapr(y;|x;;W) (145)

in the context of classification and regression

e Many applications we work with sequences x;, X2, ... where x; € RP are observations at time t
(e.g., working with financial data, language modeling, DNA data, etc.)

e Natural to assume a causal model where each observation depends on the previous ones
x¢ = A(x1, ..., X—1; w*). An approach referred to as auto-regressive (AR) models

e Natural to follow a similar likelihood maximization approach to find w*. For instance,
Xer1 = w(l)xy + w(2)xa, ..., +w(t)x (146)

e Issue: too many features, i.e. O(t) when t grows

OPT4DL, A. Hashemi, Purdue ECE



Latent Modeling @

e A solution is to limit the dependency of x; to only x;_,,...,x;—1. More generally, we aim to
find a latent variable that effectively summarizes the dependencies of the observations

Xt = A(ht—l; W*)7 hy = g(ht—bxt;w*) (147)

e We can represent these functions by NNs and learn their parameters by fitting the data

A A A
Output X1 X, vl
A
Hidden
ht—l ht ht+1
state
1 Y
lnpUt ) % 2%




Simple RNN @

e For instance, let us resort to MLPs h; = o(W;h;i—1 + b;), i=1,...,L, hy=x
e For latent AR modeling

ht = g(ht_]_7Xt;w*) = ht = U(Wht_l + b+ WXt) (148)

called an RNN with one hidden layer where w* = (W, W, b). Notably, the parametrization cost
of an RNN does not grow as the number of time steps increases.

Output layer

| o —Jln | —]]n
Hidden state ! ¢ ¢ < !

=7 J

X X

i +1

Input

FC layer with 1 —(—>
activation function Copy Soncatne

OPT4DL, A. Hashemi, Purdue ECE



RNN++ @

e Certain improvements to RNN, e.g. LSTM, GRU, to deal with the information/signal loss when
working with long sequences and long-term dependencies. Solutions similar in nature to
skip/residual connections

e We can also stack RNNs and form multiple hidden layers

e We can process the sequences from both directions to learn the dependencies more effectively,
e.g. bidirectional LSTM
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From RNNSs to Transformers @

e RNNs like CNNs and MLP need to work with data of a predefined size

e For RNNs, the sequence length should then be fixed. Thus, could limit their applicability

e RNNs further suffer from the need for sequential computation, not able to leverage advances
parallel computing

e Transformers leverage the attention mechanism and positional encoding to alleviate these
issues (at the cost of higher parallel computational cost)

RNN based Encoder Transformer's Encoder

111

Te| | cat | bo| Bk The || cat || 16 | Black|



Attention Mechanism

e |dea based on databases, i.e. collections of keys k and values v
e We can make a query g regardless of the database size
e Instead of returning one of the values in the database, attention typically returns

Attention(q, D) = Za(q, kivi, oa(q, ki) = E'fxp(e(jg(’g>i.\i\)ﬂ)
i—1 =1 e

(149)

i.e., using softmax to ensure weights are nonnegative and sum to one (convex combination).
e In practice, g, v, k are matrices and include learnable weight matrices.

Attention
Keys weights Values Output

Attention
Pooling
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Automatic Differentiation



Motivation @

e Calculating derivatives is the crucial step in all the training algorithms

e Modern deep learning frameworks automate this process by offering automatic differentiation
e Two crucial ideas are back-propagation method and computational graphs

e Computational graph tracks how each value depends on others and automatic differentiation
works backwards through this graph applying the chain rule (back-propagation)
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Back-propagation for MLP

e Consider our canonical training task

1
mMi/n f(w) = - ;E(W,z,-) (150)
for a simple MLP and a regression task
Uw,z) = %Hy; — Wio(Wi_1.. Wao(Wix))|I?, x; €RP, y; € R™ (151)
e Thus, our learnable parameters are w = (W4,..., W,) € R?

e And SGD update is w1 = wy — ng: with g representing the gradient of the mini batch used
in iteration t

e Our goal is to find partial derivatives w.r.t. each weight matrix using chain rule (treating each
W as a d; x dj—1 column vector such that dw, ¢ is also a d; x dj_1 column vector).
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Back-propagation: defining Variables

e Define pre-activation vectors v and post-activation vectors h

vi= Whi_q, h/ZO’(V/), vy, hj_1 ERd’, I=1,...,L (152)

where hg = x € R? and d, denotes the number of neurons in layer /. Note v, denotes model’s
prediction (output layer).

e Define the final error signal

1
e, =0,0= 8VL§||y —vP=vi—-y, ecR% (153)

o Define activation derivative matrix

D; = diag(co’(vi(1)),...0'(v(d)))) € R¥> (154)
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Partial Derivatives @

e We can represent each partial derivative using our defined variables. For instance,

0WLf = 8WL vy X ava = IdL—l ® hi_1 X VL —Yy (155)
(di-di_1)xd, matrix (Kronecker product) ~ =€L, di X1 vector
e Example:
1 Wll W12
a= 9 GRz, W = Wor  Who €R3X2.

W31 Wi
[1 0 0]
2 00
010

| _ c R6X3.

29710 2 0
0 01
0 0 2]
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Partial Derivatives (Cont'd)

e Recall vy = Wjh;_1, h/:O'(V/), vy, hj_1 GRd’, I=1,...,L
e For layer L —1

8WH€ = 8WL71 Vi1 X 8”71/11_,1 X 8;,H v X é)VLE (156)
—— ——— —_—— =~
hi_> derivative of activation D;_1 W, e

where we may need operations like /@ and T to ensure dimensions match and the final answer
isad _1-d _> vector

e Consider defining

e 1 := OVL_1€ = &,L_l h[_,l X 8hL—1 vE X 8VL€ (157)
~— —— =
derivative of activation D;_; W, eL

by chain rule
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Partial Derivatives (Cont'd)

e Thus
8WH€ = 8WL,1 Vi1 Xeéer—1 (158)
——
hi_2

that is the partial derivative for each layer / is just the product of the activation/output of the

previous layer h;_; and the error of that layer ¢
e Gives us a natural procedure to leverage memory to reduce computational cost
e This procedure is called Back-propagation:

o compute pre/post activations v;, h; in the forward pass and store them
o compute and propagate the error signals in the backward pass

e/_1:D/_1><V|//><e/, /:1,...,1_ (159)
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Computation Graph @

e A computation graph is a directed acyclic graph (DAG) that represents the sequence of
operations applied to variables in a computational framework, such as deep learning.

Computational graph tracks how each value depends on others and automatic differentiation
works backwards through this graph applying the chain rule (back-propagation)

Example f(x) = (2x+ 1) - (2x+ 1)
We think of this as h(x, g) = g(2x + 1) where g(x) = 2x+1

We aim to calculate the derivative of f at x =1
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Computation Graph Example

e Forward pass

o find the values of input variables (pre/post activations hy, v/)
o label the edges with relevant partial derivatives (activation derivatives D;)

0:9 =2
z:1:0,f g:3:04f
Ogh=Q2x+1)=3
h(z,g9) = g2z + 1) h:9:0f
O.h=29g=6 L
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Computation Graph Example (Cont’d)

o move backward to calculate the derivatives w.r.t. activations (error signals ¢'s)
o accumulate the derivatives and sum over all path

Opg =2

Ogh =22z +1)=3

(h(m,g) =92z +1) h:9:
0:h =29 =06 L
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Static Computation Graph

e The entire computation is defined and compiled before execution (a define-then-run approach),
e.g. earlier versions of Tensorflow
e Advantages

o More optimizable, as the entire computation graph is known in advance.
o Allows for efficient graph-level optimizations, such as operation fusion
o Can be deployed more easily for inference after compilation.

e Disadvantages

o Less flexible: modifying the graph requires redefining and recompiling it
o Debugging is harder since the execution is decoupled from definition.
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Dynamic Computation Graph

e Built on-the-fly during execution. The structure of the graph can change at each iteration (a
define-by-run approach), e.g. Tensorflow 2.0 and Pytorch
e Advantages
o Highly flexible: enables dynamic control flows, such as loops and conditionals.

o Easier to debug because the execution happens immediately.
o More intuitive for model development, especially for recurrent networks and reinforcement

learning.
e Disadvantages

o Potentially less optimized since the entire graph is not known beforehand.
o Can be slower compared to static graphs due to runtime overhead.
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Initialization and Normalization



y Initialization Matters

e DL architectures are complex and leading to highly complex and nonconvex loss landscapes
e Initialization tends to determine the quality of of the solution found by iterative methods
e Initialization tends to impact the gradient information used by SGD throughout training
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Initialization and Gradient @

e Consider an MLP
hi =a(Wihj_1 + b)) €eRY,  j=1,...,L, ,hp=x€cRI  h=ycR (160)

where b; € R% and W; € R%*9-1 are learnable parameters of layer j.
e Gradient is our learning signal and used in SGD for training.

e By Chain rule and treating each W, as a dfl = d; X dj_1 vector,

GW/|OSS = awj hL X 8hL|OSS = 8Wj hj . 8hjhj+1 .. -8hL,2hL . ahthL X ahL|OSS

L (161)
= Ow;hj x Mipa x ... Mi_y x My = dwhj x [ Mi x On,loss

k=j+1

Side note: that the matrix Oy, h. has dimension dfﬁl X dp, the matrix dw. h; has dimension

cz’fl x d;, while matrices M have dimensions dx_1 X di. thus, dimension of both sides match.
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Vanishing/Exploding Gradient Problems @

e Our learning signal is proportional to Hi:j-s—l M, a product that could be very large or very
small depending on the these matrices (and notably their eigen values).

e Vanishing gradient: Very small product means we cannot move very far from the initialization
(happening with deep networks and RNNs; fixes include LSTM, skip connection).

e Exploding gradient: Very large product means divergence and instability (happening with deep
networks; fixes include gradient clipping)

e Activation choice also plays a role

R pp— sigmoid

0.8 4 ——- gradient

0.6

0.4 1

0.2 A

~——

0.0 A

-75 -=5.0 =25 0.0 2.5 5.0 7.5
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Another Problem: Symmetry and Limited Capacity

Recall the motivation behind introducing nonlinearity and deep models was increased learning

) (162)

Assume our initialization is such that W3 = Wio = Why = Way = v and b(1) = b(2) = B.
thus, h(1) = h(2)

then, the gradients Oy, h(1) and Ow;, h(2) are equal. Thus, using gradient-based updates, Wj;'s

capacity
With a bad initialization, we cannot achieve this. Consider

h(].) - W11X(1) + W12X(2) + b(].)
T\ [ Warx(1) + Waax(2) + b(2)

will be the same, and so will the outputs

Essentially, due to a symmetry, our two neurons reduce to only one neuron, hence limited
capacity

Randomization could help to solve this and the vanishing/exploding gradient at the same time.
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Xavier Initialization

e |dea: Weights initialized such that the signal strength moving from one side to the other side in
the network is preserved

e Thus, no drastic reduction or amplification leading to vanishing and exploding gradient,
respectively

e Let us consider linear activation of the linear regime of all activations (small signal regime)
Activation functions

1.0
0.5 -
’,f’ Step
-— -== Sigmoid
00 fmmnemn= . 9
—— Tanh
—:= RelU
-0.5
_10.
4 -2 0 2 4
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Xavier Initialization (Cont’d)

e Consider a layer with W € R%*%n and call the input and outputs x and o for simplicity.

Forward information propagation condition
Ello||* = ZE[02] = ZE[Z Wix]? (163)
e Backward information propagation condition

dout

E|x|* = Z]E[le = ZE[Z Wio))? (164)

We assume E[x?] = 77, E[07] = 72, E[W}] = 02, and that Wj;'s are zero mean

Thus, our conditions imply

doutfygut = doutdin027i2m din’YiZn = dindoutazvsut (165)
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Xavier Initialization (Cont’d)

e Imposing 77, = 72,
’Ygut = dinUZ'Yizna ’Yizn = outoz'ygut (166)
1= din0'2a 1= douta'2
e Thus, 02 = 1/d;, and 02 = 1/dous. As dip # dout, We instead set
1
0= W; ~ N(0,02), or Wj~U(-0,0) (167)

an(din ) dout)

Averaging can be arithmetic (dj, + dout)/2 or geometric mean v/di, X dout
For ReLU's we typically increase o2 by a factor of 2 to compensate for the fact that half of the

signal is dropped
Ep? =+2 <  E[max(0,x?)] = 2/2 (168)

for a symmetric input x.
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Normalizatio

e Xavier Initialization essentially performs a normalization at initialization

e As the weights get updated, weights will change, and so will the strength of layer's
output/activation

e Normalization methods extend this idea to normalize the outputs throughout training.

e Certain connection to adaptive training methods to ensure parameters are varying more or less
with the same rate

e Normalizing activations could lead to “smaller gradients”, hence lower effective Lipschitzness
and smoothness parameters G and L, thereby accelerating convergence.

Batch Norm Layer Norm Instance Norm Group Norm
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Batch Normalization @

e Consider a batch B of B vectors: uy,...,ug € RP (p = H x W for a H x W matrix)
e Think of these as activations associated with samples/data used in minibatch SGD

e Batch normalization utilizes a data-driven operation

u—ps
BN = 1
(u) a®03—|—f£+5’ YueB (169)

here a, 5 € RP are learnable parameters and
7 :lZueRp azleHu—queR (170)
° B ueB 7 ’ B ueB °

are sample mean and variance.
e 1 > 0 introduced for numerical stability and avoiding division by zero.

e Moderate B to avoid loss of information (small batch) and slow computation (large batch)
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Batch Normalization (Cont'd)

e Moderate B to avoid loss of information (small batch) and slow computation (large batch)
e Moderate B leads to a noisy calculation during the training leads to better generalization.
e How to apply in conjunction with other operations?

h = Dropout(c(BN(Wx + b))) (171)

e During inference, we use the statistics of the entire data to calculate the mean and variance of
each layer's activation

1 1
o= S uck,  oh=23flupupl? (172)
ueD ueD
Which can be approximated on the fly from mini-batch statistics found during training:

1 t 1 t
po  Ywe+ iqun, b toh+ ok (173
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Layer Normalization @

e A deterministic operation normalizing each vector v individually

1 p p

— 1 1
LN(u) = % ER = STu(i)eR, ou= EZ (i) — pu? €R (174)
v i=1 i=1

e Almost scale free LN(u) = LN(«w), a property useful for stabilizing training
e Can be applied to image-like quantities with multiple channels (e.g., C = 3)
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Regularization



e We wish to optimize training loss to build models that generalize beyond the training set.

e (Classical ML theory suggests reduction on generalization error tend to be as a result of
regularization: constraining the set of values that our parameters might take (model capacity
reduction)

e This view has let to certain approaches which we will view as noise injection

e However, in practice, our models have high capacity that can fit entire data

(overparameterization and interpolation). And by doing so, despite classical ML prediction,
generalize well too.
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Method A: /-2 Regularization

e One way to limit the model capacity is to constrain how large the parameters can get
min f(w) 4+ \|wl|3, f(w)=E[{(w,z)] (175)

e Leads to better landscape (getting rid of saddles, local max., sharp local min), good for both
optimization and generalization. But we incur some bias

%
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(-2 Regularization, Bias, and Model Capacity

o We can show

Consider

W = argmin f(w) + Allwl3, j=1,2 (176)

[ <[]l = A= (177)

Thus, as regularization becomes stronger optimal model becomes small and in the extreme
case all weights will be zero (no learning capacity)

e Let w* be the solution of unregularized problem. Assuming a L-smooth loss f, we can lower
bound the bias | - \
) w* — w* L
Bias = , AL=M\/L 178
Wl S Teac Y (7o)

As )\ increases, the bias increases.
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(-2 Regularization, Optimization, and Weight decay

e Better landscape is good for optimization (easier functions). Finding higher quality solutions
faster by (S)GD

e Consider GD for our regularized problem

min F(w) + Awlg,  F(w) = E[t(w,2)] (179)
We have
Wyt1 = We — N(VF(we) + Awe) = (1 = nA) we — nV 1 (wy) (180)
(0,1)
€(0,

called GD with Weight decay

e For simple methods like GD, ¢-2 Regularization and Weight decay are equivalent. But not true
in general, e.g. ADAM
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Method B: Early Stopping

When training, maintain a validation set and monitor the validation loss
Continue training until validation loss starts to increase

Then, stop earlier than what you originally had in mind

By stopping early, we are restraining the model to reach its maximum learning capacity, aka
regularization

The Learning Curves

Loss

training

Epochs

OPT4DL, A. Hashemi, Purdue ECE



Connection Between /-2 Regularization and Early Stopping

e Consider a convex quadratic loss

f(w)=>(w—w")H(w—w"), w"=arg mvin f(w) (181)

and GD

Wi = wy — nH(we —w™), wy =0 (182)

e Consider the Spectral decomposition H = UAUT. Using simple steps we can show

Ulw, = (Id(ld — nA)T) U w, parameter at time t of original prob.
(183)

Utw = (/d()\ld + /\)_1/\> UTw, optimal solution of regularized problem

e wr = wif AT ~n 1

e For a fixed learning rate, stopping early is like larger regularization.
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Method C: Dropout @

e In training, dropout some neurons at random by zeroing out p fraction of them

hi =0 with prob. p, hi =1 hip with prob. 1 —p, (184)

such that E[h;] = h;.

e By dropping neurons, we are restraining the model to reach its maximum learning capacity, aka
regularization

e In testing, disabled (like batch normalization), unless for uncertainty quantification

Before dropout After dropout
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Connection Between /-2 Regularization and Dropout

e Dropout is essentially injecting noise into our model and hence the learning problem. The noise
is independent of the activations and multiplicative in nature
e Let us use a simpler model to see the regularization effect of noise injection

e Consider a linear model
min f(w) = E,[(y —w ' h)?] (185)

e Think of h as the activation we will inject noise into. Here, for simplicity, an additive noise
h— h+e, eindep.of x, E[e]=0, Elee']=X (186)

o Note ¥ = ATA > 0 is the covariance matrix and PSD
e We can show using simple steps

Ezelly —w' (h+e))’] = E:[(y —w" h)’] + [|Aw]]3 (187)

Note: A similar idea used in Gaussian Smoothing and ZO-SGD.

OPT4DL, A. Hashemi, Purdue ECE



Noise Injection and SAM @

e We can also inject noise into w directly. Also, we can consider a small worst case noise, as
opposed to a random one

minE. .[¢(w + e, )], min max E,[{(w + e, z)] (188)
w7 woelel<p

e The second formulation, with some approximation leads to
minE-[((w. 2)] + pl| VE:[¢(w. 2)]| (189)

e Called sharpness-aware minimization (SAM), useful for improved generalization through
penalizing sharpness/sensitivity

e We can penalize the growth of higher-order derivatives, e.g., Hessian, too.
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SAM and Improved Generalization

e Flatter Minima are likely to generalize better

bad generalization

.
.
.

% Testing Loss
: good
*, generalization

Training Loss . W

Flat Minima Sharp Minima
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Tuning Learning Rates



Motivation

Recall we showed minibatch SGD satisfies
T
1 A Lno?
=Y E, f 2 — 4 190
and we set the n = min{},/ 232} to get the best bound

A lot of unknowns. Common practice: set 1 to be a small constant.
As we train the model, the first term disappears, but the second term remains.
Fix: adopt a decreasing schedule of learning rates

o sublinear decay: 1 \%

o exponential decay: n < n/a, « > 1, after every E epochs

Interpretation: Early phase of training, we may prefer larger progresses (large 7). But, as we
approach the solution, we may need a more refined search (small 7)

To find the constants (e.g., the first learning rate), use Hyperparameter search
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Exponential Decay

e Frequently used when training ResNets

60)
10!
50
L
&
i3 —_—
o =
oo <
£ £ 40
= o]
L
—
30
a - ResNet-18
=—=ResNet-34 34-layer
0 30 60 90 200 10 20 30 40 50
epoch iter. (led)
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Role of Batch size

e Recall our bound again
T

1 A Lno?
=) B VAP S — + —5 191
T; z1_TH ( t)H ~ TT] + 2B ( )
e Conceptually, even if 7 is constant, we can shrink the second term by increasing the batch size!
e Interpretation: Early phase of training, we may tolerate more noise (smaller B) in our gradient

estimation. But, as we approach the solution, we may need a more refined estimation (larger B)

20

—— Decaying learning rate
- Hybrid
- |ncreasing batch size

Training cross-entropy

20000 40000 60000 80000
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Warm-up

e Gradually increase 7 to a target and then switch to a decaying schedule

e Can be interpreted as an attempt to bridge the gap between SGD and minibatch SGD
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Warm-up (Cont’d) @

e Recall, we argued when 1 = min{}, /255 }, in terms of a fixed budget (oracle complexity)
LS, vl 5 2 b (192)
= Z1.T Wt ~ T =
T po c JC

B =1 leads to a better worst-case bound, i.e., B steps of SGD better than one step of B-SGD
e Warm up could help bridge this gap in the larger gradient regime (early phase of training)
e Assume a small n f (tuning constants properly) and recalling C = B x T, from our bound

A Lno?

t=1

we can see the resultant worst-case bound becomes O(\@) independent of batch size
e In small gradient regime (intermediate and final learning phases), gradient could be small w.r.t.
to the noise in gradient estimation, and likely SGD and B-SGD act similarly
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Cyclic Learning Rates

e Repeated reset the model with the hope of a better starting point each time

1 tmw
Nt = Nmin + E(nmax - nmin)[l + COS(?)]

also called cosine-annealing or periodic schedule

|

Learning Rate By Time

decreasing
'-----...._gm__plitude

Learning Rate
_—

increasing
cycle length

Time (batch index)
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Cyclic Schedule as Multi-Step Risk Minimizer @

e At any point in the landscape w;, there are two bad things could happen in the
Wit1
o We are at a flat landscape and are using a small n
o We are at a steep landscape and are using a large 7
First one means slow progress and it's bad, but second one could lead to divergence and that is
terrible

e With a constant 7, we hedge against the second, by minimizing the one-step risk

e Cyclic Schedule could minimize Multi-Step Risks:
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One-step Risk @

e Consider GD and Convex Quadratic losses
1
fw)=swTQw, L= Qrply w =0, w'=(g—nQw  (199)
e Consider the one-step risk

+ % _
] W DO (@) = max{1 — . Ly~ 1} (196)

R = =
)= = I e

e And the best 1-step 7 can be found by solving the following linear program (solution where the

two line intersect)
* . 2
Ny = argog;gl max{l —nu,Ln—1} = i (197)

can be calculated directly by analyzing GD (typical in classic convex optimization)
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Two-step Risk @

e Now consider a case where we are interested in 2-step risk minimization:

wh =(ly—n"Qw, w¥ =(lqg—n"Qw",

_wF —wr

5 = arg min R(n*, ") - _max_[Ni(la = (7" +0")Q + 00" Q%)

(198)

A more involved problem but can be solved using Chebyshev polynomials

«_ktL L—p «_ b+l L—p
/7]1 2 2\/57 /7]2 2 2\/5 ( 99)

e That is, cycle between two learning rates

e Analyze for general training problems still open question...

OPT4DL, A. Hashemi, Purdue ECE



Advanced Training Methods:
Adaptivity



Motivation and Setup @

o Recall we showed minibatch SGD satisfies

T
1 A Lno?

=S B VAW S = 200
T — 1:THv (Wt)H ~ TT] + 2B ( )

and we set the n = min{{, /225 } to get the best bound. But there are lots of unknowns...

e Here we focus on estimating variance on the fly
Ellge — Vi(w)|* < o (201)

from the stochastic gradients we have observed so far: gy, ..., g:. Note, these are NOT
independent random quantities.
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Towards Variance Estimation

e To gain an intuition, let us assume they were i.i.d. with zero means
1 t
0% > Var = E|g|* ~ ;2:“5;'7\\2 (202)
=1

such that to? ~ "¢ [|g-||%.

e Let us then use this expression in our learning rate formula and SGD:
C
t
Vi Nl + 2

for some constant C where we also added x > 0 for numerical stability.

Wit1 = Wi — 1t 8t, e = (203)

e This method is called adaptive SGD.

e Like Normalization methods, we are normalizing a key quantity
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Handling Stochasticity %

C

V2o g lP+r2

e Note that n; = is not deterministic anymore as it depends on the random
gradients.

e For implication, consider the part of proof from SGD:

L
f(wei1) < F(we) + (W1 — we, VE(we)) + §||Wt+1 — we|?

5 (204)
_ Ln; 2
= f(we) — ne(ge, VF(we)) + 7||gt||
where conditioned on w; (equivalently z;,...,z_1)
E,, [0 (gt VI (we)) [ we] # neEz, [(ge, V(wr)) |we] (205)

as 7); is depends on g;

OPT4DL, A. Hashemi, Purdue ECE



Handling Randomness of 7, @

o letnp=———C _ fort>1andn=C/k
e V Zi:; llg-|12++2 - "o /

e Note that our learning rate schedule is causal,meaning it does not depend on future stochastic

gradients.
e Furthermore, our schedule is non-increasing as we are accumulating non-negative terms ||g.|?

in its denominator.
e We can leverage these properties

L 2
F(wes1) < Fwe) + (Werr — we, VF(we)) + Slwers — well
LU? 2
= f(we) — ne(ge, VE(we)) + THgt” (206)

—f f L, e
= F(we) = 1 1{ee, V(W) +— el +
—_————
Term 1 Term 2
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Handling Randomness of 7, (cont’d)

L 2
f(wer1) = f(we) — ne—1(ge, VI (we)) Jrfgt llgell® + (me—1 — ne)(ge, VF(we)) (207)
—_— ——
Term 1 Term 2

e Term 1 has no issue with randomness anymore by causality
e Term 2 can be uniformly bounded by (1;_1 — 1:) G2 assuming uniformly bounded (stochastic)
gradients, e.g., by imposing G-Lipschitzness of sample loss ¢(w, z)

e Using our previous proof techniques, notably the telescoping term
S (i1 — 1t) G2 = G2(1o — 1) < G2np = G2Cr~L, we can establish the following result

Theorem
Assume f(w) = E[¢(w, z)] is L-smooth and ¢(w, z) is G-Lipschitz. Furthermore, assume we
have access to an SFO and that z, ...,z are statistically independent. Then, adaptive SGD

with learning rate 7, = W satisfies E||Vf(#)|? ~ O(k~1/VT).
=1 |I& o



Integrating Exponential Moving Average (EMA)

e Our method is basically a simple version of famous methods such as Adagrad, Adadelta,
RMSProp, and ADAM

e A key modification is using weighted averaging, putting emphasis on most recent observations

C C ~
N = — N = , 0<pB<1
t t Dt
Vi L] + 2 VI Bl |2 + w2
e In terms of moving averages, 7; = ﬁ where

1 1
S = (1—?)5t,1+;HgtH2 — Sy = BS:_1+(1-B)|lg:||* (exponential moving average (EMA))

e For large t, simple average diminishes the contribution of new observation, but with a fixed 3,
the contribution of new observation is not diminished with time.

o 1— % — [ Gives an idea that in practice 3 should be close to 1, e.g., 5 = 0.99
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EMA and Training Instability @

e One potential issue of EMA is losing the non-increasing property of 7;
Ne S Ne—1 = t X St Z (t — 1) X St—l (208)

e The condition t X S; > (t — 1) x S;_1 always happen for simple averaging, but if

2 1
llgell* < Se-1 (1 - m) (209)

it won't happen for EMA. Likely to occur when t is large or 3 is small

e As a result, learning rates start to go up and lead to training instability and divergence issues
(even for convex problems).

e Fix 1: Ensure 8 ~ 1 and do not overtrain

e Fix 2: Implement safeguarding: S; « max(S;, S¢—1 (tzl)) to ensure the non-increasing property
of 7, holds (An idea leading to AMSgrad)
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Per-coordinate learning rates and curvature adaptivity

e In deep learning, different parameters may exhibit gradients with widely varying magnitudes.

e The multi-dimensional loss function in deep learning could mean some directions exhibit steep
curvature while others are relatively flat.

e Per-coordinate learning rates: each parameter or group of parameters is updated with a
learning rate adapted to its own gradient statistics.

- C
Ve ()P + w2

wer1(7) = we(i) — ne(i)ge (1), ne(i (210)

e Similar motivation as normalization methods
e Can be analyzed by consider d one dimensional problems as

d
(e we —w™) = > g(i)[we(i) — w ()] (211)
i=1

(And similar behavior for other important terms)
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Advanced Training Methods:
Momentum



A Physical Perspective @

e Consider the movement of a ball going downhill

e The ball will eventually stop somewhere with locally low potential energy

e The trajectory is described by Newton's law of motion F = mw

e The ball experiences two forces: a force due to the potential energy —Vf(w) and a drag force
—pw. Thus

p=—al —Vf(w)

W:

mw = —pw — Vf(w), = { (212)

3

e Thus, conceptually, depending on the built up momentum p and the strength of the drag force,
the ball could reside at a point with the globally lowest potential.
VA
; ~oB

So
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Deriving GD @

e Let us consider the case where the ball is a massless particle. Assuming its speed is less than
speed of light,
W= —p *VFf(w) called gradient flow (213)

e Using Euler's discretization
Wep1 = we — p V(W) (214)
which is exactly our GD method
e Thus, GD shows the trajectory of massless or light ball

e Here, the momentum is zero and the ball may not be able to avoid getting stuck in a locally
low potential state
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Deriving the Heavy Ball Method @

e Let us now consider the heavy ball case. Using Euler’s discretization again (and after basic
manipulation and renaming the constants) we can show

W1 = wy — NV F(we) + B(we — w; 1) (215)
or equivalently
{Wt+1 = Wi — NPt (216)
p: = Bpe—1 + VI (we)

e This method is called the Heavy Ball Method with momentum parameter 0 < 3 < 1 and serves
as a key ingredient in DL optimization

e The correction term could aid reaching higher quality solutions compared to simple GD
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Nesterov's Accelerated Gradient Method @

. . . Y
e Assuming a time-varying drag force —£w the law becomes

P

i+ i+ VF(w) = 0 (217)

e |t turns our this ODE is intimately related to another method called Nesterov's Accelerated
Gradient (NAG)
Wil = W —
t+1 t — 1Pt (218)
pt = Bpe—1 + VI(ws — nBp:)
o Called accelerated since it achieves an accelerated (and optimal) convergence rate compared to
GD for smooth and strongly convex functions.

e NAG and other accelerated variants of GD can also be thought of as better discretization of
our original law of motion, e.g., applying two-point Euler's method.
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Momentum in DL @

e In the context of DL optimization, we typically use m; instead of p; and also use the following

variant

{Wt+1 = Wy — My (219)
my=pBmi_1+(1—-pP)g, mo=0

which we call SGD with momentum (SGDm)

e Essentially, the momentum performs an exponential moving average on all stochastic gradients
observed so far and uses that in the update

t—1
me=(1-8))_ B g« (220)
k=0
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Momentum as a new Gradient Estimator @

e Recall under the SFO assumption, g; is (conditionally) an unbiased estimator of Vf(w;) with
variance o2

e In SGDm, we use my = Bmy_1 + (1 — B)gt, mo = 0 instead of g; to update our parameter

e Note that from an estimation perspective, this leads to bias as

E, [m¢|z1:e—1] = E, [Bme—1 + (1 — B)gt|z1:¢-1]
= BB, [me—1|zie-1] + (1 — B)E,,[g¢| z1:¢-1] (221)
= ﬁEzt[mt—ﬂZl:t—l] + (1 - 5)Vf(Wt) 75 Vf(Wt)

e But, perhaps we are gaining some reduction in the variance o2 and as a result a reduction in
total estimation error
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Implicit Mini Batching @

e Recalling mg = 0 and expanding m; = Sm;_1 + (1 — 3)g: over time

t—1
—-B8)> B e« (222)
k=0

e To gain intuition, let us assume each g;_ is an independent unbiased estimator Vf(w;) with
variance E||g:_x — Vf(w;)||? < o2. Our first take away is that

E[m,] = VF(w;) - Zﬂk Vi(we)-(1—8)- (11: = Vf(w)-(1- 8% (223)

so we have a bias that is vanishing as we train our model and t — co. This observation
provides a way to “de-bias” the momentum by dividing with (1 — 3%)

my = fm;_1+ (1 - 5)gt» my = mt/(l - 5t)7 Wip1 = Wy — 1 (224)
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Implicit Mini Batching (Cont’d)

e Let us now consider the variance of de-biased momentum 1, under our simple setting

2

Bl — V) = || ) S kg, - ()
t )l = (15 2 8t—k Wit
~B) t—1 2
~ 59 Zﬂ [gt—k — VI(we)]
k=0

(225)

2 —1
g BF S 4B gy — V(o)
k=0

B N~ o 21—62“( —B) _ 216
)2;5 —BH2 1-p2 1+58(t)
=B(t)
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Implicit Mini Batching (Cont’d)

B(t) = 1(;/36 = s a decreasing function of t > 1 and approaches to 1 as t — oo

Thus, we have shown as we train the variance of de-biased momentum decreases

Let us now assume B(t) ~ 1 and we use a large momentum parameter like 5 = 0.9

,82 1—52 1—092 o2
1+8° T1+8° T1509° ~20

Bl — V(w2 ~ B(t) > (226)

effectively a mini-batch SGD with batch size 20.

Important Remark: Our intuitive analysis is not precise and even the de-biased momentum

suffers from some bias. We will develop a formal study soon.
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The ADAM optimizer @

ADAM, leverages theses four component into an effective method: momentum, de-basing,
adaptive 7, per coordinate 7 (and optionally weight-decay):

ez~ p, (Generating a mini batch)

o g = Vlwy, z)+Awy (compute the stochastic gradient)

o my=fime_1+ (1—B1)g: (compute the momentum)

o My =m:/(1—p}) (de-bias the momentum)

o S(i) = B2Si—1(i) + (1 — B2)|ge(i)]? (EMA for adaptive per coordinate variance estimation)

o 5.(i) = S:(i)/(1 - ) (de-bias the variance)

o 0e(i) = 7ie(i)/\/ K2 + 5:(i) (adaptive per coordinate learning rate)

o wip1(7) = [1 = Mne(N]we (i) — n: (D) (7) (parameter update)
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Momentum as Bias-Variance
Tradeoff



Momentum and Gradient Estimation @

e Recall under the SFO assumption, g; is (conditionally) an unbiased estimator of Vf(w;) with

variance o2

e In SGDm, we use my = Bmy_1 + (1 — B)g:, mo = 0 instead of g; to update our parameter

e Note that from an estimation perspective, this leads to bias as

]Ezf[mt‘zl:t—l] = Ezt [/Bmt—l + (1 - B)gt‘zlzt—l]
= BE,[m_1|z1:e-1] 4+ (1 — B)E [ge|z1:t-1] (227)
= BE, [m:_1|z1:e1] + (1 — B)VF(wy) # VF(wy)
e What is the impact on convergence? Let us assuming L-smoothness
2

Flween) < Flwe) = nlme, VE(we)) + e (229)

The usual analysis breaks since the E[(m;, Vf(w;))|z1.c—1] # ||V F(w:)]]?.
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Role of Estimation Error

o Let e; := my — Vf(w;) be our total estimation error for SGDm

e Recall for SGD e, := g; — Vf(w;) such that E[| e;||?|z1.t—1] < 02

Lemma 1
If n <1/4L, for SGDm we have

IV AN < = (Fe) = BalF(wesn) e -11) + 3B e Pz (229)

e Recall, we had a result for SGD the second term was effectively 7]02

e Thus, if we hope for convergence, E[||e;||?|z1.c—1] must be small, e.g. O(n). That is, despite
the small bias, variance reduces by a lot, hence estimation error and in turn convergence error

reduces.



Evolution of the Error @‘

o Let us rewrite Let e;11 := mp1 — VF(wepr)

err1 = Bme + (1 — B)ge+1 — VF(Wey1)

(230)
= Ber + (1 — B)(ger1 — VF(Wey1)) + B(VF(we) — VF(Wey1))

e When 8 < 1 the first term vanishes exponentially. The second term is also small and assuming
a slow evolution of model parameters Vf(w:) =~ Vf(w:11) and the third term is also small.

Lemma 2

Under the SFO assumption, SGDm's error satisfies the following recursion
Ellecs1l? < BElled]? + AQL — DEIVA(wo)|? + AQ — B)%0? (231)

for some positive constants A, A > 0 when 1 = C(1 — §)/L.



Convergence Result @

Theorem

Assume f(w) = E[¢(w, z)] is L-smooth. Furthermore, assume we have access to an SFO and
that z,. .., zr are statistically independent. Then, SGDm with learning rate n = C(1 — 8)/L
and momentum parameter 1 — 3 = O(1/+/T) satisfies E||Vf(W)||2 ~ O(1/VT).

e The theorem highlights that the momentum parameter should be very large, e.g., 5 = 0.99,
consistent with practice.

e Similar results hold under normalization

mg

my = Bme_1 + (1 — B)gr, Wiyl = W — 77‘ (232)

|me[| + &

e Thus, despite a biased estimation, convergence occurs as the estimation error vanishes, thanks
to variance reduction, as the algorithm converges (a virtuous cycle). Other/better ways to
reduce variance?



Proof Sketch @

e The proof relies on the idea of defining a potential function and tracking its evolution

e We actually had potential functions before which we worked with implicitly:
®; = ||ws — w*|* for cvx and Lip. function, o, = E[f(w;)] — * for smooth function

(233)
and we studied ®,41 — &, = E[f(we11) — f(wy)] using L-smoothness

e Generalizable Template: Augment with above sources of errors, in this case, the estimation error
& = E[f(we)] — £+ (234)

e Study the evolution of potential by summing over its consecutive differences:
T
D Oy =P =Pryy — Oy > — f(w) — CE[e|? (235)
t=1
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Proof Sketch (Cont’d) @

By the definition of potential

gcbm — 0, = <ZIE[f Wey1) — (W ) <c Z]EHetH > (236)

e First term dealt with by Lemma 1 (Smoothness) and Second term dealt with by Lemma 2
(evolution of estimation error)

The nice property of error
E|lec1]* < BE|lec]|? + other terms, 0<p<1 (237)

ensures we can find a good constant C, to ensure convergence.

This idea can be utilized in a variety of learning settings (we will discuss a few more cases).
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Advance Training Algorithms:
Variance Reduction



Variance Reduction @

Recall m; is a new estimator of Vf(w;) with some bias and lower variance than g;.
e How can we get better variance reduction? One idea is Control variates from Statistics
Let G be an unbiased estimator of F. Consider X and Y s.t. E[Y] = E[X].

Consider the new estimator

Z=G+p(X-Y) (238)
e Let us calculate the mean and variance of Z

E[Z] = E[G + B(X = V)] = E[G] + BE[x] — SE[Y] = F

2 2 2 2 (239)
EllZ = FII* =E[G — FII* + B7E|[ X — Y[|* + 26E[(G — F, X — Y)]
e That is, if X — Y is negatively correlated with G such that
2E[(G — F,X — Y)] < BE|X — Y|, (240)

we may get a reduction in variance and retain unbiasedness.
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Control variates in Optimization @

e Consider the following update vector and iterates wyy 1 = wy — nu;
Z=G+pB(X-Y), ur = Vel(we, ze) + 1 (VF(v) — Vv, z)) (241)

for some reference point v
Since E[V{(v, z;)] = Vf(v), and E[l(w, z:)] = VF(w;), u; is unbiased.

Let us assume both f and ¢ are L-smooth. Using basic techniques we can show

Eflue — VF(we)|? < Lllwe — v]f? (242)

Obviously, v = w; leads to the least variance, but too costly.

Main idea: Only update the reference once in a while to trade some variance for computational
efficiency
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SVRG Algorithm

Consider the ERM objective f(w) = & Z,N:l Uw,z)

e Initialize wy and v; = wy, set e = 1 (the epoch counter)
e Compute V£ (v)
efort=1,...T

o sample a batch z; ~ p,

o form the update vector u;y = VE&(wy, z¢) + VF(ve) — VE(ve, z¢)

o parameter update Wil = W — MUt

o if t =0 mod N (finishing one epoch, i.e., going over all training data)

[0 e + e+ 1 increase epoch counter
O ve = wt update the reference
O update the reference gradient V£ (ve)

Thus, if T = EN, the total gradient computation is 3EN = 3T (i.e., 3 times SGD's)
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SVRG vs. SGD vs GD @

e Recall, the oracle complexity of GD to find a stationary solution was O(N/¢)
e Recall, the oracle complexity of SGD to find a stationary solution was O(1/€?)
e It turns out the oracle complexity of SVRG to find a stationary solution is O(N + Nze/a)
e SVRG is better than GD if
N2/3 L N1/3
N+ <N/e = ¢e°> N1 1  always the case (243)
e SGD is better than SGD if
1/ <NJ/e = e 2<N almost always the case in DL (244)
e SVRG is better than SGD if
2/3
N+ <1/e® = ¢ >N almost never the case in DL! (245)

c =
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Other shortcomings of SVRG-based methods

e For simple ML problems, not an issue, but for DL when using batch normalization, dropout,
and data augmentation, this leads to ineffectiveness of variance reduction.

e The issue can be attributed to the finite-sum assumption f(w) = 237 ¢(w, 2).

e SVRG assumes whenever a z is sampled, the loss ¢(w, z) is returned. Not true in DL!

e let p denote the randomness due to normalization, dropout, and data augmentation. In fact,
Uw,z) = E,[l(w, z, p)]. Consequently, the sum is infinite.

g g0 ) e i 2 ol eggegelebogssge
8 20 g "g'e g =2 e8¢
5 g1 .=""H.“"!' 5271,:'...000'.-'.0
E Plececcegeee’® g P
S 22 g0 S o2 |
a 3 a o8|
1] Q
B g | P40 g |
§ 25 L § 275 |
g 276 8 2 |
L i
> r > r
28 & e
=
E 99 ®(n 5
2-10 I I | 1 2-10 I L i e
0 50 100 150 200 0 50 100 150 200
Epoch Epoch
(C) Small ResNet (d) ResNet-110

Figure 2: The SVRG to SGD gradient variance ratio during a run of SVRG. The shaded region
indicates a variance increase, where the SVRG variance is worse than the SGD baseline. Dotted
lines indicate when the step size was reduced.
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Role of Data Augmentation

e In practice, to improve generalization and robustness, we not only use a sample z (say an
image), but also its transformations (e.g., cropping, rotation, flipping), in training.

e In many DL packages, a transformation is chosen randomly any time we process a given z.
e Consider image Z and assume we will use it in iteration t

e Recall u; = + Vif(ve) — . Also recall Vf(v.) is calculated outside an epoch
while V{(ve, Z) is calculated inside the epoch.

e Z appears with transformation and T3 in the blue term, Implying we may
incur an estimation error due to bias and increased variance.
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Role of Data Augmentation (Con

e A solution: Transformation Locking, meaning store the transformation used outside epoch and
reused it inside epoch
e Nonetheless, as model updates, variance goes up, meaning, v, not a good reference anymore.

0.7
0.6 — - ‘7////” No locking/ —
g 0.5 */ N (Transform locking\/w’/ 1
g SO '
S 04l /SN -
el //
503l / -
§ ; -
o2 /S _
/
/
0.1 7 .
0.0 [ ! | | |
0% 20% 40% 60% 80% 100%

Progress within epoch

Figure 1: Variance within epoch two during LeNet
training on CIFAR10.
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Role of Dropout and Batch Normalization

Dropout issue is similar to data augmentation as outride and inside epoch, different sparsity
patterns are used. So, we can implement a similar locking solution.

Issue with BN is complicated and two folds

First, V4(w;, Z) will now depends on other samples too, not just Z

V((wtj; Bl) 7é Vé(Wt, 2; Bg), Bl 7é BQ (246)

Implication: increased bias and variance in SVRG estimator due to the epoch-based structure
Secondly, recall during inference, we use the statistics of the entire data to calculate the mean
and variance of each layer's activation from mini-batch statistics found during training:

up « Bup, + (1 — B)up, 02D — ﬁo’ét +(1- 6)0’% (247)

Default implementation won't compatible with SVRG as we compute the (ug,,03,) of a
specific batch at both w; and ve.
Solution: make sure statistics at v, not used (batch reset)
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Fixing SVRG @

e In summary, we have issues due to the epoch-based structure and the finite-sum assumption
and their incompatibility with DL operations.

e Ideally, we want to update the reference on the fly in each iteration. But doing so may be
costly (e.g., requiring full gradient)

e Solution: Approximate control variates! Recall we said consider X and Y s.t. E[Y] = E[X] and
the estimator

Z=G+B(X-Y) (248)

e Let us relax the condition such that now E[Y] & E[X]. Implication: some bias which we may
control by finding a good 3. Seems like Bias-variance tradeoff then! Connection to momentum?
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SGDm as Approximate control variates @

o Let us recall our SGDm update vector: my = Bmy_1 + (1 — B)VE(wy, z¢), mg =0

e Let us do a rearrangement
my = vg(Wt,Zt) + B(mt_]_ — Vﬂ(Wt,Zt))v Z=G + 6(X - Y) (249)

e Intuitively, m;_; is a good approximation of V{(w;_1) while V{(w;, z;) is a good
approximation of V£ (w;)

e under slow evolution assumption w;_1 &~ w; so
my_1 ~ VFf(we_1) = VF(w) = VO(wy, z;) (250)

Hence SGDm as like Approximate control variates

e This discussion helps us to develop a better method by using something better to reduce the
approximation bias
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De-Biasing SGDm @

Previously, we talked about a de-biasing step: my = Smy_1 + (1 — 5)VE(wy, z;),
iy = m /(1 — B*)

Consider our previous discussion: m;_j is a good approximation of V£ (w;_1) while V{(w, z;)

is a good approximation of V£ (w;)
e What if we change V/{(w;, z;) to something that is a good approximation of V(w;_1) instead?
e A candidate: V/( ,z¢) leading to the method

Wiyl = W — My, my = VU(we, ) + B(me—1 — V( ,2t)) (251)
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De-Biasing SGDm vs SVRG

e Our new estimator my = V&(wy, z:) + B(m;—1 — V4( ,Zt))
e Compared with SVRG's u; = VU(w, z:) + 1 - (VF(v) — V(v z;))
o Our reference point is now w;_1 which is much closer to w; than v
o We approximately calculate the full gradient at reference by using m;_1,

o

all calculations inside epoch as opposed to SVRG

[e]

using two gradient calculations in each iteration, like SVRG

o

Using 8 < 1 to tame the approximation bias as opposed to 3 =1 in SVRG
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Convergence Analysis @

Theorem

Assume f(w) = E[¢(w, z)] and ¢(w, z) are both L-smooth. Furthermore, assume we have
access to an SFO and that z, ..., z7 are statistically independent. Then, the de-biased
SGDm with learning rate n = (’)(
E[|VF(#)|? = O(+5)-

T}“) and momentum parameter 1 — 8 = O( T2/3) satisfies

Recall for SGD: n = O(+17), E|VF(W)|? ~ O(+37)
Recall for SGDm: n = O(m) - 8=0( T1/2) E||Vf(W)]]? ~ O(Tl/z)
e Thus, we get a provably better rate compared to both SGD and SGDm

We are then using larger learning rates and momentum parameters, thanks to the reduced
approximation bias.

Recently shown optimal under the stated assumptions



Proof Sketch @

e Like SGDm proof, we consider and analyze the evolution of the approximation error
er = my — VI (w;) and obtain

E|le]|®> < BE|e;—1]*> + other terms (252)
e We then define a potential function (again like SGDm proof)
& = E[f(we)] - " + (253)

e Study the evolution of potential by summing over its consecutive differences

e When 8 < 1 we can find a good constant C, to ensure convergence.
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Distributed Deep Learning



Learning from Distributed Data

e So far, we discussed training
tasks such as minimizing f(w) = 23" {(w, z)
(or abstractly, f(w) = E,.p[¢(w, 2)])

assuming data is all in one place

e In many settings, data is generated and

is held locally by many devices or agents. Essentially,

K
min f(w) = - Y fiw),  fi(w)=Eept(w, 2)] (254)

e We call f and f; the global and local loss respectively.
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Centralized Learning

e All agents send their data to a central entity called Server

e Remark: We
use Server, aggregator, and fusion center interchangeably

e Remark: We use agent, client,
worker, participant, device, and node interchangeably

Training Model
Infrastructure

e Features
o Data integrity no preserved i :
o Communication i
issues if data size larger than agents' capability

o Potential bottleneck at server if many agents

[¢]

Fast and accurate training
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Parallel Learning

e Instead of sharing
raw data, agents share model-based representation
of local data through (repeatedly) communicating
Vf;(we) or similar quantities with server
e For t =1,..., T Communication/training rounds
o server sends the current global model w; to the agents
o each agent computes and
sends V(W) or wl,; = wy — V(W) to the server
o Server aggregates
the recieved messages and update the global model

K
1
Wey1 = We — g Z Vii(we),
=1

OPT4DL, A. Hashemi, Purdue ECE

K
_ 1 i
Wiyl = K E W{+1 (255)



Parallel Learning (Cont’d)

e Features
o Improved level of preserving data integrity
o Taking advantage of local computation
o communication issues if model size larger than agents’ capability

[e]

Potential bottleneck at server if many agents
o Delay due to stragglers in synchronous systems

e We think of the averaging operator
K LA
Wep1 = Wy — Z fi(we), Wep1 = 22 Z Wil (256)
=1 j=1

as an aggregation mechanism. Essentially maximizing Utilitarian Welfare.

e Can define other mechanisms based on other notions, e.g., egalitarian welfare (minimizing the
worst loss).
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Federated Learning @

e Can be thought of as approximate Parallel Learning to reduce communication and computation

by trading off accuracy and precision
e Periodic Communication: Instead of communicating local gradients or local model updates

after 1 local step, do so after E > 1 local steps
Wt{,TJrl = Wl{,‘r - T]VIi'(W,{ﬂ.), T=1,...,E, W;,l = Wi, Wt{,E+1 = Wé+1 (257)
e Can be thought of as approximate solving minimizing the local loss when initializing at w;:

WLEH = w,,; ~ argmin fj(w) = E,.p,[((w, 2)] (258)

e Partial Participation: Each communication round, only a subset S; of r < N agents participate

_ 1 -
Wepr = > owia (259)

JES:
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Hardware Heterogeneity

e Agents may have @
different communication and computation capabilities Na
. . 7
e Computation: agent / could ' oS @{ / e
be able to do more local steps than agent j, E; > E; (/i -

e Communication 1: agent i could
be able to participate more frequently than agent j

e Communication 2: agent i could be able to send
higher precision messages (more bits) than agent j

e Could lead to fairness issues
as the typical method could favor more capable clients
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Statistical Heterogeneity @

e Each agent holds different loss as a result of different data, D; # D;

e Integration of partial participation and periodic communication leads to convergence issues.

e Let us rewrite our simple aggregation

_ 1 ; 1 _ i
Wip1 = P Wé_,_l = ;ZWt_TIZVﬂ(WéJ)
JES: . JES: T=1 (260)
_ 1 ; _ 1 ;
= t_nfzzvﬂ'(‘/‘/g,f):wt—n;zgﬁf
jES =1 JES:

Resembling mini-batch SGD.
e One way to deal with these issues then is to use aggregations mimicking momentum to reduce

the variance stemming from statistical heterogeneity.
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Decentralized Learning

e No server, only peer-to-peer (p2p) communications, effectively each agent serving as its own
local aggregator

Mathematically, communication governed by a graph

Lower graph degree implies lower communication bottleneck and lower delay

e Lower connectivity implies slower propagation of information and hence a slower convergence

Synchronous communication could still cause delay issues

- P R
@gsifed

Ring Grid Exponential Fully-connected

OPT4DL, A. Hashemi, Purdue ECE



Decentralized Learning (Cont'd) @

o Let N; be the set of neighbors of agent i and note / € N;

e Each agent computes and sends the aggregation of the messages recieved from its neighbors:
Wiy = (W| Z wh) = nVh(wl),  wi = |N| Z (wi—avhi(ud))  (61)

e Remark: A fully connected graph with no server node is equivalent to a star graph with a server
node. Thus, parallel learning is an example of Decentralized Learning

e Remark: Federated Learning is also an example of Decentralized Learning with a sequence of
(disconnected) time-varying graphs
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Decentralized SGD



e Assume we have K agents each with a different loss function

e Agents iterative communicate over a graph to find

K
1
w* = argmin f(w Z fi(w) = E,up, [((w, 2)]
J:l
(262)
e At convergence, each agent's
solution should be w*, i.e., they should reach a consensus.



Communication Graph

e We can only hope to find a solution if the agents can communicate
e We assume a connected graph, that means there is at least one path between any two agents

e Intuitively, higher connectivity means faster convergence due to messages reaching the
destination faster

Ring Grid Exponential Fully-connected
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Communication graph (Cont’d) @

e Formally, G(N, &) where N' = {1,..., K} is the set of agents and £ is the set of edges
{i,j} € £ if there is an edge from agent i to agent j, meaning, i can send a message to j

e Note, the communication could in general be asymmetric meaning {i,j} € € but {i,j} ¢ €.
Meaning, the graph could be a directed graph

e We will however, assume the graph is undirected for simplicity.
Let NV; be the set of neighbors of agent i and note i € N;

e More generally, we assume the communication is weighted and there is a weight matrix W that

governs the communication among agents such that W € RK*K 0 < W

Undirected graph Directed graph
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Communication graph (Cont’d) @

e Since each node can send a message to itself W;; > 0
e Since the graph is undirected Wj; = Wj;, meaning W is a symmetric matrix W = W'
e Since {i,j} € £ if there is an edge between agent i and agent j
{ijh it €€ = Wi = Wi #0 (263)

e For each agent j, let us also normalize the weights for incoming messages sum to 1

Z Wyj=1 = 1TW=1", called Column stochastic (264)

e And since graph is undirected and W is symmetric

Z Wj=1 = Wl=1, called Row stochastic (265)
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Doubly Stochastic Weight Matrix

e A matrix that
is both row and column stochastic is called doubly stochastic

e Example: given any connected graph set

1 ..
Wi = max{degree(i), degree(j)}’ i

and VV,',': 1_Zj€/\f; VV,'J'

e Remark: since an agent can communicate
with itself and the graph is connected, degree(i) > 2
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Average Consensus @

e Recall our goal is

K
w* = argmin f(w ! Z f(w) = E,up, [l(w, 2)] (266)

121

At convergence, each agent's solution should be w*, i.e., they should reach a consensus.
Let us first consider the case where f;(w) = 0.5|w — x;||2, x; € RY. It tuns out f's and hence f

are strongly convex.

We can then easily calculate

K
Z Finding the average (267)

Xl= \

This problem is called average consensus. Remember, we want to solve this over a graph

o A fully connected graph means by one exchange of local vectors x;, each agent can compute
the average (convergence in one iteration). How about general graphs?
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Average Consensus Method @

e Let us define a matrix X = 317 = [x,...,X] € R9*K
e Then, it is not hard to see that
_ 1 1 _
x?nT:xlT-RllT:mT:X (268)
e But, for a fully connected graph, W = £117 (all entries are 1/K using a uniform weighting).
That is,

X =XW, a fixed point condition (269)

Turns out this is true for all connected graphs with any doubly stochastic W.
e How do we find fixed points? Fixed point iteration (recall the connection to GD)
Our method is then: Initialize local solutions xj and run the following local step for t iterations

[ ]
X1 = Z Wiixi, = X1 = XtW  in matrix form (270)
JEN;
where Xt =[x}, ..., x[] € RIXK,
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Convergence of Average Consensus Method

Theorem

Assume the graph is connected and W is doubly stochastic. Define the consensus error as

K
1 - 1 -
e = X = X2 = 2 st — 7 (271)

Jj=1

Then, using the Banach Fixed point theorem, it holds that ;1 < |A2(W)|?e;, where
[A2(W)] is the second largest eigenvalue of W (in magnitude)

Assuming W is doubly stochastic and recalling W1 =1 means A = 1 is an eigenvalue and in
fact the maximum eigen value of W.

The quantity 0 < p:=1— [Ay(W)| < 1is called the spectral gap of W

e Large p means better connectivity and faster convergence (p = 1 for a fully connected graph)

small p means worse connectivity and slower convergence (p = 0 for a disconnected graph)



From consensus to Training: decentralized SGD

e Recall our problem is
1K
w* = argmin f(w) = Z fi(w), fi(w) = Ezup,[(w, 2)] (272)

and for consensus

X = Z Xt = X1 = X*W  in matrix form (273)
JEN;

e That is, everyone shares their model updates and perform local aggregation. For general
training problems, we can follow a similar pattern:

X = Z W (x; - ng,_f), = Xt = (Xt - nGt) W in matrix form  (274)
JEN;

where Gt = [g},...,gK] € RI*K,
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Convergence Analysis @.‘

Theorem

Assume the graph is connected and W is doubly stochastic with spectral gap p. Define the

consensus error as 1 L
_ t w2 _ j = 12
*RHX - X ||F*R;||>¢—Xt|| (275)
where x; = % JKZIX{ and Xt = [%,,...,%] € R?*K_ Assume f is L-smooth. Furthermore
assume we have access to an SFO and that z, ..., z7 are statistically independent. Then, If
= O(p/VT),
L S vaml? + iE[e] ~poly(4)) (276)
T = = t] — ﬁp y ,0 .

e The average iterates X; (an unknown quantity to the agents) is a first-order solution
e The consensus error vanishes so everyone is reaching X; (consensus)



Proof Sketch @

e Instead of studying the performance of K local models, we consider how the average model

performs. At the same time, we study the evolution
of the important source of error, the consensus error.

e For consensus error, using our assumptions we can establish
Elery1] < (1 — p)E[e] + other terms (277)

immediate reminding us of the potential-based analysis

e We then define a potential function
o, =E[f(x)] — " + CEle] (278)

e Study the evolution of potential by summing over its consecutive differences

e When p < 1 we can find a good constant C, to ensure convergence.
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Compression Mechanisms



Distributed Learning

e Agents share model-based @Q’h
representation of local data through (repeatedly) en ~
communicating g/ with server (or each other) @{ c 7

e For t =1,..., T Communication/training rounds [ Glent

4
o server sends the current global model w; to the agents = AN @
o )

o each agent computes and sends g/ to the server
o Server aggregates
the recieved messages and update the global model

K

_ _ 1 i

Wii1 = Wy — 77? E gl (279)
=1

e Recall g/ € R and we need O(32d) bits for each
message.

e How to do this if agents have low communication
resources?
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Compression as a Solution @

e We will send C(gl) where C(+) is a compression mechanism

e Quantization: reduce the precision (bits) of each coordinate from 32 to ¢ = 1,2,4,8,16 bits,
saving O(32/q) in communication resources

e Example: x = [1.7,—2.6, —3.5] and g = 1 (sending the signs): C(x) = [1,—1, —1]

e Sparsification: Only communicate k out of the d coordinates (and their indices), saving
O(d/k) in communication resources

e Example: x = [1.7,—2.6, —3.5] and k = 1 (selecting the largest entry): C(x) = [0, 0, —3.5]

e Low-rank Factorization: When the gradients are matrices or tensors, find their low rank
approximation and communicate that:

VT
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Good Compression Mechanisms and Examples @

. C(gﬁ) can be thought of as the estimator of gﬁ Thus, a compression is a good one if it has a
low estimation error (low bias and variance)

E[C(x) — x||* = EllC(x) — E[C(x)]||* + |[E[C(x)] — x| (280)

Variance Bias

where E is w.r.t. the random of C

e Random Sparsification: Uniformly at random select k out of d coordinates.

o It turns out E[C(x)] = £x so we have some bias

o It turns out E[|C(x) — x||* < (1 — £)|Ix|]?

o Can be made unbiased by using C(x) = ¢C(x)

o But, doing so results in variance blowup: E[|C(x) — x> < (2)?[x]|?

o Takeaway 1: The biased version seems to be better in terms of estimation error

o Takeaway 2: For both versions, the error vanishes as x — 0, happens when x is (an estimator of)
the gradient.
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Good Compression Mechanisms and Examples (Cont'd) @

e Top-k Sparsification: select k largest out of d coordinates

o A deterministic operator and thus will have a bias
o should be no worse that random sparsification so ||C(x) — x> < (1 — £)||x||?
o the error vanishes as x — 0, happens when x is (an estimator of) the gradient.

¢ Random Dropout: set C(x) = x with probability p (full communication) and set C(x) = 0 with
probability 1 — p (no communication)

o It turns out E[C(x)] = px so we have some bias

o It turns out E||C(x) — x> < (1 — p)|Ix||?

o Can be made unbiased by using C(x) = %C(X)

o But, doing so results in variance blowup: E||C(x) — x||* < (%)ZHXH2

o Takeaway 1: The biased version seems to be better in terms of estimation error

o Takeaway 2: For both versions, the error vanishes as x — 0, happens when x is (an estimator of)
the gradient.

o Takeaway 3: on average, random dropout and random sparsification are identical with p = k/d
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Random Quantization @

e Normalize x by forming u = H%\I © sign(x)

e Each coordinate of u is in [0, 1] and we can quantize each separately and randomly into g levels

to obtain i
0.25 06 0.75
0e ® ->— e e 1
—

P{Q=05]=06 Pr{Q=075]=04

e Send C(x)||x|]| © sign(x) ® i
o It can be shown it is unbiased E[C(x)] = x
o The variance satisfies E||C(x) — x| < min{ %, 2 }||x|[?
g-bit random quantization saving us O(32/q) bits in communication
the error vanishes as x — 0, happens when x is (an estimator of) the gradient.

[e]

o

o We can rescaled it to reduce the variance at the cost of some bias.
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Compression and Convergence @

e Consider a compression mechanism such that

E[C(x)] = Ax,  E|C(x) —x|* < B||x|?, 0<A<1, B>0 (281)

e For instance, A= p and B =1 — p for random dropout. Or A=1 and B = i—i for unbiased
random sparsification.

e Consider the following key step for SGD with compression, i.e. w11 = wy — nC(g¢)
L
f(wer1) < F(we) + (Wepr — we, VE(we)) + §||Wt+1 - Wt||2
Lo (282)
= F(we) = 1(C(&0). VF(we)) + —-IIC(g:)]”

e Taking expectation w.r.t. to C and then the randomness of current batch z; conditioning on
previous batches

E[F(wesn)] < F(we) — nA| VF(we) | + ElC(g0) P (283)
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Compression and Convergence (Cont’d) @

e Note that

E|C(g)l* = EC(g:) £ &el® = EC(gt) — &el® + Ellgel* + E[(C(gr) — ge.8:)]  (284)

First term on RHS is bounded by E||C(g:) — g:]*> < BE| g/
Third term on RHS can be handled as follows

E[(C(gt) — &t 8¢)] = E[(C(g:) — & £ Age, 8¢)] = E[((1 — A)ge, 8¢)] = (1 — A)E||ge||* (285)

assuming C is independent of z; and using E[C(g:)] = Ag:.

Also recall using the SFO assumption E||g:||*> < 02 + ||V (w:)]|?
All in yields

Elf(wern)] < Fwe) —n(A— 2B +2 - A))[VFw)I? + (B +2 - Ao (286)
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Compression and Convergence (Cont’d) @

e The rest is similar to SGD's analysis and we can obtain

T
1 f(wi) — f* Lno?P
=) E. VE(w)|? < ,  P=(B+2-A) (287)
T; T Tn(A*%P> 2A — LnP
e We now require a smaller learning rate for the result n < % (vs. n < 2/L)
e There is effectively a new variance: 52 = 02(B + 2 — A) > ¢2. For instance:
o for random dropout where A= pand B=1—p, 5> = (3 — 2p)o?
o For unbiased random sparsification where A=1 and B = Z—:, =01+ Z—:)
e The result reduces to SGD with no compression when A=1 and B = 0.
e We can show E||Vf(W)||?> ~ O(A~'/v/T) when A < 1 and B < 1 (biased operators) while
E||Vf(#)|]? ~ O(B/VT) when A=1 and B > 1 (unbiased operators).
e Still converges, but now the dominant term is much worse as A~! and B are very large (e.g.
O(¢) and (’)(Z—i)) Also, generally bias seems helpful
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Error Feedback @

e Let us focus on a biased compression operator such that E||C(x) — x||? < (1 — §)E||x||2. This is
called a contraction compression.

o § — 1 low compression (or a good operator)
o & — 0 high compression (or a bad operator)

e One way to interpret compression is that we are throwing out part of the information. How
about we save it in memory, augment it with the next message, and the communicate that?

e In some sense, instead of throwing information out, we are communicating them with delay.
e And if we communicate long enough, everything more or less will be sent.

e Mathematically,
communicate  C(x; + e;) instead of C(x:), err1 = (xt +e)—C(xt+e) (288)

e e;1 is the compression error, x; + e; is the uncompressed message, and C(x; + e;) is what we
send out.

OPT4DL, A. Hashemi, Purdue ECE



The EF-SGD Algorithm

e |nitialize w; and g =0
e Fort=1,...,T do
Sample a batch z: ~ p,

[e]

o

Form the stochastic gradient g = V{(w, z¢)

o Compress and send m; = C(g: + &)

Update the error e;y1 = (g + e:) — C(g: + e:) and store it
Update the parameters wii1 = wy — nm;

o}

[e]

Theorem
Assume f is L-smooth and we have access to an SFO and that z, ..., z7 are statistically
independent. Then, If n = O(1/V/T), EF-SGD achieves E||Vf(W)|* < O(55 + %)

e better dependence on the compression parameter as it appears only in the higher order term
(as opposed to (’)( ) for SGD without EF).



Proof Sketch @

e Recall for decentralized SGD we considered how the average model (a virtual sequence

unknown to the agents) performs. Here we also consider an idealized sequence with no
compression error

e Define Wy = w; — ne;.
e Effectively removing the compression error from EF-SGD's iterates wy11 = wy — nC(g: + €)

e Intuitively, w; should resemble SGD’s update with no compression, i.e.
Wep1 = We — 18t (289)
e Indeed that is the case:
W1 = Wiep1 — nerpr = we — nC(ge + ) — neer1 = (we —ne) —nge = we —nge (290)

where we used EF-SGD’s update and e;11 = (gr + e:) — C(g: + e:)
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Proof Sketch (Cont’d) @

e We then use our potential-based analysis as before.

e We consider and analyze the evolution of the compression error ;11 = (gr + e:) — C(g: + e)
and obtain
Ee:|*> < x(6)E||e;—1||> + other terms (291)

for some 0 < k(6) < 1 depending only on the compression parameter

e We then define a potential function
= E[f(i)] — F* + CEllec]? (292)

e Study the evolution of potential by summing over its consecutive differences

e When x(d) < 1 we can find a good constant C, to ensure convergence.
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Privacy-Preserving DL



Data Integrity in Distributed DL

e Distributed
learning in general leads to performance improvement

e However, information sharing opens the door to
the possibility of sabotaging the security of personal data

e Ensuring data integrity (a
context, hence an example of contextually constrained DL)

Training Model
Infrastructure
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The need for Randomization

e Anonymization such as removing personally identifiers from data does not work due to linkage
attacks (matching anonymized and non-anonymized data)

e Example: Netflix prize

We need randomized safeguarding mechanisms

Idea is to learn something useful about a population while not memorizing/learning something

specific about an individual agent

Hospital visits Voter registration

NETFLIN g

Ethnicity Name

Visit date [DXOX:]

Diagnosis Gender Address Movie ratings Movie ratings

Procedure ZIP code 5 ® 0 e © e 0 0o
Ke)

Medication Phone number B '- ¢ 0 o 0o
8 0 o e o o o0 o e
=1 pL
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Randomized Response @

e Assume a survey is being conducted to determine the fraction of professors playing video games
e Assume professors playing video games is considered lame, which of course is not
e So, we want to learn something useful (the fraction) about a population (professors) while not

memorizing/learning something specific about an individual agent (whether “professor
Hashemi” plays a game)

e Let x; € {1,0} denote the truth about whether professor i plays games or not. And our goal is
to estimate X = %27:1 x; for a population of n professors (e.g., n = 120 in Purdue ECE).

e Assume professor i will reveal an answer y; € {1,0} indicating whether they play games or not.

e Case 1. y; = x;

o We can accurately estimate X by finding the average of y;'s
o No privacy

e Case 2: y; = x; with probability 1/2 and y; = 1 — x; with probability 1/2
o y;'s are useless and we cannot estimate X at all.

o perfect privacy
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Randomized Response (Cont’d) @

e How about interpolating these two cases?

e y; = x; with probability 1/2 4+ ¢ and y; = 1 with probability 1/2 — ¢ where 0 <& < 0.5

e So on average when € > 0, it is more likely to be truthful than lying. And in some sense
provides plausible deniability.

e Let us calculate the mean of y;

]E[y,'] = X,'(O.5 + 6) + (]. — X,')(O.5 — 6) = 2€X,‘ + (05 — 5) (293)

meaning y; is a biased estimator of x;. Meaning, average of y; may no be a good estimator of x.
e After receiving the answers, we can form an unbiased estimator
05—¢
ev/n

n yvi+e—0.5
}’iziz
€

) y = Ezyiv E[Y] =X, ]E|y_X| = O( ) (294)
i=1

e Learning something useful (X) with good accuracy about a population while not
memorizing/learning something specific (x;'s) about an individual
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Privacy, Sensitivity, and noise @

e Assume a professor retires and the department hires a new assistant professor instead.
e Under Case 1 (y; = x;), our survey is highly sensitive to this change whereas under case 2
(vi = x; with probability 1/2 and y; = 1 — x; with probability 1/2) our survey is completely
insensitive.
e Like before noise tends to reduce the sensitivity of our method and in this case improve privacy.
e this idea gives rise to Differential privacy, ensuring

P( survey ( department U retired ) € outcome set )

295
~ IP( survey ( department U new hire) € outcome set ) (29)
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Differential Privacy (DP) % ‘

Neighboring datasets
Two datasets D € D, and D’ € D, are said to be neighboring if they differ in exactly one
sample, and we denote this by |D — D'| = 1.

(e,6)-DP
Given a collection of datasets D., a randomized mechanism M : D. — ) is said to be
(g,6)-DP, if for any two neighboring datasets and all set of outcomes R

P(M(D) € R) < eB(M(D') e R)+4, 08>0

e When § =0, it is commonly known as pure DP. Otherwise, it is known as approximate DP.
e ¢ is for mathematical convenience. We could have used 1 + ¢ instead and note 1 4 ¢ ~ €

e Symmetric definition despite looking otherwise (note it holds for any two D and D’)



Differential Privacy (Cont’d) @

e Can only be satisfied by randomized mechanism M
e Smaller £ and § imply stronger privacy guarantees (they control the privacy-accuracy tradeoff)
e The ratio P(M(D) € R)
log ————"——=

P(M(D’) € R)

is called the privacy loss and DP implies that with probability at least 1 — §, the privacy loss is

(296)

at most ¢

e Typically, ¢ < 0.1 and § < 1/n for a problem with n data points to ensure the privacy loss of
each data point is small with high probability
Post Processing Theorem
If M is (¢,6)-DP, so is its composition with any function h, i.e. f(M(-)).

No matter what others do to the released outcome M(-), privacy is maintained if M(-) is a
(e,6)-DP.



Randomized Response as a DP Mechanism @

Going back to our example on professors and video games, let D = {xq,...,x,} and

By the Post Processing Theorem, we only need to show our process (i.e. y; = x; with
probability 1/2 4+ € and y; = 1 with probability 1/2 — & where 0 < & < 0.5) is DP.
Our mechanism is then M(D) = [M1(x1), ..., Mn(xn)] where y; = M;(x;)).

Let r € {0,1}" be a possible response profile and assume the responses are statistically
independent

P(M(D)=r) P P( n( X)) =r) _ P(Mi(x) =r ~

PM(D') =r)  P(Mi(xg) = ) [T, P(Mi(x) =r)  P(Mai(xq) =

for all € <0.3. Thus, RR is (5¢,0)-DP.

Beyond single bit outcomes?
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Beyond single bit outcomes

e RR can be thought of as adding the right amount of Bernoulli noise to x; € {1,0}
e To guarantee DP for broad cases, we can similarly add noise of different kinds to the output.

Laplace Mechanism

Let h: D. — R? be a function to RY. The Laplace mechanism is
M(D) = h(D) + [e1, . . ., eq] where each e; ~ Lap(0, b) is an independent variable distributed

according to the Laplace distribution

e~ Lap(p,b) = p(e) x exp(— e ; u ), Ele] =u, Var(e)=2b> (298)

Gaussian Mechanism

Let h: D. — R? be a function to RY. The Gaussian mechanism is
M(D) = h(D) + [e, - - ., e4] where each e; ~ N (0,0?) is an independent variable distributed
according to the Gaussian distribution

le = “'2), Ele] = u, Var(e)=o>  (299)

e~ N(po®) = ple) xexp(———



Sensitivity in Gaussian and Laplace Mechanisms @

e Consider Laplace mechanism and let us see how that leads to DP

o Note that in this case M(D) is a vector where each coordinate is distributed according to
Lap(hi(D), b).

e Thus, 5((/\]\//[1((5)))) is simply the ratio of two Laplace distributions with different means

e Simple algebra and the definition of 1 norm, i.e. ||x||1 = >, x; shows

p(M(D))

[h(D) — h(D')]x
p(M(D"))

: ) (300)

< exp(

implying b w to ensure (g,0)-DP.
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Sensitivity in Gaussian and Laplace Mechanisms (Cont'd)

e Thus, )
h(D) — h(D
o I1H(D) = D) o)
€
is adequate to ensure (e,0)-DP for the Laplace mechanism.
e A similar calculation shows WD) — KD’ )
g o 1D = D) 1 ao2)
to ensure Gaussian mechanism leads to (¢, §)-DP
® Thes h h(D' h(D) — h(D' 303
o D) =B ma  [HD) - A (309)

are notions of sensitivity: the more sensitive our learning procedure h, the more noise needed to
ensure privacy.

e Implications for DL optimization?
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DP in DL Optimization

e Consider our typical learning problem

w* = argmmf Zé w, z;) (304)

e Goal is to ensure an approximately optimal model W preserves the privacy of data
D=A{z,...,zn}.
e We can leverage DP in three different ways
o Output perturbation: adding noise to w*

o Objective perturbation: adding noise to f(w)
o Gradient Perturbation: leveraging the fact that we use gradient-based methods for DL

optimization and adding noise to gradients g:
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Output perturbation @

e We hope to simply output w = w* + e where e comes from Laplace or Gaussian dist.

e Unfortunately, The optimal solution w* can change significantly if a single data point z is
replaced, particularly when loss has a sharp or degenerate landscape.

e Implication: ||w*(D) — w*(D')|| could be unbounded and DP cannot be guaranteed
e Under G-Lipschitzness and convexity of f(W), the regularized problem

will be A-strongly convex and we can show

2G

(D) = w* (D)2 < 32

(306)

and we can use Gaussian Mechanism

e Two main drawbacks: need convexity and the ability to find the exact solution w*

OPT4DL, A. Hashemi, Purdue ECE



Objective Perturbation @

e Instead of injecting noise into w*, inject it into the regularized problem f\(w) and solve

- Allwl3

min Fe(w) 1= > tw,z) + T2 4 (w,e), e~ N(0,0%) (307)
i=1

e Similar to output perturbation, for guaranteed DP, wee need to compute the optimal w* exactly

e Let us consider the gradient descent update for such loss function

Vii(w) = ZV€ w, zi)+Aw+e = VI(w)+Aw+e, Wer1 = (1=nX)we—n(VF(w)+e)
i=1

(308)
That is, GD with weight decay where all gradients are perturbed with the same Gaussian noise
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Gradient Perturbation @

e Perturb sample gradients with noise in each iteration (DP-SGD)

Zy ~ Pz, 8t = VK(Wt, Zt)7 €t ~ N(O, 02/)-, Wip1 = W — n(gt + et)7 (309)

We can achieve DP guarantees if ||{(w;, z¢)|| is bounded. True if the sample loss is Lipschitz

In general, we have to resort to clipping

gt = Vi(wy, z), gt = gy min{1, + K} (310)

[EX] tH

or normalization
Cg:

g = Vil(we, z), &)= el -7

(311)

Both method lead to biased update vectors.

Can be extended to distributed learning paradigms when each g; is communicated by a
different agent.
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Memorization Phenomenon in

Deep Learning



Motivation

.| [—log-log distibuton
S ine it

e Differential Privacy: learn something useful

. . .. . ésoo
about a population while not memorizing/learning g,
[s}
something specific about an individual agent £ 100  —
R L o
e Noise-injection to Reduce Window Person .. Rope Spoon Tocker ... Coffin - Zighurat
sensitivity of our model to individual data points (a) The number of examples by object class in SUN dataset
. Bus Person
e A natural trade-off between accuracy and privacy o0 E
. . EBD
e Is it always possible to gw
. . . 3 ~
about a population while /learning 2.
something specific about an individual agent? §zo ||||
i
® ROle Of data dlStrlbUtIOn: Vlslblllty pattern 0 &0 VisiAt(;(i)IHy psaog‘emsoo oo

Long tailed vs Non-Long-Tail Distribution

e there are many small-frequency events (or
values) that occur with relatively low probability
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L Tail Data Distributions

e A long-tail distribution 5 400

is one where a large portion of the total

0
Objoct classes

probability mass is concentrated in the tail, which 2
2

0
means there are many small-frequency events (or Wikdow Person . Ripe Spdon Tacker w Coff . Zighuat
values) that occur with r6|3t|Ve|y low Pl’Obablhty, (a) The number of examples by object class in SUN dataset

but the tail of the distribution extends far out. Bus Person

=i

5 60

E R i * a0

‘T! #’a @
, i ,
0 10 20 3 50 6

m
3

e Mathematically, the density follows Zipf's law

)
3

IS
8

p(x) o< x~° (312)

20,

Num. of examples

800 1000

e In light-tail distribution such as Gaussian Viciility pattem Visibility pattern
p(x) o exp(—x?) the tail drops off much more
quickly: Beyond a certain point, the probability of

observing values far from the mean becomes extremely small.
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Implication for Learning

I_ I d . . I Mislabeled Data
e Long tall data points are atypical: Clean Data
they belong to subpopulations of size O(1/n) )
o If the g <cat> X
»
model hopes to learn these subpopulations and =
generalize, it needs to these samples 2
=
. . z
e Two questions arise:
first what do we mean by memorization exactly?
and secondly, are all atypical examples useful? b
o % 4 % 9
e Let us first e * #
% Category

answer the latter: No! atypical examples could
include both “hard” examples as well as noisy
(mislabeled, outliers, duplicated, etc.) examples
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Memorization @

e Memorization means model relies on specific training examples rather than learning general

patterns applicable to unseen data

Definition

Let A a randomized algorithm (Such as SGD) applied to a training set S to learn a model h¢
(e.g. a ResNet classifier) parameterized by w. Then, the memorization score for each data
point is defined as

mem(A, S, z) = Plhg () = yi] = P[hg\;(xi) = yi] (313)

e measures the sensitivity of the model’s predictions to the removal of individual data points
from the training set.

e If removing a single example significantly alters the model’s prediction for that example, the
model is said to have memorized that example. Conversely, if the model’'s performance remains
largely unchanged, it is considered more stable and less reliant on memorization.



Samples with Varied Memorization Scores

e Memorization Score for various data points from Class bobsled in ImageNet data set

e Low memorization score corresponds to typical and easy samples
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The Essential Role of Memorization @‘

Theorem

Let e(A, h*, p;) denote the expected generalization error of our model h* trained by A for a
long tailed distribution p;. Let epest(h", pj) denote the best achievable generalization error by
any algorithm. Let es(.A, 1) denote the number of examples that appear once (i.e. freq; = 1)
in the dataset S and are mislabeled by our model A* trained by A. Then,

e(A, h", p) > epest(h”, p1) + C X es(A, 1) (314)
And crucially
es(A,1) = Z P[AS\i(xi) # yi] — mem(A, S, z;) (315)
i€S; freqi=1

theorem implies to achieve the best performance, the model has to memorize atypical examples
since es(.A, 1) goes done as memorization goes up.



Removal Memorized Samples

e When removing samples with memorization score beyond a set threshold (e.g., 0.5) there is a
significant drop in model's performance compared to random removal.

e Figure also demonstrates the long-tailed nature of data: more than 50% of samples have a
memorization score below 0.1.

0.72 0.750
>
O >
€ 0.70 g 0725
5 S
v} S 0.700
(9} O .
© 0.68 remove memorized ©

—8— remove random 0.675
g c
£ 1.00 2 1.00
© ®
= 0.75 = 0.75
3 3
5 0.50 £ 0.
g 0.2 0.4 0.6 0.8 1.0 g 0-50 0.2 0.4 0.6 0.8 1.0
memorization value threshold memorization value threshold
(a) ImageNet (b) CIFAR-100
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Memorization and Differential Privacy

e Recall, memorization score quantifies the sensitivity of the model’s predictions to the removal
of individual data points from the training set.

e Given the central role of sensitivity in the definition of both memorization and differential
privacy, a natural question is about their relations

Theorem
Let A be a (g, 0)-differentially private algorithm. Then with probability at least 1 — §
mem(A,S,z) <1-— e, VieS (316)

e The theorem states that DP implies low memorization tendency (other direction?)
e As the privacy parameters go down, with increasing probability, e — 1 and the memorization
score goes down as well.

e This again highlights the privacy-accuracy tradeoff: In long tailed data distribution where
memorization is essential, strong DP guarantees could hurt performance.



Input Loss Curvature and Memorization @

e Recall, memorization score quantifies the sensitivity of the model’s predictions to the removal
of individual data points from the training set.

e The elegant definition of memorization is hard to compute and as mentioned it does not
distinguish between truly hard examples and the mislabeled ones (no need to generalize well on
a noisy sample).

e Therefore, there is a need for computationally efficient proxies that can also make this

important distinction

e Our main tool to train a model is through minimizing the training loss. Thus, one could think
of characterizing sensitivity by looking at loss £(h¢, z;) and its variation with respect to z;

o Formally: Curv, (2, S) = tr(H:) = te(V2 (Y. 2))) (317)
Theorem

Under certain assumptions we can show mem(A, S, z;) < ACurv,,(z,S) + B
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Input Loss Curvature and Memorization (Con

e curvature captures the local structure of the loss landscape:

Low Curvature Training Examples From ImageNet
- ' o T

More support

Loss
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Input Loss Curvature and Memorization (Cont'd)

. T L.
e In practice, accumulated curvature ), ; Curv,,(z;, S) over the training process leads to
higher correlation with memorization

e Curvature can be approximated efficiently using using Hutchinson's trace estimator and
zeroth-order gradient estimation

M
1
Curvy,(zi, §)? « W S IVLU(hE zi + &) — Vo L(hE, z)|?, &~ pe (318)
j=1

e Viewing curvature as second-order sensitivity, we can use first-order (input gradient
|V €(h%, z)||) and zeroth-order (input loss) and their cumulative versions for more efficient
memorization proxies, leading to broad family of differential input sensitivity (DIS) proxies

e One potential benefit of DIS is the ease to study memorization in unsupervised and generative
models (active area of research)
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Distinguishing Noisy and Hard Examples

e Both typical and atypical samples exhibit a low final loss. Noisy samples maintain a relatively

high final loss.
e The average loss for typical samples remains low, whereas it is high for both atypical and noisy

samples
e Could lead to the following criterion which is large for truly hard samples
GoodMem = CumulativeDIS — FinalDIS (319)
Easy (Typical) Sample Hard (True Atypical) Sample Hard (Duplicated and Mislabeled) Sample

10 100

10! 10!

102

103 10

104 104

1 10°% 10°°
200 0 25 50 75 100 125 150 175 200 25 50 75
Training Epoch Training Epoch

100125150 175 200

0 25 50 75 100 125 150 175
Training Epoch

[== FinalLoss == Average Loss
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Robustness



Motivation

e Our DL models will be used in diverse settings where the conditions of the training process are
not necessarily met

e For instance, they may need to withstand changes in the test data compared to training data
o Change due to bad actors

o change due to out-of-domain (OOD) Samples
e Thus, we want to induce robustness or resiliency into our training process

+.007 x

“panda” “sibbon”

57.7% confidence 99.3% confidence
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Robustness in Supervised Learning @

e Main idea: Reduce sensitivity with respect to changes or perturbations in the data

wellel<p n

1 n
min max — ZE(W,Z,- +e) (320)
i=1



Adversarial Training %

e During the training process, perturb the data according to projected gradient descent:

Zt = Proj (Zt + ﬁvz‘e(wh Zf)) (321)

Note: the gradient is w.r.t. the data not parameter w

the projection aims to ensure to perturbation is not too large and remains bounded

e Then, use the perturbed data Z; (as opposed to the original data z;) to update the model
gt = Vi(we, Z), Wil = Wi — 18t (322)
Effectively trying to estimate the worst perturbation/attach for each data point

— K2

Adversarial Image (horse)

Benign Image (dog) Gradient

| Target Model I
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Input Gradient Regularization @

e Instead of iteratively solving the max, can we find a closed-form expression for the worst-case
perturbation?

e Let us write the first-order Taylor approximation around z
Uw,z+e)~l(w,z)+ (Vlw,z),z+ e — z) (323)

which will be an affine function of e.
e It turns out the problem below has a closed form solution

V4w, z)
arg max {(w,z)+ (VAl(w,z),e) = p——=—"—"—"- 324
g max (w,2) + (VzU(w, z), €) PV 0w, 2)] (324)
Leading to the Input gradient regularized robust formulation
1
min 2w, 2) + plVt(w, )] (325)

e Note: Idea similar to sharpness-aware minimization, but there we regularized with gradient
w.r.t. w instead
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Less Pessimistic Solutions @

e Previous approaches based on estimating the worst-cased perturbation could be pessimistic

e A way around is to use random perturbations instead

L 1¢
min — ZEeNPe [U(w, z; + €)] (326)

i=1
resembling Gaussian Smoothing (convolution with the PDF of a nice distribution)
e Assume the noise is zero mean and E[ee '] = 2pl,. Let us write the second-order Taylor

approximation around z

1
Uw,z+e)~l(w,z)+ (Vh(w,z),e) + EeTVQ(W,z)e (327)
Noting e V2/(w, z)e = Trace(e' V2{(w, z)e) and after using the linearity of trace and
expectation leads to 1
min - Z Uw,z) + pTrace(V24(w, z)) (328)

i=1
i.e., an input curvature regularization method.
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Distributionally Robust Optimization (DRO)

e To induce robustness, the previous approaches
were based on perturbation of the input data.
Intuitively, they aimed to guess the data distribution
during inference. An alternative approach is to directly
robustify the changes in the input data distribution:

P(z=z)=1/n — Plz=2z)=p; (329)

where D(p||1/n) < p.

e Equivalently, if PD {p: D(p||1/n) < p} solve the
problem

min max E,,[¢(w, z)]
w peP
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Example: KL-based DRO @

e Assume D(pl||1/n) is the KL divergence:

D(p|[1/n) Z pi (330)
e After certain steps (crucially using the duality theory), our DRO problem will reduce to
1 n
L1
| (f o(w, 2 ) 331
min p~log { ;exp(p (w, z)) (331)

e Easy to check when p — 0, the objective reduces to £ 37 | #(w, z;) (non-robust) while when
p — oo it reduces to max; £(w, z;) (pessimistic robustness)

e Since log is a monotone function, the problem is equivalent to
1 n
in = 14 ; 332
mn 3 erplpt(.2) (332)
i.e., a new ERM with sample loss Z(W,z,-) = exp(pl(w, z;)).

OPT4DL, A. Hashemi, Purdue ECE



Gradient-Based Solution

e Consider the loss prior to removal of log

o log Z exp(pl(w, 2))) (333)

e The gradient can be calculated as

o) — P 2))
S exp(pl(w, 7))
(334)

L5 Lexp(pl(w, z))VE(w, z;) ZCV W)V, 2,
5 iy exp(pl(w, 7)) '

i.e., a weighted average of sample gradients where the weights depend on the parameter

e Thus, we can intuitively (but not literally) think of the loss as a weighted ERM where the
weights for each sample depend on the parameter w: P(z = z) = of (w)

e The weights are designed to promote samples with higher loss, thereby inducing robustness
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Constrained Learning



Motivation @

e We talked about numerous learning setups where

mvin E.[(w, z)] + Ah(w) (335)

where h(w) was some regularization term and A > 0 a regularization parameter
e How to determine A7 What if we want a certain condition satisfied in a very strong sense?

e These questions lead to a general Constrained Learning setup

mvin E,[¢(w, z)] st. h(w)<rT (336)

e The constraint h(w) can itself be a stochastic function

h(w) = Es[l(w, %)] (337)

e We can set 7 = 0 without loss of generality by redefining h(w) < h(w) — 7
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Motivation (Cont’d) @

e Multi-class Neyman-Pearson classification: the loss of a prioritized class is minimized while the
rest ones are below a certain threshold denoted by

min  fi(w)
W (338)
st. fiw)<7, i=2,...,K

where fi(w) = E,.[{(w, z)] is the loss function of each class, and here class 1 is set as the
prioritized one.
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Motivation (Cont’d) @

e Physics-Informed Neural Networks (PINNs): learning a DL model that approximates the
solution to a partial differential equation (PDE).

w

1y
min Egé(ynl\/’w(&)) (339)

INVIMW](x, 1)) = 0

s.t. E(X7t)NDphysic! [

where the distribution Dphysics represents a set of points sampled from the domain where the
physical constraints (e.g., differential equations) must be enforced and the operator N[M,,]
represents the governing laws of the system, typically through a PDE.
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Bringing the Constraint into the Objective

e Consider the problem
minE,[{(w, z)] st. h(w) <0 (340)

o If we define the indicator function of the constraint as

Lh(w)} = {ZO P (341)
we can equivalently solve
min E.[{(w,z)] + I{h(w)} (342)

e The indicator function shows our amount of displeasure regarding the violation of constraint.
Maximum displeasure leads to an equivalent problem, but not easily approachable. Other
choices such as linear, quadratic, or the combination of the two lead to easier approaches

e This idea leads to penalty-based and Lagrangian-based formulations.
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Weaker Displeasure Notations @

e Penalty-Based method
minE.[((w,2)] + S((h(w)l+ )%, p >0 (343)

where [-]+ = max(-, 0)

e Lagrangian (linear penalty) method
minE,[¢(w, z)] + Ah(w), A>0 (344)

e Augmented Lagrangian method

mmi/n E,[¢(w, 2)] + Ah(w) + g([h(w)h)2 = mmjn E,[¢(w,2)] + g < {h(w) + 2} +> (345)
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Lagrangian @

e The function L(w, \) = E,[¢(w, z)] + Ah(w) is called the Lagrangian associated with the
original constrained learning task

e Note Lagrangian is linear in A, thus, minimizing it w.r.t. w leads to a concave function which

we call the Lagrange dual function

g(\) = min £(w, ) = min (Ez[e(w,z)] + /\h(w)) (346)

w
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Lagrangian (Cont’d) %

e Lagrange dual function provides a lower bound on the optimal value of the original problem for

each \. For any feasible w

g(\) = mvin L(w,A) < L(W,A) =E,[¢(W,2)] + \h(w) < E,[4(w, z)] (347)

where we used h(W) < 0 for any feasible solution W including the optimal one w*.

e A natural question is: What is the best lower bound that can be obtained from the Lagrange
dual function? This leads to the Lagrange dual problem

ng)(g(/\) s.t. = max min E,[¢(w, z)] + Ah(w) (348)

e Under certain conditions (Slater’s condition and strong duality), one can change the order of
max and min and obtain an equivalent problem (to both dual and our original problem)

max mmi/n E.[l(w, 2)] + Ah(w) = mmi/n max E.[¢(w, 2)] + Ah(w) (349)
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Solving the Dual Problem via GD @

e Let L(w,\) denote the (augmented) Lagrangian function
e We can try to solve the min max (or maxmin) problem iteratively
e Fort=1,...T
o Wer1 = miny L(w, A¢)
0 Apr1 = maxa>o L(Wer1, )
e The updates (after some approximations and under certain assumptions) can be interpreted as
gradient descent on w and gradient ascent on A:

O Wiyl = W — 77VWAC(W1:7 )\t)
0 Aep1 = [Ae + VAL(Wer1, Ae)],
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Switching Gradient Method (SGM) @

e Consider our original problem

min f(w) st. h(w) <0 (350)

w

and assume we are working with an iterative method.

e Note that the constraint need not be considered for an iterate w; as long as h(w;) < e. And we
can just use GD or a similar method w;1 = wy — nVf(w;)

e On the other hand, if h(w;) > ¢, we may want to prioritize the constraint over the objective by
performing the following update as needed

Wer1 = we — NV h(wy) (351)

e Effectively, depending on the amount of violation, we switch the gradient in GD
e Fort=1,.... T

o if h(wt) < e perform wep1 = we — nVF(wy)

o if h(wy) > € perform w1 = we — nVh(w)
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Switching Gradient Method (Cont’d)

e The method can be thought of as a kind of SGD for the dual problem.

o Consider min,, maxy>o f(w) + Ah(w) and let A* > 0 be the maximizer. Then,

)\*
. * = ; 2
mml/nf(W)+>\ h(w) mv||/n1+)\*f(w)+ 1_‘_)\*h(w) (352)
assuming A\* is constant, for which the GD update is
= w; — ! VF(we) + al Vh(w:) | = we — nE[VE(wy, 2))] (353)
Wiyl = We — 1) 1+ 0 t Y t) | =Wt =T ts
where z € {1,2}, P(z=1) = 1-#% and P(z=2) = H_)‘—/\ implying
- Vf T

Vi(w,, z) = { (we) w.p I (354)
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Second-Order Guarantees



Higher Quality Solutions @

e Consider our training problem
min f(w) := E[{(w, z)] (355)
e We showed SGD with update w;,; = w; — ng; satisfies E[|Vf(W)||? < € using T = Q(e2)
iterations

e This is called a first-order solution and in principle can be a local minimum, local maximum, or
a saddle point

o Example: fi(w) = 1w®—w
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Higher-order Solutions (Cont’d)

e Example: H(w) = 1w?
e Example: fz3(w) = Tw?
e Example: fa(w) = 3(w? —1)?
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2nd Order Solutions

e Example: f(x,y) = x? — y?

Definition

An (€1, €2)-accurate second order stationary solution for f is any W such that

IVFW)I? < e, Amin(VZF(W)) > —€2 (356)
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Which Solutions?

e The definition excludes local maximum and simple/strict saddle points (detectable by looking
at Hessian).

e It does not however exclude higher order saddle points (undetectable by looking at Hessian)

e Examples: x2 + y3 (left) and monkey saddle, i.e. x> — 3xy? (right)
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Why a Good Definition @

e Many ML problems only include local/global minima and simple saddle points

e Example: Matrix Factorization

P*, Q" =argmin||R — PQ | (357)

e Permutation of columns of P* and @Q* leads to the same solution
e Similar idea applies to DL models and permutations weight matrices
e These exponentially many global minima are separated by exponentially many simple saddle

points

i i

R j2 Q"




Exponentially Many Saddles and Minima @

e Consider the function h(x) = (1 — x2)? and from it construct h(x,y) = f(x) + f(y)

o 4 minima and 4 simple saddle points
o h(x,y,z) = f(x)+ f(y) + f(z) will have 8 minima and 8 simple saddle points
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Finding 2nd order Solutions

e Recall to find a first-order solution

o We required accessing the gradient or a good approximation of that
o We imposed smoothness, i.e., Lipschitzness of gradient
o gradient is a first-order quantity

e Thus, intuitively, we expect to need the following

o We require accessing the Hessian or a good approximation of that
o We impose 2nd-order smoothness, i.e., smoothness of gradient, or Lipschitzness of Hessian
o Hessian is a second-order quantity

e We will indeed require Lipschitzness of Hessian. However, we will discuss two methods one
requiring Hessian and one requiring only (stochastic gradient)

e Hessian information will be useful to detect saddles and avoid them. Gradient noise injection
could help avoid saddle points by taking advantage of their instability.

e In both cases, by avoid we mean find a direction to decrease the function value.
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Second-Order Methods: Newton Algorithm @

e Newton method is a celebrated algorithm for calculating zeros of functions iteratively:

. f(x
f(X ) =0 Xt41 = Xt — f/(():t)) (358)
Implication for optimization: finding zeros of gradient: V£ (w*) =0
Wepr = we — H7 TV (wy), H: = Vf(w;) (359)

e Newton Variations
o Damped Newton: H; * — n.H;
o Levenberg—-Marquardt Regularization (LMR) H; ' — (n; My + He) ™ = ne(ly — neHe)

e When H; ! — iy we obtain gradient descent.

e Effectively improves the local landscape conditions by leveraging the preconditioning matrix
Ct - Ht_l
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Newton, GD, and Majorization Minimization

Recall, we previously discussed GD as an example of MM for L-smooth functions when np < 1/L
. 1
Wei1 = argmin f(we) + (VF(we), w — we) + %HW — w||? (360)

e We can easily show Newton update is equivalent to minimizing the 2nd-order Taylor
approximation at w;

1
Wep1 = argmin f(we) + (VF(we), w — wy) + E(W — wy) T Hy(w — wy) (361)

e Note (w — w;) " Hy(w — w;) < L||w — wg||?> meaning Newton is not an instance of MM.
e Intuitively, Newton is designed to solve Vf(w) = 0 not
e For this reason, Newton may not help us to avoid saddles effectively. But a variation of it will.

e lIdea is to form an upper-bound and minimize that iteratively by assuming and leveraging
Lipschitzness of Hessian as opposed to Lipschitzness of gradient.
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p-Lipschitz Hessian @

Definition

A function f is p second-order smooth if ||V2f(wy) — V2f(w2)||2 < p|lwi — wa|| for all
wy, wy € RY

e |t turns out this is equivalent to

f(wi) < f(w2) + (VF(w2), w1 — wa) + %(Wl —w2) V() (wy — wy) + gHWl —wo|® (362)

IVF(w1) = VF(w2) — V2f(w2) (w1 — )| < §||W2 - w? (363)

Function has local cubic bound and the gradient is p-smooth (it has quadratic bound)
Cubic Regularization of Newton Method (CRNM):

1
Wiyl = arg mvin f(we) + (VF(we),w — wy) + E(W —wp) He(w — wy) (364)

Interestingly, the update is equivalent to a convex optimization problem when d > 2



CRNM Idea @

e Under p-Lipschitz Hessian Hessian, the method is MM thus, we continually reduce the function
value

e Consider the spectral decomposition of Hessian H; = 27:1 )\,-u,-u,-T

e So the update can be written equivalently as

d 2
. 1
we1 = argmin f(we) + (VF(we), w — we) + 5 ZA,-(U,T(W — Wt)> + guw —we|]® (365)
i=1

o We are penalizing directions u; with positive \; as they are the direction of increase.
o We are taking advantage of directions u; with negative \; as they are the direction of decrease.

Theorem

CRNM can find an (€, 2,/p€)-second order solution in T = Q(%)



Proof Sketch @

e If there exists a direction with sufficiently large (and negative) eigen value such that

A < —,/p€, we can reduce the function value

2)3 _ 2|V F(wy)||?
~3,2 compare with  f(wep1) — f(wy) < 7% for GD
(366)

e Otherwise, there are two cases. First, if ||wir1 — we|| < ep! then |[VF(wei1)]|? < € meaning

f(wer1) — f(we) <

both conditions of approximate 2nd order definition are met and we find a solution.

1

e Secondly, if |[wyr1 — wy|| > ep™t, we can still make progress and reduce the function value

f(werr) — f(we) (367)

e By contradiction we then show a solution is found after precisely T = Q(W)

iterations.
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Avoiding Saddles with Perturbed GD: Motivation

e Consider f(x,y) = 0.5(x? — y?).
If we initialize at (0,0) GD will not move.
e However, the saddle point is instable and if we
inject random noise in the gradient, GD will eventually escape it

t
Xt+1 = —1 Z(l—n)t_TeT(X), Yey1 = —772 14n) e (y)

(368)
where e;(x) and e;(y) are the random noise
added to the x and y component of the gradient, respectively.
e Remark: SGD has baked in noise, but explicit injection is needed
in general.
e Remark: With random initialization, the chance of starting at a
bad initialization (saddles and local maxima) is very low
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Perturbed GD @

e |n each iteration run
Wep1 = wy — VI (we) + ney, e~ S5(0,1) or e ~ B(0,1) or e ~N(0,1) (369)

e Essentially, we use random exploration to find a direction of decrease, as opposed to using
second order information (Hessian)

e Related to Langevin Dynamics
Theorem
Assuming L-first order and p-second order smoothness, perturbed GD can find an (e, \/€)
solution with high probability when T = Q(d?%¢~1).

e Recall CRNM needs T = Q(e%7%) deterministically and w/o requiring L-first order smoothness

e The issue is adding noise in every single iteration, even if we are not near a saddle (seems
unnecessary)



Better Perturbed GD @

e Only add noise when needed (near a first-order solution that has a low gradient norm)
o forany tif |[VF(w)|| <k
o w; < w; + e with e; ~ B(0, r) with r = O(e)
e Do GD for T iterations
Theorem

Assuming L-first order and p-second order smoothness, better perturbed GD can find an
(€, 1/€) solution with high probability when T = Q(e™1).

e Finding 2nd-order solutions is almost as easy as finding first-order solutions (when ignoring log
terms that may depend on dimensions)



Stochastic Lower Bounds



Motivation @

e Recall our canonical training task

mmi/n fo(w) = E,p[l(w, z)] (370)

for which we have discussed several efficient training methods, e.g., SGD and its variations

Notably, we have discussed several upper bounds on the performance of these methods

Does not tell us the fundamental limit of performance: best achievable by any method using
stochastic gradients

e We will discuss tools to derive such results for stochastic convex optimization.

Setup:
o pis unknown, { is convex and G-Lipschitz for all z
o We observe stochastic gradients g1,..., g1
o We produce w as a function of g1,..., g7
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Minimax Optimality %

e Recall, for SGD, from stochastic gradients gy, ..., g7 generated according to samples

Z1,...,2ZT ~ p we upper bounded

[wi = w|[(G + o)

E,
VT

1yeens

o [fo(w) = min £y (w)] = Epr [fy(w) — min f,(w)] < (3711)
where P7 is the joint distribution of observations gi,..., g7

e How good is the suboptimality gap Epr[f,(w) — min,, f,(w)]? depends on p which is unknown.

e The above notion of “risk” cannot be minimized since it depends on the unknown parameter p.
Thus, to talk about the optimality, in general additional criteria are required

e One such criteria is minimax risk: achieves the smallest maximum risk among all alternative
distributions belonging to some distribution set D

o Let P7 be the joint distribution of observations gi, ..., g7:

R (w) = max Epr[fp(w) — mvin fr(w)], Wopt = arg mmin R2(w) (372)
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Procedure to Establish the Lower Bound @

e Our main strategy will involve lower bounding the risk step-by-step and constructing a hard

example

e We reduce the optimization for this hard example to a statistical decision making (hypothesis

test) problem

e We use tools from information theory (e.g. Le Cam'’s, Fano's, and Assoud’s methods) to study
the probability of failing the test

e We assume w.l.o.g. D is a finite set D = {p;, p_1} and let 7 be a distribution over D such that
7(p1) = m(p—1) = 0.5. Then, since max is larger than average

RE(w) = max Epr[f,(w) = min f, ()] = Epynr | Eer [ (w) = min £, (w)]|
pic v v (373)
= 7(p1)Esg [fou (w) — min f (W)] + 7(p_1)Es7 [y, (w) — min f,_, (w)]

where P/ is the joint distribution of observations (stochastic gradients) when z ~ p;
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Binary Hypothesis Testing @

e We will construct a test based on the optimization performance f, (w) — min,, f, (w)

e In hypothesis testing, the goal is to determine which of the two alternative is correct based on
a number of observations.

o Nature chooses a distribution p; € D and as a result a loss function £, (w) (in our case
D ={p1,p-1})

e Based on this choice, we observe stochastic gradients g, ..., gt for f,,(w) with joint
distribution P]

e Goal is to correctly identify the choice made by nature, i.e., from g1, ..., gr decide which
distribution/loss was chosen.

e Typically, the probability of making mistake is lower bounded as the distributions, despite being
different, are similar, so the observations could lead to a mistake

e The implication for us will be a lower bound on the convergence rate
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Construction of Loss functions @

o Let {(w,z) = G|w — zD)| for z € {1, —1}. Note the function is convex and G-Lipschitz.
Consider two binary distribution on z

N L+ N 1=

Pl(z = I) 2 ) P—l(z = I) 2 ) e {13 71} (374)
giving rise to the two functions
1+i6 1—io .
fPi(W):EZNPf[g(W7Z)]: G|W_D|+TG‘W+D|7 ie{l,-1} (375)

e Both functions are convex and G-Lipschitz and also w;* = iD implying |w/| = D
e Functions becomes harder to distinguish as § gets smaller

N——
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Construction of Loss functions (Cont'd)

e We consider the natural choice g = G - sign(w; — z;D) for the stochastic gradients by noting
sign(w — D) is a (sub)gradient of |w — D|

e It is evident that g; is an unbiased estimator of Vf;(w;) under z, ~ p; and
var(g:) < ]E||gt||2 <G?

e The idea is that since the functions are so similar for small §, by observing g; we might
mistakenly think they are the stochastic gradient for the other function.

e Despite the similarity of functions and stochastic gradients, the functions are separated in the
sense that if

£, (W) < £,(w)) +2GDS = £, (W) <f, (w")+2GDs, ie{l,—-1}  (376)

e We will use this separation property to reduce optimization to statistical test
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Error of Hypothesis Test and Optimization @

e We observe the sequence of stochastic gradients and use them in our favorite algorithm and we
output p; as the candidate for the initial choice of nature if £, (W) < f, (W) +2GD¢

e Let us denote this test by Te(g1,...,g7) =1

o Recall we showed
R(w) = max Egr[fy (w) = min £y, (w)] = Ep s [Exr[fo(w) ~minfy,(w))]|  (377)
e By Markov inequality, i.e. Pr(X > \) < E[X]A~! for X, A >0

RE(w) > Ep o [ BT (£, (w) — min £, (w) > 2695)} .2GD§ (378)
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Error of Hypothesis Test and Optimization (Cont'd)

e Note P/ (f,(w) — min,, f,,(w) > 2GDJ) is precisely the probability of making an error (failing
the test) via our test Te(g1,...,g7) when gy,..., g1 are generated according to p;.

e Total probability of error:
Q(Te(g1,---,g7) # i) = w(p1) - P{ (Te(gr, ..., g7) # 1)
+m(po1)-PLy(Te(gr, ..., g7) # —1) (379)
= Epnrn [P/T(Te(gl» . 8T)F# ")}

where Q is the joint distribution over the random index i € {—1,1} and the observed gradients
81,---,8T
e Therefore, we have effectively shown

R2(w) > Q(Te(g1,--.,g7) # i) -2GD§ > - mifn . Q(Te(g1,---,g7) # i) -2GDJ
e € set of a ests
(380)
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Bounding the Error Probability @

e Recall we have set 7(p;) = m(p_1) = 0.5.
e Also note P/ are different probability measures defined on the same sample space
e Further the events corresponding to Te(gi,...,g7) # 1 and Te(gi,...,g7) # —1 are
complement: any testing procedure maps one region of the sample space A, to 1 and the
complement (A€) to —1. Thus,
min Q(Te(g1,...,87) # 1)

Te € set of all Tests

— > min (PI(T”e(gh...,gr)#1)+PT1(T”e(g17...,gT)#—1))

2 Te € set of all Tests

(381)

OPT4DL, A. Hashemi, Purdue ECE



Bounding the Minimax Rate with KL @

e Thus, we have established a lower bound on the risk in terms of the separation of our functions
and the joint distributions:

RZ(w) > GD§(1 — |P{ —PL,[|7v) (382)
e We then typically upper bound the TV distance with KL divergence via

] 1
Pinsker: ||P{ —P7,||7v < ka/(P;lTHPL) (383)

Bertagnolle-Huber: |P] —P',|1v < \/1 — exp(—Dw(P]||PT))) (384)

Tensorization of KL Lemma

Let }P’E-t] denote the conditional distribution of g; given g1,...,g:—1 when z ~ p;. Then,

:
Du(PTIIPL,) = " Epr s [Du(@ P < T _max_Di(PY|PY) (385)

t=1



Bounding the Minimax Rate with KL (Cont’d)

e Thus, using KL tensorization our lower bound reduces to

R2(w) > GD5(1 \/O.5Tt_n11axTDk/(P[1t]IP’[t]l)) (386)

e Note that for any t, IP’E-t] is basically a Bernoulli distribution:

1406
===,

1-is

Pz = i) Pl (z =) s ie{-Ly (387)

e So, we need to just calculate the KL between two slightly different Bernoulli distributions:

1+6
Du(PY|PL) = 5 log 1_

5 < c16? (388)

for some ¢ > 1 and ¢ < 1 (using Taylor approximation of log). Thus,
DG
R2(w) > GDS(1 — ©26VT) > c3—— 389
7(w) > GD4(1 — 26V T) > e (389)

by setting § = q/ﬁ for some ¢, ¢c3,¢4 > 0
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Overparameterization and
Interpolation



Overparameterization of DL models @

e Modern DL models are overparameterized, that is, if w € RY denotes the model parameters
and n denotes the number of training data points, then d > n

e Thus, we have more unknowns than knowns and consequently multiple global minima for our

training task
min f(w Ze w, z;) (390)

o Effectively, there are parameters w* that can interpolate all samples

w* = ar mlnf /Wz, & w* =argminf(w,z), Vie{l,...,n
g w

(391)
o Equivalently, Vf(w*) = V{(w*, z;) = 0 which we call the interpolation condition

e We will discuss the impact of overparameterization and interpolation on convergence and
generalization of DL models.
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Faster SGD Convergence @‘

e Recall, for SGD we showed 1 o2

A2
BIVAW)IPS 3+ (392)

where 02 was the variance of the SFO.
e Thanks to interpolation, the variance is not constant, rather decreases as SGD makes progress

towards the optimal solution (free variance reduction)
Proposition

Consider f(w) = 13" | ¢(w, z) and assume each £ is L-smooth. Furthermore assume the

interpolation condition holds. Then,

Eivupy,...lVEw, 2)|? < 2L(F(w) — ). (393)
That is, the variance of stochastic gradient is bounded by the current suboptimality gap.

e Using this result, one could easily show E||Vf(W)|? < +.



Proof of Proposition @

e Let us calculate the second moment

Eivup,. .nlVEOw,z)|* = Z IVl w, z) (394)

e A consequence of L-smoothness is that if w;* = arg min,, £(w, z;)

IVe(w, 2)|[* < 2L(U(w, zi) — (w, z:)) (395)

e Thus over all 1
E;NU[L.__7,,]||V€(W,Z,-)H2 < 2LE Z(Z(W,z,-) —Uw?, z)) (396)

o Using interpolation condition we have w} = w* for all i. thus, proof is complete by noting the
definition of f.
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Consequence of Smoothness

e Recall smoothness means
L
Fly) < FO) + (V) y = x) + Sy = x|?,  Vx,y eR?
e Notably, the condition holds for

. L
;= argmin £(x) + (VF(x),y = x) + 5ly = x|
y

e A strongly convex problem. Taking the gradient and setting it to zero

1
¥ = x— V()

e Substituting in smoothness definition and noting f(y}) > f* = min, f(x) establishes

IVF(x)I? < 2L(F(x) — )
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Faster Convergence to Better Solutions @

e We showed thanks to interpolation (a property of overparameterized models), SGD-based
method enjoy free variance reduction and converge faster to stationary solutions

e Next, we explore a condition that enables faster convergence to global minima.

e The idea is that the loss landscape along the trajectory of SGD-based methods is typically very
nice such that these methods only converge to global solutions.

e Notably, along the trajectory, in addition to smoothness, gradient domination or the
Polyak-Lojasiewicz (PL) Condition holds:

IVEW)I?* = 2u(f(w) = ), >0 (401)

e States all stationary solutions are also global solutions (despite nonconvexity).

e Along with the consequence of smoothness, i.e. |Vf(w)||? < 2L(f(w) — f*) leads to faster
convergence to global minima
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PL condition for Overparameterized Models @

e Assume a learning task such that with n data points z; = (x;, y;) where y; € R and x; € RP.

e Consider a parametric DL model h(w, x). Thus, a simple learning problem is

of) = min S (=) = mly kX @02

by defining
Y=,y €R" h(w,X) = [h(w,x1),...,h(w,x,)]" €R" (403)
X=[x1,...,x] €R™P (404)

and noting the definition of Euclidean norm
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PL condition for Overparameterized Models (Cont'd) @

e Let us calculate the gradient of the loss

1o 1
Vi(w) == Z(y,- — Vh(w, x;))Vh(w, x;) = EVh(W, X) - (y — h(w, X)) (405)
i=1
where Vh € R9%" is the gradient of h i.e., the transpose of its Jacobian.
e Let us calculate the norm square next:
+ Vh(w,X)"Vh(w, X)
n

IVE(w)][? = (VF(w )Vf(W)>=%(y—h(W7X)) (y — h(w, X)) (406)

e The matrix K(w, X) := M € R™*" is called the tangent kernel and it is a PSD
matrix. Called a kernel since ij entry depends on x; and x;
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PL condition for Overparameterized Models (Cont'd) @

e Let us assume
Vh(w,X) " Vh(w, X)

n

Armin (K(W,X)) - /\m;n( ) — >0 (407)

e Note a necessary condition for this is d > n, i.e., overparameterization of our DL model.

e Then,

1
VA2 = 2 y—h(w, X)) (y—h(w, X)) = 205 [ly—h(w, X)|? = 2af (w) > 2u(F (w)~ ")
(408)
by definition of f and the fact that f(w) > 0 for all w.

e This implies if tangent kernel is well conditioned along the trajectory, PL holds and SGD-based
method converge very fast to global minima.

e Random initialization can ensure with high probability Amin (K(Wl,X)) > 0.

e Thus if the optimization happens near the initialization (e.g., small 5 and/or L), PL holds for
all w;'s with high probability.
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Overparameterization and Generalization @

e So far we showed the benefits of overparameterization and interpolation in terms of
accelerating the training convergence.

e However, overparameterization can further aid with generalization: performing well on
test/unseen data

e The main idea is that the training problem of overparameterized model enjoys implicit
regularization when solved by SGD-based methods

e Highlighting the crucial role of the methods we talked about, not just in terms of training but
also test performance.

e We will explore this idea for linear models h(w, x;) = w' x; where d = p > n. Our task is:

n

. _ .1 T\ _ 1 2
minf(w) = min -3 (y-w'x) = mino_|y-Xw] (409)

=

e In this case, K(w,X) = XX is independent of model parameters.
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Implicit Regularization in Linear Models @

e As the system is underdetermined (due to overparameterization), we can perfectly fit all data
points such that f* =0
Assuming the tangent kernel is positive definite, PL holds for w. Furthermore, the loss is

smooth, implying using (S)GD we can find an optimal solution:

tle f(w:) =0, wipr = we —nVi(wy), n<1/L (410)

Thus, if w = lim;_, o, w;, we have that y = Xw exactly

We will then show among all possible solutions w*, GD's solution W is the one closest to the

initialization wq, i.e.,

wy — W < [[w* — w2, Yw* € arg mmi/n f(w), w* # W (411)

So, implicitly, GD is solving an ¢ regularized problem:
A
min ||w — wy 2 s.t. y=Xw = min f(W)+§||W7 wi || (412)
w w
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Some Linear Algebra Overview @

Range: The range of a matrix X is the set of all vector a that can be written as a linear
combination of columns of X. Notably, any vector a = Xu is in the range of X.

Null-space: the null-space of a matrix X is the set of all vectors b such that Xb = 0.

For a matrix X we have that Range(X ") and Null(X) are orthogonal:
beNull(X) <« Projrangexm)(b) =0,  acRange(X') &  Projyx(a) =0

For our problem where y = Xw, as d > n, X is a fat matrix and has a non-trivial null-space.
The vector w = X'y is in the range of X' . X" = X7 (XX ")~ is the pseudo-inverse of X
The gradient V(w) = X' (Xw —y) is in the range of X .

The set of all solutions is

S={w*lw* =w+b, be Null(X)} (413)

and notably Projgangexm)(w*) = w for all w*
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Implicit Regularization in Linear Models (Cont'd)

e Given the update w; 1 = w; — nVf(w;) and the fact that V(w;) € Range(X ") we can show

PVOJNull(x)(W) = ProjNuII(X)(Wt) = ProjNuII(X)(W1)7 W= lim w, (414)

t—o0

e Since Range(X ") and Null(X) are orthogonal, for any w* = w + b # W

Iw* —wy* = [[Projnuney (w*) — PrC’J'Nuu(X)(Wl)H2 +
2 ”ProjRange(XT)(W*) - PrOjRange(XT)(Wl)”2

= ”ProjRange(XT)( ) - ijRange(XT)(Wl)”2

(v) . " .
= HPrOJRange(XT)(W) - Pro.]Range(XT)(Wl)H2 +

= [l — wi

o (415)
e Orange term in (b) is zero due to eq. (21)
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Implication for Deeper Models @

e Consider again the general task

n

mmi/n flw) = mvin zfln Z ()/i - h(WaXi))2
i=1

1 )
min -y —h(w,X)|>  (416)

e To apply our previous results, one typically linearizes the model around the initialization w; to
get a linear model: ; T
h'(w, X) = h(wy, X) + Vh(wy, X) ' (w — wy) (417)
e This leads to a linear regression task
1. ~ n
min ;lly—Vh(Wl,X)T(W— w)l>,  §=y—h(wm,X)eR (418)

e Our results then hold for the linearized model. And thanks to overparameterization and using
SGD-based methods with small learning rates, the approximation error is small (e.g. O(n/V/d)).
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Min-max optimization and
GANs



From Supervised Learning to Generative Modeling @

e Recall so far we talked about training tasks of the form
min f(w) = E,q4[¢(w, z)] (419)
with the hope of finding a model that best fits the training data

e In supervised learning, the implication is that our parametric model A(-, w) learns the unknown
rule between features and labels y; = A*(x;) such that ||A*(-) — A(-, w)]| is minimized

e In generative modeling the goal is to learn the data distribution p, or learn the ability to
sample from it.

o If we think of g(-) as the true rule, a natural solution then is to use a parametric distribution
p(-, w) such that it approximates the true rule p, well, i.e. ||g(-) — p(-, w)||

e This is precisely the goal of variational inference:
min f(w) = D(q||p(w)) (420)
for some notion of distance or divergence between distributions, e.g. the KL divergence.
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Distances among distributions

e f-divergence:

~—

Dr(alle) = Bl (1 = [ ple)( L) - ae (421)

q
p 2 p(z

for f being a convex function. Examples include

~—

o KL divergence with f(t) = tlogt

o TV distance with f(t) = 3|t — 1]

o Jensen-Shannon Distance (JSD) a symmetrized and smoothed version KL:
Dyso(qllp) = 3Dra(pllg) + 3 Dre(qllp)

o a-Wasserstein distance or Kantorovich—Rubinstein metric:

i
Wa(q.p) = _min (B zyerllas — 1) (422)

for a > 1 where C(gq, p) is the set of all couplings (joint distributions) with marginals ¢ and p.

e Turns out minimizing these is like solving a kind of game
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Generative Adversarial Networks (GANs) @

e p,, is good estimator of g if a skilled discriminator cannot distinguish Z ~ p,, from z ~ g
e This suggest building a zero-sum game between two players: one trying to generate fake data
(the generator) and other trying to distinguish fake from real data (the discriminator)

Real or Hallucinated?
t

Discriminator: DNN w/
parameters y

Hallucinated Images . \ . ‘T 'r_:;-
(from generator) &~ \§,’ Al X &

Real Images
(from training set)

Generator: DNN w/
parameters x

I

71,729, .., Zy ~ N(0,1)

Simple
Randomness

OPT4DL, A. Hashemi, Purdue ECE



GAN Game and Variational Inference @

e Let D, and G, be the discriminator and generator with parameters y and x, respectively

min max U(x,y) == E.<pllog Dy(2)] + Eznro,n[log(l — D, (Gx(2))] (423)

D, is a binary classier and assigns high score (log D,) to real data and low score to fake data.

G, want to assign a high score to fake data by maximizing log(D, (G«(Z))

e With simple calculation, we can show the best discriminator satisfies:
Dy-(2) = -2 (424)

q(z) + pa,(*)

Plugging this into the problem above yields the optimal solution for the generator:

x* = argmin2D,sp(ql|pg,) — log 4 (425)

e Thus in equilibrium D «(z) = 0.5 and pg,.(z) = q(z)
e So a natural question is can we go from a general f-divergence to a game?
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f-GANs: Variational Representation of f-Divergences

e For any convex f define it's Fenchel dual f (which is concave)
f(B) = max{(E.6) - F(0)},  F(1) = max {(,D) — (D)} (426)
e We can use this to lower bound f-divergences:

Ditalle) = [ o) (G2 -z = [ playmax{ ZHNE- 7B} - oz

J. o
> max { /Z (p(z)ﬁt - f(t)) . dz} -
> max { [ a()e)- dz — [ p(@)F(E) - oz}

= mx Eenlf(2)] ~ EanplF(E(2))]

~2

where the first inequality is due to Jensen's inequality and convexity of max while the second
inequality is by restricting the set of all  to a class 7 of functions of z
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f-GANs: Variational Representation of f-Divergences (Cont’d)

e Let us change £(z) to D,(z) implying our function class is parametric with parameters y:

Dr(qllp) = maxEz~q[Dy(2)] - E.~plf(Dy(2))] (428)

e Recall we think of g as data distribution and p as its estimator. If we assume p is
parameterized via pg for some function G,(Z) taking random Gaussian Z ~ N(0, /), fitting g
by minimizing D¢(q||p) amounts to

min max E;.q[D, (2)] ~ Eznonlf(Dy(Gx(2)))] (429)

generalizing GANs from JSD to arbitrary f-divergences.

e The bound is tight for D+ (z) = f’(%)

e Generator is trying to minimize the divergence estimate, while the discriminator tries to tighten
the lower bound.

e How about a-Wasserstein distance? Any benefit?
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Wasserstein GAN @

e Recall Dr(ql|p) = Ep[f()] so the support of p has to cover the support of g. That is if
p(z1) = 0 we like g(z1) = 0 too

Otherwise discontinuity arises in f-divergences and they could become oo (e.g., KL).

Turns out a-Wasserstein distances are nicer in such scenarios

Using Kantorovich-Rubinstein duality, we represent this task as a minmax game. For a =1

Wilap) = min (B, merllen — 2] = EalD(@)] - ExnplD(@)]  (430)

max
D:||D|Lp<1
where ||D||1ip <1 means D must have a Lipschitz constant at most 1
This idea leads to Wasserstein GAN (WGAN)

min max B, o[, (2)] ~ Bz-x0,0 Dy (G(2))] (431)

Lipschitzness is ensured by weight clipping or gradient penalty ||V, D, (z)||
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Difficulties of Minmax Optimization

e Recall we showed for f-GAN training

minmax U(x, y) = E;~q[Dy(2)] = Ezon(o,n[(Dy(6(2)))] (432)

X y

e And for WGAN training

min max U(x, y) = E.~q[Dy(2)] — Ezar(0,n[Dy(Gx(2))] (433)

x
e Both are minmax optimization. One could use minmax version of (S)GD for training

Xer1 = X — NVx U(Xtayt)a Yer1 = Ye + 1V, U(Xta Yt) (434)

N <

3
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. Target: Step 0 Step 5k Step 10k Step 15k Step 20k Step 25k
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Minmax vs min @

e The issue can be attributed to the fundamental difference between minmax and min problems.

e For minimization we interpreted GD a simple forward Euler discretization of gradient flow
Wer1 = Wy — NV (wy), Ww = —Vf(w) (435)
o Let v=[x,y]" and define F(v) = [V U(xt, yt), =V, U(xt, y:)]T. Minmax GD becomes
Vir1 = ve — nF(vt), v=—F(v) (436)

e They look very similar, but there is a fundamental difference! V£ is the gradient of a scalar
function but F is not

e Jacobian of Vf, Jyr is symmetric (the Hessian V2f) while the Jacobian of F, JFr is not

e The Jacobian controls the local dynamics: how the flow F(v) curves, rotates, contracts, or
expands locally.
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Dissipative vs. Conservative Systems @

Je+dg | Je—J . . . .
e Note Jg = % + F57*, i.e., sum of symmetric and skew-symmetric matrices

e when the flow is w = —Vf(w) there is no skew-symmetric component and under mild
condition the system is dissipating energy.

e When the flow is v = —F(v), the system might conserve energy and the skew-symmetric
component determines the rotation.

e The most simple example is harmonic oscillator

Ww=-w = X=y, y=-—x = v=—F(v) (437)

for which the Jacobian is purely skew-symmetric. It corresponds to the simplest minmax
problem: min, max, U(x,y) = xy

;
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Dissipative vs. Conservative Systems (Cont’d)

e Following the flow might not help in skew-symmetric dynamics

e Simple Euler forward discretization (GD in optimization) converges nicely to a stable point for
dissipative systems while does not work well for conservative systems as it pushes us around
(and potentially away) the stable solution

e Thus, for minmax problems we generally need other classes of method

Conservative System: Harmonic Oscillator Dissipative System: Gradient Flow

|
]
Vi
\
'
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Negative Momentum and Predictability @

e Recall we talked about momentum for min problems. Intuitively, we assume usefulness of
gradient direction and we double down by introducing positive momentum
For minmax problems, the gradient direction has a mistake and we can correct that by

introducing negative momentum.
This idea leads to the update viy1 = vy — nF (vii1)

This is precisely the Euler Backward discretization of the flow and it is generally implicit.

Also called proximal point method since if F — Vf for some convex function f

. 1
Wer1 = Wy — 'V F(Wep1) = Wiyl = arg mv;n f(w) + 27;||W - Wt||2 (438)
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Mid-Point Discretization and Extra Gradient

e Consider the flow

e Forward Euler (GD) approximates

t+1 t+1
Verr = vt —/ F(v.)- dr z/ F(v) - dr = ve — nF () (440)
t t

e Backward Euler (Proximal Point) approximates

t+1 t+1
Ve = vi— / F(v,)-dr ~ / F(viin) - dr = v — nF(vi1) (aa1)
t t
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Mid-Point Discretization and Extra Gradient (Cont'd)

e More generally for any u € (t,t+ 1) and in particular for u = 1/2 we can do

t+1 t4+1
vt+1:vt—/ F(VT)-dT%/ F( )-dT = v —nF( ) (442)
t t
and find via Forward Euler to obtain an explicit update
Virl = Ve — T]F(VH_%), Verr = Ve~ nF(vt) (443)

o Called Extra Gradient (EG), approximates PP by doing F(vy1) = F(v: — nF(v))

1.5

-1 -0.5 0 0.5 1
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Optimistic Gradient Descent @

e Consider a field which is Lipschitz, meaning the variations are controlled: F(v;y1) = F(v;).

e This yields GD. We hope to get a tighter approximation by doubling down on our optimism
towards controlled variation of F

o F(viy1) = F(v;) is effectively the zeroth-order Taylor approximation. Consider the first-order
Taylor approximation instead

F(ve) — F(ve-1) el

F(ves) = F(ve) + Je(vie)(Ver1 — vt), Je(ve) = (444)
[[ve = vel|
where e = M is the unit vector along the direction of v; — v4_1

e Let us be optimistic one last time and assume v;;1 — v; &= v; — v;_1, leading to

F(Vt) - F(Vt—l) (Vt - Vt—1)T

[ve — ve1]| lve = ve1l|

F(ver1) = F(v:)+

(Ve —vi1) = F(ve) + F(ve) = F(vi-1) (445)

This serves as the update vector in Optimistic GD: vpy1 = v — 2nF (v¢) + nF(ve_1)
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