ONLINE OPTIMIZATION

SIDDHANT CHAUDHARY

These are my course notes for the Online Optimization course I took in CMI. The
reference book used can be found on arXiv: Introduction to Online Convex Optimi-
sation. Online Learning can also be described as learning from experience.
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1. THE ONLINE LEARNING MODEL

1.1. Model Description and Restrictions. In many kinds of ML problems, getting
the training set is costly and often not possible. In the usual ML setting, one collects
the training data beforehand, and trains a model based on the data. Online learning,
on the other hand, helps us in the situation when data can’t be collected beforehand
(called offiine learning). In such situations, the data is fed continuously to the learner,
and the learner learns through experience.

Let us now describe the model. In online convex optimisation, there is an online
learner who interacts with the environment. At each time step t, the learner has to
make decisions without knowing the outcome beforehand. After a decision is made,
the consequences of the decision are revealed. These consequences are given in terms
of losses incurred for making the decision. Also, the losses incurred are unknown
beforehand. The losses can be adversarially chosen, and they depend on the action
taken by the learner.

To make this situation useful, we make the following restrictions.

(1) The losses incurred cannot be unbounded.

(2) The decision set (i.e the set of possible choices that the learner can make)
must be somehow structured/bounded. It doesn’t have to be finite. Usually,
we work with convex subsets of the Euclidean space.

(3) Often, the loss functions are bounded convex functions on the decision set.

Let us now set up some notation, and see how the online learning model works.

(1) The decision set will be denoted by K C R", and this set will be a convex
region. As mentioned above, the loss functions will be functions f : L — R".

(2) At each time step, the learner chooses a point x; € K.

(3) After the learner has made the choice, a convex loss function f; € F: K - R
is revealed. Here F is the set of bounded convex loss functions available to the
adversary.

(4) The loss incurred by the learner at time step ¢ is f;(x;). In many situations,
only the value f;(x;) is revealed, and not the whole function f;.

(5) T will denote the total number of time steps the learner plays the game. Often,
T is unknown beforehand.

(6) The total loss incurred by the learner is

th(wt)

1.2. Regret of an algorithm. In this section, we will see how we measure the good-
ness of an OCO algorithm that makes the decisions. This is defined in terms of the
regret of the algorithm.

Definition 1.1. Let A be an algorithm for OCO, which maps a certain history to a
decision in the decision set. The regret of A is defined to be

regrety(A) = sup {fosct)—ggngt(m)}

{flv---va}g}- t=1

Let us disambiguate the above definition. Note that @, is dependent upon {1, ..., ;1 },
{f1,..., fi—1} and the algorithm A. Ofcourse, it is assumed that A is a deterministic
algorithm, and hence the choice x; is fixed if the decision set K is fixed.
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Remark 1.0.1. Note that, in the above definition, @ is fixed in the second summation,
i.e the same choice is made at each step. We can also have the slightly better definition
given below.

{fl?"'?fT}gF t=1

T T
regret,(A) =  sup {Z fe(x:) — Z ;ﬂé%ft(aft)}

It turns out that this problem is more difficult to solve. In our setting, the regret is
calculated as the difference between the loss incurred by the learner’s choices and that
of the best fized decision in hindsight.

1.3. Expert Advice: An example. Let’s look at an example where OCO can be
used. The learner has to choose among the advice of n given experts. After making
their choice, the learner incurs a loss between 0 and 1. This process is repeated. The
goal of the learner is to do as well as the best expert in hindsight.

In this scenario, the decision set is the n-dimensional simplex A,,.

/C:An::{a:GR” : inzl,xiZO}

Each point in the decision set is interpreted as a probability distribution over n ele-
ments, which the ith coordinate represents the probability of choosing expert i. Sup-
pose the loss incurred by the ith expert at time step i is g;(7). Let g; be the loss vector
of all n experts. The cost function is then the expected loss incurred at time step 1,
ie

fi(x) = gtTZU

Clearly, the cost functions are linear (hence convex) and bounded.

1.4. Learning from Expert Advice. It turns out that the expert advice example
in the previous section is an important class of problems in OCO.

Again, recall the expert advice problem. Suppose the time steps are t = 1,2, ...T.
At each time step, the learner faces two choices, namely choice A and choice B (eg.
buy or sell a certain stock). The learner can take advice from N experts. As usual,
after a choice has been made, the loss function at time t is revealed, which describes
how much loss the learner incurred at time ¢t. For simplicity, we will assume that the
loss functions are 0 — 1 loss functions, i.e the correct choice has 0 loss and the wrong
choice has 1 loss.

Suppose the learner, at every time step, chooses choices A, B uniformly at random.
We ask the following question, a question about relative performance: can the learner
make as few mistakes as the best expert in hindsight? The following theorem shows
that this is not possible for deterministic learners.

Theorem 1.1. Suppose the best expert in hindsight makes L < % mistakes. Then there
does not exist a deterministic algorithm that can guarantee less than 2L mistakes. So,
all deterministic algorithms can be forced to make > 2L mistakes.

Proof. See Theorem 1.1 in the reference book; the proof provides a counterexample,
this proving the theorem. |
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1.5. The Weighted Majority Algorithm. We will now see our first algorithm to
solve the expert advice problem.

Let us first set the problem up (we did it before, but we’ll do it again). We have N
experts, from whom we are taking advice. Each expert at each time step gives advice
either A or B, where A means buy the stock, and B means sell the stock. At time
t, expert i incurs a loss of M,(i); for simplicity, we assume that the loss is zero for
a correct decision, and the loss is 1 for an incorrect decision. With this assumption,
M,(i) is the number of mistakes made by the ith expert till time ¢. Also, we assume
that at each time step, the distribution associated with the NV experts is a vertex of the
N-simplex Ay, i.e exactly one coordinate of the distribution is 1, and all others are 0.
In simple words, at each time step, we go with exactly one expert with probability 1.

The algorithm we use to solve this problem is called the weighted majority algorithm.
The procedure is as follows.

e Each expert i is assigned a weight W, (i) at every time step ¢. Initially, at time
t =1, Wi(i) = 1 for all i. This means at t = 1, we keep all the experts at the
same level.

e For t € [T], let S;(A), Sy(B) C [N] be the sets of all experts with choice A, B
respectively at time step ¢. Then, we consider the following two sums.

Wi(A) == > Wii) Wi(B):= Y W)

i€S:(A) 1€S¢(B)

We then compare these two sums; if W;(A) > W,(B), we make the prediction
A at time step t, otherwise we make the prediction B.
e After the prediction is made, we update the weights of the experts as follows.

Wi (1) if expert ¢ was correct

Wit (i) = {

Wi(i)(1 —¢) if expert ¢ was wrong

Here € € (0,1) is a parameter which we can fix. In simple words, we penalise
those experts which gave us a wrong prediction.

A bound on the number of mistakes made by this algorithm is given in Lemma 1.3 of
the reference book. We won'’t cover that here; instead, we will analyze a more general
version of this algorithm in the next section.

1.6. Randomized Weighted Majority Algorithm. We now present a randomized
version of the weighted majority algorithm. The algorithm is very similar to the
deterministic one, with a few differences. In this analysis, we will assume that we the
loss functions are f}, i.e the loss of the ith expert at time step ¢ is f}, where f} € [—1,1].
So, the loss vector function f; is a function experts — [—1, 1]".

e Weights are again assigned to each expert at each time step, and all the initial
weights are again 1. In addition to the weights W;(7), we assign a probability
pe(7) to the ith expert at the ith time step; this is computed as follows.

QW)
PO =S

The probability p;(7) is interpreted as the probability of choosing the ith expert
at time ¢.
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e There is a minor change in the updating rule of the weights as well; let ¢ > 0
be a parameter. We update the weights as follows.

Wi (i) = Wy(i)(1 — eff)

Observe that if f} is positive, i.e the ith expert incurs a positive loss at time
t, we are penalising him by reducing his weight. Similarly, if f} is negative, we
are increasing the weight of the expert.

This sort of update rule is known as the multiplicative weight update rule. We now
prove an important bound.

1
Theorem 1.2. For allt € [T], assume that || fi||cc < 1, and let 0 < € < 7" Let p; be

the distribution at time step t, and as usual let f; be the loss vector at time t. Then

d a In N
Z (pes fr) — infz (0, fi) < —— + €T
i=1 P ¢

The first sum is the total expected loss incurred by the algorithm, and the second term
(over which the infimum is taken) is the least average loss in hindsight.

In N In N
Corollary 1.2.1. If T = - el = - , the error is atmost 2€1', and hence the
€ €2

average error s atmost
2eT

T
Proof. Define ®, to be the sum of the weights at time ¢, i.e

o, = ZWM)

So, we have that ®; = N. Observe the following.

= 2¢

D1 = f;wm')
- iw)(l — ef)
- ZWt - eZWt )
) ;Wt@ 3 6@2 d0Ts

N
=&y — ey Zpt(Z)fZ
i=1

=0, — ey <pt7 ft>
= ®y(1 —e{p, f1))
< ®t6_€<pt’ft>
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x

where in the last step we have used the inequality 1 — z < e™*. Writing this out for

each t inductively, we get
(*) CI)T-H < (I)le—EZtT:l(Puft) — N6_€ZtT:1<pt,ft>
|

This gives us an upper bound on ®7,;. Now we will try to find a lower bound. Note
that trivially, we have ®7,.1 > Wr,4(i) for each ¢ € [N]. This gives us the following
for each i € [N].

Pry1 = Wria(4)

= Wr(i)(1 —efp)
= WT71(2)< - 6fT—l)(l - Gf%)

Hl_fft

t=1

(1 — efi) > eXim i)

Il
1~

~~
Il

1

where in the last step we have used the inequality e <1 — g So, we get
() Dris 2 e S i TG
Inequalities (%) and (1) give us the following inequality.

Q_GZtT:l fime 1 (12 < Ne—EZthl(Puft)

Taking the logarithm of both sides, we get the following.

T
_Eth Z fhH? <1nN—eZ (Pt fr)

Rearranging the above, we get the following.

ez (i, 1) — th <InN+ T
t=1

t=1

where above we have crucially used the fact that ||fi|| < 1. Note that the above
inequality is true for each ¢ € [N]. Now, suppose p = (p1, ..., py) is any element of the
N-simplex Ay. Above, we multiply the ith inequality by p; (possible because each
p; > 0), and add all the obtained inequalities. Since p; + --- 4+ py = 1, we get the
following.

T

T
EZ ptaft Z<p7ft>§lnN+€2T
t=1

t=1

Since p € Ay was arbitrary, the claim follows.
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2. INTRODUCTION TO CONVEXITY

2.1. Basic Definitions. Through, we will use the notation K for the convex set in
question.

Definition 2.1. A subset K C R? is said to be convez if for all points z,y € K and
a € [0,1], it is true that

ar+ (1—a)y ek
This means that the line segment between the points lies in the set.

Example 2.1 (LP). Convex sets are really useful in linear programming. Suppose we
are given a matrix inequality of the form

Ax <b

where the variables are the coordinates of @, A is some m X n matrix, and the vector
b represents constraints. This inequality is equivalent to m linear inequalities in the
n variables @ = (x1,..,2,). It can be very easily shown that the solution space of this
system of inequalities is a convex set.

Example 2.2 (Max Flow). Consider the maximum flow problem. With some work,
this problem can be stated as an optimisation problem, where we are trying to max-
imise some linear function subject to some linear constraints.

Definition 2.2. Let K be a convex set. A function f : K — R is said to be convex if
for all z,y € K and all a € [0,1], it is true that

flax+ (1 —a)y) <af(z)+(1-a)f(y)

Theorem 2.1. Let K be an open convex set, and let f : KK — R be a differentiable
function on IC. Then, f is convex iff. and only if

fy) = fle) +(Vf(z)y—x)
Proof. First, suppose f is convex, and let A\ € (0,1). Then, we have the following.

S =Nz +Ay) < (1= A)f(=) + Af(y)
This implies the following.

M (y) 2 Af(e) + f(Ay + (1 = Nz) — f(z)
Dividing throughout by A, we see that
) 2 sia) + LEHNV=2) = 1@

Letting A — 0, the second term becomes the directional derivative in the direction
y — x. Hence,

fy) = f2)+ (Vf(z),y—z)
The converse is easy to prove. Suppose

fy) = fle) +(Vf(z)y—x)

Let z = Ax + (1 — \)y. Then, z € K. So, the following inequalities hold.
fl@) = f(z) +(V[(z),z - 2)
fy) =2 f(z) +{Vf(z),y - 2)

Multiply the first inequality by A and the second by 1 — A and add. Doing this, we get

M)+ (1= f(y) = f(2)
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which shows that f is indeed convex. |

2.2. Subgradients. Often in optimization, we encounter convex functions which are
differentiable at many points except a few. In those cases, we ofcourse can’t use the
notion of gradients. For example, consider the graph of |z|. It is not differentiable at
0. Still, the techniques of convex optimisation can be applied to these functions by
making a few modifications.

Definition 2.3. Let £ C R" be a convex set, and let f : K — R be a convex function.
Let £ € K. We say that v € R" is a subgradient of f at « if for all y € I, it is true
that

fy) = f(@) + (v,y — =)
Note that this is the inequalitty of Theorem 2.1. The set of subgradients is denoted
by O ().
Definition 2.4. The quantity
fy) = fle) = (Vf(z),y —x)
is called the Bregman divergence.
2.3. Alternative Characterisations of Convexity. In this section, we will prove

some alternate characterisations of convexity, which often make it much simpler to
prove that a function is convex.

Lemma 2.2. Let f : K — R be a twice differentiable function, where K is a convex
open set. Then, [ is convex iff. for all x,y € IKC, we have

(Vf(y) = Vf(z),y—x) >0

Proof. First, suppose f is convex. Then, by Theorem 2.1, we know that the following
hold for all x,y € K.

f@) = fy) + (Vf(y),z -y

fy) = f(x) +{V[(®),y —x)
Adding the above two inequalities, we get
0> (Vi(y),z—-y) +(Vf(z)y—=)

The above inequality is the same as what we wanted to show, by rearranging.

Conversely, suppose the given inequality holds. We want to show that f is convex.
Consider the following one variable function.

g9(t) = f(z +t(y —x))
Here our interval of interest is [0, 1]. Clearly, ¢ is differentiable on [0, 1], and the
derivative is given by the following.

Jgit)=(Vf(x+tly —x),y — x)
Infact, g is second order differentiable (provided f is), and we have the following.

() g'(t) = (Vf(z+tly —z))(y —x),y —x)

Here, V2f is the Hessian. Let us now prove this. First,

J0 =Y th@ iy - o) (-2
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are differentiable

Now, since f is twice differentiable, each of the partial derivatives 3
T

too. So, ¢’ is differentiable, and

70 =3 (Volia ity )y ) -

=1

Z [Z Oz ;0x; (@ +1(y —z)) - (y; — xj)] (Y — x4)

=1 Lj=1

- ZZ(% — i) %ng(m +i(y —x)) - (y; — 7))

i=1 j=1

In the last step, we have used the equality of mixed partials. It is now straightforward
to check that the last sum is equal to the sum given in equation ().
Now, using the fundamental theorem of calculus, we get the following.

(Vf(y) — Vi(@).y—z) = ¢(1) - g'(0) = / g'(t) dt

Also, by the same theorem, we have the following.

Let ; = ¢ 4+ t(y — «). The above equation implies the following.

) = @)+ | (Vi iy — @)y - ) di
~ @)+ (VS@)y—a) + | (Y f() — Vi@)y - @) dr
= J(@) + (VS @y =)+ [ (Vi) - Vi) =)
By our assumption, the last integral is a positive quantity. So,
fy) > f(@) + (VI(@).y - )

and hence by Theorem 2.1, f is convex. ]

Theorem 2.3. Let K be convex, and let f : KK — R be a twice differentiable function.
Then f is convex iff. the Hessian V2 f(x) is positive semi-definite for each x € K.

Proof. First, suppose f is convex, and let € K. We pick a small neighborhood of
x inside K (ofcourse, we assume that C is open, since we are talking about differen-
tiability). Let s € R™ be some direction given to us. We will assume that, for small
enough ¢, x; = x +ts is inside K. Since f is convex, we can apply Lemma 2.2 to get

(Vf(x;) —Vf(x),x,—x) >0
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Also, assume that ¢t > 0. So, we get

05 3 (V@) — V(@)@ - )
= (Vi(@) - Vi(@),s)

1 t
= —/ (Vf(w)s,s) dt
t Jo
Now, take the limit as ¢ — 0, and use the fundamental theorem of calculus. We get
0<(V*f(x)s,s)

and hence V2 f(x) is positive semi-definite.
Conversely, suppose V2 f(x) is positive semi-definite. Then,

fy) = f(®) +(V[(z),y —x)

This is true by Taylor’s Theorem, where we do a second order approximation. Hence,
f is convex. |

Definition 2.5. A function f is said to be a-strongly convex if
Q@
fy) > f(@) + (V@) y — )+ 5 lly ~ =l

Moreover, f is said to be §-smooth if

F(y) < fa) + (Vi) y — )+ 2 lly —al

Proposition 2.4. Let KC be a convex set.

(1) Suppose f1 is ay-strongly convex on K, and suppose fo is ay-strongly convex
on KC. Then fi + fo is a1 + an-strongly conver on K.

(2) Suppose f1 is B1-smooth on K, and suppose fz is Ba-smooth on K. Then fi+ fo
is By + Pa-smooth on K.

Proof. The proofs are straightforward. Let us consider (1) first. Suppose x,y are
arbitrary points in IC. Then, we have the following two inequalities by strong convexity.

fl@) 2 fly) + (VA).e —y) + Tz -yl

(@) 2 foly) + (Vhay).e - y) + T2~y

Adding the above two inequalities, the claim follows.
(2) is similarly proven. This completes the proof. |

2.4. Convex bodies and Hyperplanes. In this section, we will prove a fundamental
and important fact about convex sets, namely that convex sets can be separated from
points outside them by hyperplanes.

Definition 2.6. Let H be some hyperplane in R", and let I be some set. Then H is
said to be supporting at x € K it H N K = {x}.

Theorem 2.5. Let K be a convex set in R", and in addition suppose that IC is closed.
Let y € R" — K. Then, there is a hyperplane that separates y from IC; formally, there
is some h € R" and ¢ € R such that

hiy > ¢
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and
hiz <c
for all x € K.

Proof. The proof is motivated by geometric intuition. First, we assume that K is
compact; the non-compact case will be dealt with later. For & € K, consider the
quantity

||z — y|
and let

x* = argmin || — y|
zek

We claim that such an x* exists; to see this, note that the quantity ||« — y|| is always
positive, and hence

inf |2 — y|| > 0

xzck

Moreover, since ||-|| is a continuous function and since K is a compact set, this infimum
is attained at some point. Also, since y ¢ K, this infimum is positive.
Next, we claim that for all @ € IC, it is true that

(" —x,x"—y) <0
The proof is quite simple. Suppose x € I, and put
x, =tex+(1—t)x"
Clearly, since K is convex, x; € K for all ¢ € [0,1]. By the definition of *, we know
that
& —ylI* > |Jz" — yl[*
But, note that
|2 —yl* = [[tz + (1 - )" — y||
= |lz* — y + t(x — ")||*
= |lz" —y||* + 2t (&" —y, @ — 2") + £ [|& — 27|

2

2

So, it follows that
" —yl[* +2t (2" =y, — ") + & ||z — 27| > [|2" — y]|*
and this means that
o (x* —y, & —x*) + ||z —x*||> >0
Dividing throughout by ¢, we get
2(x* —y,x — ) +t]le — x> >0
Since t € [0, 1] is arbitrary, this is only possible if
(" —y,x—x*) >0
which means
(" —x,x* —y) <0
and this proves our claim.
Now, let h = y — «*. Clearly, h # 0. Moreover, the above inequality implies

(y—x",x—x") <0
which means
(y—z"x) <(y—z",z") <(y —z",y)
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where the last inequality is strict because ||h|| > 0. This proves the theorem in the
case when K is compact.

Now, suppose K is closed, but not compact (i.e it is unbounded). Let ' € K be
some fixed point. Consider the set

S={z K| [z -yl <z’ -y}

Clearly, S is a bounded subset of K, and it is non-empty. We will show that S is
also closed (and hence compact). Then, by applying the same process as above, the
theorem will be proved in the general case as well.

To prove that S is closed, let &g be a limit point of S. So, there is some sequence
x,, of points of S converging to ;. We need to show that

lzo —yll < [l2’ — yl|

But this is easy to see as follows: because x,, — @y and the inequality holds for all x,,
the inequality must hold for x( too since ||-|| is a continuous function. Hence, g € S,
and the proof is complete. |

Remark 2.5.1. The point * constructed above for a fixed y is called the projection
of y onto K. We will revisit these in a later section.

2.5. Local Minima are Global Minima. In this section, we will prove an important
fact about convex functions, namely: if a convex function has a local minima at some
point, then it is infact a global minima.

Theorem 2.6. Let f : I — R be a convex function, where IC is a convex set. Suppose
f attains a local minima at some point © € IC. Then, [ attains a global minima at the
point x.

Proof. The proof is straightforward. Suppose f attains a local minima at some x € K.
This means that there is some § > 0 such that

fy) = f(z)

for all y € B,s. For the sake of contradiction, suppose there is some point ' € K
such that

fl@') < f(z)
For ¢t € [0, 1], put
x, =tx+ (1—t)x'

Since f is convex, we know that for any ¢ € [0, 1],

fl@) <tf(x) + (1 -t)f(@) <tf(x)+ (1 —-1)f(x) = f(z)

which is clearly a contradiction for small enough ¢. So,  is a point of global minima.
|

Another fact of the same type is the following.

Lemma 2.7. Let f : K — R be a convex function, where K is a closed conver set.
Suppose x* is the minimizer of f on K. Then for all y € K, we have

(Vf(x*),y—=x") >0

Proof. For the sake of contradiction, suppose the claim is false, i.e there is some y €
such that

(Vf(x"),y —x") <0



ONLINE OPTIMIZATION 13

Next, define the function g : [0,1] — R by the following.

g9(t) = f((1 = t)z" + ty)
Then, observe that
9(0) = f(z")
Also, we have the following by the chain rule, for all ¢ € [0, 1].
gt)=(VI((1-t)z" +ty),y —z")
Above, ¢'(0) should be interpreted as a one-sided limit, where ¢ — 0%. We immediately
see that
J(0) = (Vi(a),y —a) <0
Now, by the definition of the derivative,

#(0) = lim 9() —9(0) _

t—0+ t
This means that, for sufficiently small ¢ € (0,1),
g(t) — 9(0)
t

<0

which implies that
g(t) — g(0) <0
and hence
g(t) < g(0)
But, this means that
f(L =tz +ty) < f(z")

which contradicts the fact that * is the minimizer of f. |

2.6. Convex Projections. Let K C R? be a convex body, and let y € R% The
projection of y onto K is defined as follows.
Ik (y) := argmin || — y||
xzek

In Theorem 2.5, it was shown that if K is a closed convex set, then projections exist.
Projections have a crucial property that we’ll use a lot, known as the Pythagorean
Theorem.

Theorem 2.8 (Pythagoras). Let K C R? be a closed conver set, y € R? and let
x =i (y). Then for all z € K it is true that

ly — z|| = |l — =]

Proof. Consider the function
2
q+|lg—yll
on the convex set K. Clearly, this is a differentiable function, and by hypothesis, it’s
minimizer over K is . We then appeal to Lemma 2.7 (ofcourse using the fact that
norm squared is a convex function); using that lemma, we see that for any z € K, it
is true that
Rr—-—y),z—x)=2(x—-—y,z—x) >0
which implies that
2(y—x,x—2) >0
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Now, for any z € K, we have the following.
ly—zl"=lly -z +=z— =[]
=lly— | +|jz — 2" +2(y - =,z - 2)
> [l — ||

and this proves the claim by taking square roots. ]

3. FIRST ORDER CONVEX OPTIMIZATION

3.1. Gradient Descent. The first convex optimisation algorithm that we will look
at is called gradient descent. Before describing the algorithm, we will prove some
properties of a-strongly convex and $-smooth functions.

Definition 3.1. Let f : K — R be an a-strongly convex and (-smooth function.
Then f is said to be y-well conditioned, where

_a
7T 5

Proposition 3.1. Let f be a v-well conditioned function on a convex domain K. Let
T be any positive integer, called the time horizon. Let xy be a point in KC, and for each
0<t<T—2, let

Typ1 =X — MV
where
Vi =V f(z)
and each n; is a scalar. Also, let
he = f(a) — f(®")
dy = ||y — 27|

where x* is the minimizer of f over IC. Then the following inequalities hold, provided
x, € IC for allt.

(1) he > 5

(2) hy < gdf, provided that IC contains some open ball around x* (which happens
if K =R, the case of unconstrained optimization).

(3) hy > % V12 if e = % for all t.

Ve[

«

(4) hy <

provided KK = R?, the case of unconstrained optimization.

Proof. First, let us prove (1). By the convexity of f and the fact that f is a-strongly
convex, we know the following.

f@) = f(@) + (V@)@ —2") + 5 [|lo — 2|
> f(@") + 5 2 - 2|

= @) + 58
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where in the second step above we used Lemma 2.7 to prove the non-negativity of
the second term. This clearly implies that

he > Sdf

and proves part (1). Note that this inequality still holds even if the function f is not
[-smooth.
Now consider inequality (2). By the fact that f is S-smooth, we have the following.

Fla) < ) + (V@)@ a) + 5l — 2|

By our assumption that some ball around * is contained in K (which is the case for
unconstrained optimization), we know that V f(x*) = 0 (because &* is the minimizer).
This means

p

mggﬁ

which is exactly what we wanted to show.
Let us now prove (3). So suppose 7, = 1 for some 7 (we will eventually let n = %)
By [-smoothness, we have the following.

f(@en) < @) + (VH @), @s = 2) + 5 v - il

which can implies the following.

(@) — f(®eg1) 2 (Vf(ze), @ — T111) — g [Tl
So, we have the following.

he = f(x) — f(x")
> f(®:) = f(@e1)

> (V). @ @) — [ —
= (VS (). n¥0) — o [Vl

s P 2
=n[IVl” = 50° [Vl
1
Note that the above inequality is true for any 1. So, put n = B Doing so, we obtain

1 2
hy > — ||V
2 35 IV
which is exactly what we wanted to prove.
Let us prove (4) now. Let © € K = R be fixed, and consider the following
expression.

f@)+ (V@) z—a) + S|z - |

Since I = RY, this expression attains a global minimum at the point where the
gradient (w.r.t z) is zero, i.e when
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So, for any y, x € K = R?, we have the following, where we substitute the above value
of z in the given expression.

f@) = f(@) + (Vf(@).y —2) + 5 |ly — 2l

IV /()|
>
> fw) - 1
Now, let y = x* and let & = x;. This gives us
INlE
hy <
= 2a
which is what we wanted to prove. |

3.2. The Polyak Step Size. Let hy, d;, V; and 7, have the same meanings as in the
previous section. The Polyak Step Size is defined as follows.

hy
=
Ik
Lemma 3.2. Suppose f is v-well conditioned and xy, ..., x7_1 are such that
h2
dt2+1 <di - —'
I\l
Put
T = argmin {f(x;)}
Then
=
f(®) — T Z hy
t=0
where

. [ Gdy 28d2 4G* T
BT—mln{\/_ T T , Bdg (1 4)

Vil < G
The above condition is the same as Lipschitz continuity.

Proof. First, consider the differences f(x;) — f(x*) for t = 0 to T'— 1. By the fact
that the average is > the minimum, we immediately see that

_ N
f(m)_f(m)gfght

This establishes the first half of the inequality. We now prove the second half, which
is the trickier one.

Now, first consider the case when ||V;|| < G, the Lipschitz continuity case of f. We
know the following.

where for all t,

—h? —h?
d?—i—l d; < Hth2 = G2

The above implies that

1
B, > o

aNed
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Summing the above inequalities from ¢t =0 to t =T — 1, we get the following.
=
2 2
—dp > > n
t=0

The above inequality implies that G*dj is an upper bound of >,
this fact with the Cauchy-Schwarz 1nequahty, we get that

-1,
ho+hi+ ...+ hroy (h B 1) - 1 \/ =0 \/G2d2 Gdy
T - 07 *t0y T*l T7 T T _ \/_ \/_

Next, suppose that f is S-smooth, and that 7, = E for all t. Then, by part (3) of

i 1h2 Combining

Proposition 3.1, we know the following.
h? —h
d2 d2 < ot S t
t+1 t | |Vt| |2 2/8

Again, summing the above inequalities for each t, we get

1T71
—d2>—=> h
T—25; t

which implies

1
Next, suppose f is y-well conditioned, and again suppose that 7, = E By part (3)
Proposition 3.1, we know that
—h? —hy
TP T 28

Also, by part (1) of the same proposition, we know that

he > S
Combining the above two inequalities, we see that
—hu
d2,, —d?> < ——al2
Tt T g T 4pt

which implies that

o< (1-7)d

T
d%g(l—%) 2

Finally, using the inequality hy < Sd% (follows from the fact that * is the minimizer),
we see that

By induction, this implies that

£(&) - fa) < hr < pj < dis (1- 1)

and this proves the claim.
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Finally, suppose f is an a-strongly convex function (and ofcourse we are assuming
that the gradients are bounded by G). Now, by our assumption, we know that

_h2 _h2
d2 o d2 < t t
A AT

By a-strong convexity of f, we have the following.

—h_ —a?d!
G? T 4G?
The above two inequalities combined together give us the following.

a’d?
ozt (1-55)

Multiplying both sides by a?/4G?, we get the following.

o?d7 < ?d? 1 oa?d?
4G? T 4G? 4G*

272
Now let a; = 0‘4(55 . The above inequality can be written as
a1 < at(l - at)
and also
@*d?
an =
RTED

Observe that
Flawo) > fla) + (V). —a) + 2 > fla) + a3

where in the last inequality, we have used the fact that the above inner product is
non-negative, as &* is the minimizer of f. So, we see that

Q@
Gdo = f(xo) — f(2") = §dg
where above we have used the Lipschitz condition. Clearly, this implies that

2G Z Oéd()

which means that
Qo S 1

By induction, and using the fact that a;41 < a;(1 — a;), we can show that

t =

t+1
Next, we know that
hi 2 2
V2~ t t+1

which implies that
hi < G*(df —df,)
Summing the above quantity from 7'=T/2 to T — 1, we see that
9 8G> 16G*

1 — ple
2 2 —
773 2, < T e~ ) = gplore = orl < o
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by using the fact that ap/, < 1/(T/241). So, there is some t between 7'/2 and 7' — 1
such that

16G*
2
LN
which implies that
4G?
hy < —
=ar
and hence we’ve shown all the four inequalities. |

Proposition 3.3. The Polyak step size satisfies
_hg

d?+1 - d? < e 112
Vel

Infact, this holds even in a constrained optimization problem (i.e K need not be R?)
and even if we replace the gradient by a subgradient.

Proof. We will prove this for a general constrained optimization problem. In that case,
the update rules are as follows.

Yir1 =T — Ve 5 T = ey
where II represents the projection. First, observe that
|2 “[(2
ey — 2™]]" < [[yra — =]

which is true by Theorem 2.8 (Pythagoras Theorem). The above inequality gives
us the following.

&1 —2°|” < [ — 0V, — 2|
= |z, — 2" |* + 7 ||Vl |* = 20 (V1 2, — %)
The above inequality can be written as follows.
iy < di + 7 ||IVll* = 20 (Vi — %)

Now, by convexity of f, we know the following.
(@) = f(®) + (Vi @" — @)
Combining the above inequality with the previous inequality, we get the following.
diy < & 07 [Vl = 200(f (m0) — f(2"))
= di + 7 ||V * = 2y
Now, we use the fact that 7, is actually the Polyak step size, i.e

hy
= 3
i
Doing so, we get the following.
h2
dt2+1 < d? - —tz
i

and this proves the claim. |



20 SIDDHANT CHAUDHARY

3.3. Exponential Convergence for Projected GD in Unconstrained Opti-
mization. In this section, we will prove an exponential convergence bound for the
general case of unconstrained optimization, i.e I need not be R%. We have the fol-
lowing theorem.

Theorem 3.4. Let f be a v = a/B-well conditioned convez function on KC. Let ©* be
the minimizer of f on IC. Then, projected gradient descent with n, = 1/ satisfies the
following.

ht+1 < hle_%
Proof. This is just Theorem 2.4 of Hazan’s book. We will just complete the missing
details here.

The only missing detail in the proof is showing the following equality (which is also
problem 6. of the same chapter).

_ 1 .
angain { (V0.2 = ) + 51 o — 2} = argmin e - (22 - n V0
zek Tt zek

This is easy to see, because we have the following.
|z — (2 — mV)||* = ||z — 2 + 0Vl
=l — @il |* + 7 || Vel [* + 200 Vi, 2 — 21)
Observe that the quantity n?||V||* is independent of the choice of . So, minimizing
[l — (z: — 1, V)l[*
Is the same as minimizing
| — @[] + 2m (Vi, @ — @)

which in turn is the same as minimizing

1
(Vi — x4) +2—77t |z — ||

and this proves the equality. |
3.4. Online Gradient Descent. In this section, we will explore the online version
of the usual gradient descent algorithm. As usual, our input will be a convex body IC,

an initial point &; € K, a time horizon T" and step sizes 7;. At each time ¢, the loss
function f; is revealed, and we want to minimize the regret (as we defined before).

T T
regret; = Z fi(xy) — grgnérléz fe(x")
t=1 =1

Algorithm 1 Online Gradient Descent
: Input: K, x1 € C, T, n;
: fort=1to7T do
Play x; and get the cost fi(a;).
Yir1 = ¢ — 1V fo(xy)
xip1 = Hi(Yer1)
end for
return T

IR A S
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Now we will show that this online version of the gradient descent algorithm achieves
sublinear regret.

Theorem 3.5. Let the setup be as above. Then, online gradient descent with step

sizes ny = % fort € [T] achieves the following for all T > 1.

3
regret; < §GD\/T
where G is an upper bound on the gradients, and D is the diameter of the convex body

K.
Proof. First, let

T
xt = argminz fi(x)
=1

zek
Now, by Theorem 2.8 (Pythagoras Theorem), we know the following.
|z — 27||* < |y — 2" |]° = |2 — 0V — ¥
So, we get the following.
@041 — a7 < ||y — 0, Ve — 2*|?
= ||z — @7 [|* + 0 ||Vl [* = 20 (Vi 0 — 27)
Rearranging the above inequality, we get the following.

2 2
< |z, — x*||” — ||z — x|

2(Vy, @ — %) < + ||Vl
Uz
o=l e =P
Ug
Moreover, by convexity of f;, we know the following.
fo(x) — fi(x") < (V2 — )
Combining the last two inequalities, we get the following.
x, — || —||Tre1 —
2<ft(wt)_ft(m*>) < || t || || t+1 || +77tG2

Mt

Note that the above inequality is true for all ¢ € [T']. So, summing the above inequality
for t € [T'], we get the following, where we are using the fact that ||z, — x*|| > 0.

T

T %112 %112 T
. xy —x¥||” — || —
22 :ft(wt)_ft<m)§§ :|| t || 77|| t+1 || _|_G2§ :nt
t=1 t t=1

t=1

T
tzl e Mh—1 Py
T 1 1 T
<Y D? (— - —) G> n
; e Me—1 ; '
T
=D’—+G° Z Tt

I =1
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where above we are using the convention that nio = 0. Finally, by our choice of n;, we
have the following.

1 d D
D?— +G? n=D2—+G —
nr ; ' Z GVt
T
= DGVT + DG —
>
< 3DGVT
and this proves the claim. |

3.5. OGD for Strongly Convex Functions. Next, we will show that for strongly
convex functions, a better step size selection can lead to a better regret bound.

Theorem 3.6. Let K be a convex domain, 1 € K be an initial point, and T be a time
horizon. Let f; be the revealed cost functions. Suppose each f; is a-strongly convew.
Then, doing OGD with step sizes ny = é gives the following regret bound.

G2
regret, < 2—(1 +log T)
a

where G is an upper bound on the gradients.
Proof. The proof is very similar to that of Theorem 3.5. As usual, let
T = arggcln; fi(x

Now, by a-strong convexity, we know that

@) = fil@) + (Via' — )+ 3l -
The above inequality implies the following inequality.
(3.1) 2filw) — fila")) <2 (Vi@ — a) — a ||z, — o
Also, just like in the proof of Theorem 3.5, we have the following inequality.
|| — w*H2 — ||®r1 — iB*H2

Tt
So, from the above inequality and inequality (3.1), we get the following.

2(Vy oy —x*) < + n,G?

[l — 2*||* — || — &°|”

2(fe(®s) — fi(x™)) < m

Finally, summing the above inequalities over all ¢, we get the following, where our
convention is 1/ny = 0, and we are using the fact that ||xr11 — :1:*|| > 0.

T
2regret, < ZHmt —z*| <77_ - — —oz) + G? Zm
t

—1 M1

+ G — alle, — 2|
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and this proves the claim. |

3.6. OGD without knowing D and G. In this section, we will devise an online GD
algorithm which gives the same regret bounds as the one we studied in the previous
sections (i.e O(v/T) regret), but the catch here will be: we don’t actually know what
D and G are. We only know that they exist. Using only this information, we can
prove the following theorem.

Theorem 3.7. Let the notation be as before. Suppose f is a convex function on IC,
such that ||V f(x)|| < G for all x € K and the diameter of KC is D. Further, assume
that the actual values of G, D are not known. For each t € [T, define Dy as follows.

D, =1

D — D, . if ||z — x| < Diy
! 2D, 4 , otherwise

Similarly, for each t € [T, define Gy as follows.

Gy = ||V1||
Gt = maX(thla Hth)

Then, for step sizes n, = G?f/g, OGD gives the following guarantee on regret.

regret; < O(VT)

Proof. As usual, let

T
x" = argminz fi(x)

xzell i—1

First, observe that D; < Dy < --- < Dy and similarly G; < Gy < -+ < Gp. This is
easy to see from the definitions of these sequences.
Now, just as in the proof of Theorem 3.5, we will get the following inequality.

%12 %12
. x —x¥||” — ||z — @
2(ft<$t> _ ft(w )) < || t || 7]t|| t+1 || + Hth2

Note that the above inequality is true for all ¢ € [T]. So, summing over all ¢, we get
the following, where again the convention is 1/7y = 0 and we are using the fact that
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|z —2*[| > 0.

T T
a1 1
2 - regret, < E ||y — *||° (———)—1‘5 e ||Vl
t=1

—1 e Me—1
T 1 1 T
<> D (———>+ | [Vell*
tZ1 e Me—1 tzl s
9 T
DN D
nr —1 Gt\/%

T

D2GrVT D,G
_ DAGrvT | 5~ DGy
Dr t=1 Vi

D2GpT E
<Y 4 DyG =
<=5, T T;ﬁ

D*GVT
Dy
Above, we have used the facts that D;, G; are non-decreasing sequences. Now, observe
that Gr < G (because G is an upper bound on the gradients, and Gr is the maximum

norm of a gradient seen till time T'). So, we get that
2
2 - regret, < %ﬁ + 2DTG\/T

T

< 1+ 2D+GVT

Now, we consider two cases.
(1) In the first case, we have Dy < D. Also, we know that 1 < Dz. So, in this
case we see that
D*GNT
Dr
and hence we have an O(v/T) regret bound.

(2) In the second case, we have D < Dp. Suppose to+ 1 < T is the last time step
when the sequence D; was updated, i.e

Dt0+1 - 2Dt0

Clearly, we see that Dy = Dy +1 = 2D,,. Also, by our definition, this update
happened only because

+2D;GVT < D*GVT +2DGVT = O(VT)

Dty < ||®tg11 — || < D
So, we have that
D, <D < Dy
which is the same as the inequality

D
7T<D<DT

In this case, we have that
D*GNT
Dr

and hence in this case as well, we have an O(\/T ) regret bound.

+2D7GVT < DGVT + 4DGVT = O(VT)
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So, in all cases the given regret bound follows, and this completes the proof of the
claim. -

Lemma 3.8. If the sequence {D;} is defined as in the previous theorem, then for any
T < T, it is true that for allt < T,
|z, —a| < D-
Proof. We will prove this by induction. For the base case, suppose 7 = 1, and we
know that D; = 1. Now, note that
le — CU1|| =0< D1

and this proves the base case.

For the inductive case, suppose the statement is true for some 7. We will prove it

for 7 + 1. Now, if ¢ < 7, then by the inductive hypothesis, combined with the fact
that the sequence {D,} is monotonic, we have that

||mt - m1|| S DT S DT+1
Now, consider the time step 7 + 1. If
||$T+1 - :B1|| < D;
then by definition we know that D,,; = D,, and hence there is nothing to prove. So,
suppose ||€,;+1 — x1|| > D,. In that case, we know that D,.; = 2D,. Now, observe
the following.
|zt — @] < (|27 — 2] + ||z — 4]
< |[aes1 - @] + Ds
Now, because ®,1 = mxc(yr+1), by Theorem 2.8 (Pythagoras Theorem) we have
that
|Trs1 = @[] < ||ye1 — 2|
= [|lzr =0,V — ||
=1 V-]
D,

C/T
<D,

S 'GT

So, combining this with the previous inequality, we see that
||Q37—+1 - 331|| <D;+D;=2D, = DT+1
and this completes the proof by induction. |

3.7. Stochastic Gradient Descent. In this section, we will introduce stochastic
gradient descent and analyse it for two cases: the first case for normal convex functions,
and the second for strongly convex functions.

As usual, we are given a convex set K, and we want to minimize some function f
on K. However, unlike offline GD, we are given access to a gradient oracle, defined as
follows. 3

O(x) ==V,
Moreover, the oracle has the property that

E V.| =Vf(@) EU(%

2
<o
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In simple words, the expected value of the gradient returned by the oracle for a point
x is the true gradient V f(x).

Example 3.1. A version of SGD works as follows: we are given a data set S of
n points, and we want to optimize some parameter 8. The loss function in many
scenarios is of the following form.

where (x;,y;) is the ith data point. So, to compute the gradient VL(0), we need
to iterate over all the data points. which might be costly. Instead, we use SGD, by
randomly sampling an index j (uniformly at random), and computing the gradient

VLg,,,(0). This almost fits in with our oracle description, because the expected value

of the gradient is %@.

Algorithm 2 Stochastic Gradient Descent

: Input: f, IC, &, € K, step sizes n,.

: fort:~1 to 1T do .

Let V; = O(x;) and define f;(x) := <Vt,a:>.

Update Y41 ¢ x; — ﬁt@t

Project @11 = mic(Ys1)
end for

g @y

1y
return Ty = T o Xt

Theorem 3.9. Let the notation be as above. Then SGD with step sizes ny = %
gquarantees the following.

__ . . 3GD
E [f(Z7)] < min f(2") + T

Proof. We will use the regret guarantee of the OGD algorithm as we proved in Theo-
rem 3.5. We have the following. (In the second step below, we use Jensen’s Inequality;
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in the third step, we use the convexity of f.

E [f(w_T)_] — f(z")
< %E Zf(:vt)] — f(z")

IN

1 i *
?E Z (Vf(xy), @ —x )]

t

-2 |5 (S )]

t

o
=T ; fil@:) - ft(w*)]
regre:cT

T
3GD

2T

IN

IN

Ofcourse, here we are heavily using the fact that Theorem 3.5 works for any choice
of f;, i.e the theorem holds against even an adaptive adversary. |

As before, we can make the convergence guarantee of SGD stronger for strongly-
convex functions as we did for OGD. We will now prove this.

Theorem 3.10 (SGD for Strongly Convex Functions). Let the notation be as
above, and in addition suppose f is a-strongly convex. Then, with step sizes 1, = é,
SGD has the following convergence guarantee.

2
E[f(@7)) < minf(a") + %OLTM

Proof. The proof is very similar to that of Theorem 3.9. For each ¢, we define the
following function.

~ Q
g(@) = (Viz)+ 5z 2|
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It is clear that g¢; is an a-strongly convex function for each ¢. Next, we have the
following.

E[f(@r)] - f(=")

| .
< TE _zt:f(mt)] — f(z")
1 .
= +E ;mm» ~ flx >]]
< 7B |3 (Vi@ at) — 3 |l - a;*H2]

t

1 [ ~ o
-3 S () - Sl

t

Now, using the trivial inequality
a 2 _ & 2 @ 2
-3 |, — 27|]” < 3 || — 21" - 5 ™ — 4|

we get the following.

1] - N\« a,
STE Et:<vt,33t—w >+§||$t—331||2_§||1’ _931||2]

7 thgtm) — (")

< regret

- T

- G*(1+41og T)
~ 2« T

where in the second last step we have used Theorem 3.6, the convergence bound of
OGD on strongly convex functions. This completes the proof. ]

Remark 3.10.1. Another way of saying the above theorem is that for strongly convex
functions, the convergence bound is O (%), this notation hides logarithmic factors.
4. REGULARIZATION

4.1. Follow The Leader (FTL). First, let us introduced the so called Follow The
Leader Strategy. Recall that in the OCO framework, our goal is to optimize the regret
of the algorithm. This motivates the following naive strategy: at time step ¢t + 1,
choose the best decision at the time, i.e choose

t
2111 — argmin Y /. (2)

xzell —1

We will now show an example where this strategy fails miserably.
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Example 4.1. Let K = [~1,1] and let fi(x) = 5. Then, we have

fi(z) = {—:v , tiseven

x , otherwise

With these loss functions, it is clear that >>°_, f,(z) = 5 if t is odd, and St () =
=° otherwise. So, the Follow The Leader strategy will fluctuate between the choice of
—1 and 1. Thus at each time step, we incur a loss of %, which is linear regret. So, this
strategy is obviously not the best strategy.

To prevent the algorithm from fluctuating as it did in the above example, we use
the technique of reqularization, i.e instead of juts minimizing Zizl fi(x), we add a
reqularizer R to this sum and minimize the resulting expression. We will now make
this formal.

Definition 4.1. Let R : £ — R be a strongly convex function. Most of the time we
will assume that R is a twice differentiable function, and strong convexity implies that
V2R(x) = 0 for all € K, i.e the Hessian of R at each point is positive definite. The
diameter of K with respect to R is defined as

Dg = /max {R(x) — R(y)}

Definition 4.2. For any norm |[|-||, define the dual norm ||-||* as follows.

y|I" = max (z,y
ol = max (z.2)

Proposition 4.1 (Generalised Cauchy-Schwarz Inequality). For all x,y € V,
where V' is some vector space with positive definit inner product {-,-),

(@,y) <=l |yl

Proof. This is really trivial and follows from the definition of the dual norm: if = 0,

then there is nothing to prove. So, suppose & # 0, and hence ‘L is a unit vector.

x|
Now, from the definition of the dual norm, we see that

xXr
Iyl > <—y>
Bl

The claim follows from here. [ |

Definition 4.3. Given a positive definite matrix A, the matriz norm ||-|| , is defined
as follows.

], = VT Az

Proposition 4.2 (Dual of Matrix Norm). Let A be a positive definite matriz, and
let (-,-) be defined as above. Then, for all x € R",

12l = 1|2l 4

In simple words, the dual norm of the matriz norm induced by A is the matrix norm

induced by A1,

Proof. To be completed. Do this proof! |
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4.2. Bregman Divergence. We have seen this quantity before. In this section, we
will define it more generally.

Definition 4.4. The Bregman Divergence Br (x||y) with respect to a function R is
defined as follows.

Br (z||ly) = R(z) — R(y) — (VR(y),z — y)

For twice differentiable functions R, Taylor’s Theorem gives us the following
expression for the Bregman Divergence between two points.

By (ally) = 5@ — )" V’R(z)( —y) = 3 |l — y|I

Above, z is some point on the line segment between x and y. Note that V2R(z) is
an n X n matrix, and hence the quantity is nothing but the square of the matrix norm
we defined before. Sometimes we will use the notation

1 2
5 ||$ - y||w,y

for the above quantity.
In the OCO framework, as usual we choose points @1, s, ..., 7. Consider consecu-
tive points @, and 2;,;. We will simply use the notation ||-||” to denote the Bregman

2 . . .
- , i.e we will use the notation
tyLt+1

1 2 1
5 Hwt - wt+1||a‘:t,ﬂ)‘t+1 =: 5
4.3. Regularized Follow The Leader (RFTL). In this section, we will see a mod-

ification to the FTL algorithm that actually works very nicely. Let R be strongly
convex, smooth and twice differentiable. Consider the following algorithm.

Divergence ||x; — 11|

Br (z¢||Tes1) = |z — @ ||}

Algorithm 3 Regularized Follow The Leader

1: Input: 7, R, K.
2: Let @y < argmin R(x)
e
3: fort=1to T do
4:  Reveal x;.
5. Observe f; and let V; = V fi(x).
6:  Update: @1 « argmin {n> . (Vs )+ R(z)}
xzell
7: end for

Note that RFTL is very similar to the usual FTL; the only difference is the addition
of the regularizer, and the introduction of the hyperparameter n. We will now prove
some regret bounds for this algorithm.

Lemma 4.3. Consider the RFTL algorithm. For any T, the following is true.
d 1
regretT S Z <Vt, Ly — mt+1> + EDIQQ
t=1

Proof. By convexity of the f;s, we have the following inequality.

(4.1) D film) = fi(@®) <> (Vi@ — )
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Define go(x) = @, and for all ¢t > 1, define g;(x) = (Vy, @).
We claim that for all u € IC,

T
(4.2) > a(w) =D gi@ei)
t=0 t=0
We will prove this by induction. For the base case, note that

go(u) > go(x1)

by the definition of gy and the choice of ;. Now suppose the claim is true for some
T, i.e suppose it is true that

Z gi(u') > Z 9t(Te11)

for all v’ € K and we will prove it for 7+ 1. We want to show that

T4+1 T4+1

D 9w =D giwi)

Now by our choice of @, 5, we know that

T+1 T+1
> g(w) =D gi(@r)
t=0 t=0

= gr+1(Try2) + Z 9t(T7+2)

t=0
> gri1(@Tryn) + Y gi(@i11)
t=0
T+1
= Z 9t(Ti41)
t=0

and hence this proves our claim (4.2) by induction.
Now, (4.2) implies that for all u € K,

T

go(u) + th(u) > go(x1) + th(mt—i-l)

t=1
which implies that

T T

- th(u) < —go(®1) — th(mtﬂ) + go(u)

t=1 t=1
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So, it follows that

S gul) — glw) <

ge(®:) — gi(xiy1) + go(u) — go(z1)

NE

-+
Il

1

- th(wt) — gi(®iy1) + M
= th(mt) — g1(®Te41) + DT%%

1

-
I

and combining the above inequality with inequality (4.1), the lemma is proven. |

Theorem 4.4. For all u € IC, the following is true.

T
N R - R
regret, < 2772 V.72 + Rlu) - R(@1)

t=1

Proof. We will use Lemma 4.3 (the previous lemma) to prove this; infact, this in-
equality is just a consequence of the previous lemma. For ease of notation, define ®,
as follows.

O(x) =1 (Vs z)+ R(z)

s=1
Then observe that in the RFTL algorithm, x;,, is picked to minimize ®;. Now, by
the definition of Bregman Divergence, we can write

Qu(xs) = Py(xi41) + (VO @i11), T — 11) + Bo, (4] |T111)
> Oy(x441) + Bo, (x¢]|T141)

Above, we have used the fact that (V®,(x:y1), ; — @i11) > 0 (recall Lemma 2.7).
Now, also note that the function ®; is a sum of linear functions and the regularizer R.
Clearly, at any point in it’s domain, the Hessian of &, will be equal to the Hessian of
R, since the Hessians of the linear terms will vanish. So, we see that

Dy(@e11) + Bo, (@] [®e11) = Po(@i11) + Br (@] [@141)
Combining the last two inequalities, we get the following.
Br (xi|[Tir1) < Po(@:) — Po(@er1)
=& () — Proa(®i1) + 1 (Ve 2 — xp11)
<n(Vi, T — x441)

where in the last step we have used the fact that ®;_;(x;) — ®;_1(@;11) < 0. Now, by
the generalised Cauchy Schwarz Inequality along with the above inequality, we have

(Vi@ — 1) < nllxe — @eally, o, IVl
=0V 2Bg (@[zi0) - [[Vell}
<20 (Ve — @) - || Vi)
Squaring and rearranging the above inequality, we get the following.
(Vi —xi00) < 20| V4]

The above inequality combined with Lemma 4.3 proves the theorem. |




ONLINE OPTIMIZATION 33

Remark 4.4.1. So, if there is an upper bound on ||V,||;, say G, then we can take
step size n; = (]})_\};E to get O(v/T) regret bounds.

4.4. Online Mirrored Descent. Didn’t get time to typeset notes for this; but this
is a very important idea. check out the book for this.

5. APPENDIX

5.1. Singular Value Decomposition. In this section, we will explore the singular
value decomposition of a matrix.

Let A be an n x d matrix. Consider the rows of A as n data points living in R?. The
singular value decomposition of A finds the best linear subspace of R? that contains
these points. There are various notions of best, but in our case, best will mean the
following: we want to minimize the sum of the squares of the (perpendicular) distances
of the points from the subspace. By the Pythagorean Theorem, this is equivalent to
maximising the sum of the squares of the lengths of the (orthogonal) projections of
the points onto the subspace. We will now make all of this formal.

5.1.1. Singular Vectors. As above, let A be an n x d matrix, where the rows of A are
interpreted as n data points. Suppose these rows are ay, ...,a, € R? Consider the
best fit line through the origin, and let v be a unit vector along this line. The length
of the projection of a; onto v is clearly |a;-v|, and hence the squared projection length
is |a; - v|?. So, it follows that the sum of the squares of the projection of the points

onto this line is
n
> lai-vf? = [ Av|]
i=1

With this observation, the first singular vector v, of A is defined to be

v; = argmax || Av||
|lvf[=1
(Clearly the maximum exists because the given function is continuous on a compact
domain). Also, note that this argmax need not be unique. The first singular value is
defined as

a1(A) = [[Av,|

So it is clear that o} is the sum of the squared lengths of the projections of the points
onto the best fit line.

Now, inductively, successive singular values can be defined as follows: suppose sin-
gular vectors wvy,...,v;_; are defined, and let the corresponding singular values be
01, ...,0,_1. We define the ith singular vector as follows.

v; = argmax ||Av||
vl(vi,...,vi—1),||v]|=1
So, the vector v; is defined to be the minimizer of the same quantity as before, with
the condition that v; must lie in the space orthogonal to the first i — 1 singular vectors.
The corresponding singular value is defined as follows.

0i(A) = ||Avi]]
The process stops at some r < n, where

argmax =0
176(’01,...,1)7>,||U||:1
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Theorem 5.1. Let A be an n x d matriz with singular vectors vy, ...,v,. For1 <k <,
let Vi, be the subspace spanned by vy, ..., v. For each k, V} is the best fit k-dimensional
subspace for points in A.

Proof. For a proof, look at Theorem 3.1 of Kannan’s book on Foundations of Data
Science. This just shows that the greedy algorithm to find the best k-dimensional
subspace works. |

Proposition 5.2. Let r be the integer where the process stops. Then,

Do lall* =Y of(A) =4l
i=1 i=1

where ||-||  is the Frobenius norm of a matriz.
Proof. This is actually very easy to see; just look at the discussion in the book. ]

Definition 5.1. The vectors v,, ..., v, constructed above are called the right singular
vectors of A. By definition, these vectors are orthonormal. For each 1 < i < r, the
unit vector

A’Ui

is called the ith left singular vector of A.

5.1.2. Singular Value Decomposition. As above, let A be an n X d matrix with right
singular vectors vy, ..., v, and singular values o4, ..., o,.. Let the left singular vectors be
Uy, ..., u,. Observe that the matrix aiuiv;f is a rank one matrix. The next theorem
shows that the matrix A can be written as a sum of rank one matrices of the above
form.

Theorem 5.3. Let the notation be as above. Then,

r
E T
A= o;u;Y;
i=1

Proof. The proof of this is rather straightforward. Note that two real matrices A and
B of the same dimensions are equal if and only if Av = Bwv for all vectors v. We will
use this fact. Let

r
E : T

M = o;u;v;
i=1

We will show that for all i, Av; = Mwv;. We claim that this is enough to show that
A = M. To see this, observe that the v;s are orthonormal; hence, any vector v can
be written as a linear combination of v;s and some vector orthogonal to all the v;s, i.e
some vector in the kernel of A. So, if Av, = Mw; for each i, it follows that Av = Mwv
for all vectors v, and that will prove that A = M.

Showing that Av; = Mwv; is straightforward.

r
M’UZ‘ = E O'j’l.l,j’U]T'l)z‘ =0o;U; = A'Ul'
=1

and this proves the claim. |
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5.1.3. SVD as a matrix product. The SVD of a matrix A can also be written in a more
convenient form, which we will now see.

Proposition 5.4. Let r be any positive integer. Let xy,...,x, and y,...,y, be d-
dimensional vectors. Let cq,...,c, be real numbers. Let X be the d X r matriz whose
columns are x;s, Y be the d X r matriz whose columns are y;s, and let C be the r X r
diagonal matriz which has cq,...,c, as it’s diagonal entries. Then

Z cia:iyiT = XCcy”?
i=1

Proof. The proof of this follows from the distributive law of matrix multiplication.
Write X as a bunch of matrices with all but one non-zero columns. Write C' as a
sum of matrices with all but one diagonal non-zero. Similarly, write Y7 as a sum of
matrices with all but one row non-zero. Then apply the distributive law. |

Corollary 5.4.1. If A is an n X d matriz, then the SVD of A is
A=UoVT"

where U is the matriz whose columns are the left singular vectors of A, o is the
diagonal matriz whose diagonals are the singular values of A, and V' is the matrix
whose columns are the right singular vectors of A.

Proof. This is immediate from the previous proposition and the SVD of a matrix. W

5.2. The Moore Penrose Pseudo Inverse. Suppose A is an n X n square matrix.
Suppose the SVD of A is

A= UO'VT = ZO’AA)U{U?
=1

where as usual u;, v; are the left and right singular vectors, and U, V have the
same meaning as before. Note that the left and right singular vectors have the same
dimensions, because A is a square matrix. Also, by definition, note that o;(A) > 0 for
all 1 <i <r (after all, we ignore zero singular values).

Consider the matrix B defined by the following.

~ 1
BZE aul = VotUu”
2 ai(A)vZuZ o U

where o™ is the r x r diagonal matrix whose diagonal entries are the inverses of the
diagonal entries of 0. We will show that
BAx =«x

for all & in the span of the right singular vectors of A. For this reason, the matrix B
is called the Moore-Penrose Pseudo Inverse of A, as it acts as an inverse.
To see this, first observe the following.

BA = (Z al-(A)'viu;?F) < aj(lA) um?)

i=1 j

Jj=1
r
= E 'Ui’UiT
=1
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The above equation is true simply because the left singular vectors are orthonormal,
and so are the right singular vectors. Now, suppose x is in the span of {vy,...,v,}, i.e
suppose

r=a,v+ -+ av,

Again, using the fact that the v;’s form an orthonormal system, we have the following.

r
T T
< E v;; > (CLl'Ul + -+ CL,«’U,,«) = E Clj’Ui'l)i ’Uj
i=1

1<i,j<r

,
= E @;V;
i=1

=x
and we’ve just shown that
BAx =«
and this proves the claim.

5.3. Matrix Differentials. Let F : M,,(R) — M,(R) be a differentiable map. To be
completed.

5.4. Fenchel Conjugates and Fenchel Duality. In this section, we will see how
strong convexity is really smoothness looked at from a different perspective. This
phenomenon is called Fenchel’s Duality.

Definition 5.2. Let f be a function defined on a suitable domain. Then the Fenchel
conjugate f* is defined as follows.

£(6) = max (w, 8) — f(w)
The Fenchel-Young inequality immediately follows from this: for all w,
[1(0) =2 (u,0) — f(u)

Definition 5.3. A convex function f is said to be closed if for all & € R, the sublevel
set {&¢ € domf | f(x) < a} is a closed set. Section to be completed.

5.5. A simple fact about projection onto simplex. Throughout this section, let
A,, denote the n-simplex. First, observe that A, is contained in a hyperplane; to see
this, it is enough to observe that if 8 € A,,, then we know that

i=1

So, 0 lies in the hyperplane described by the equation
wiz—1=0
where w = (1,1,...,1). Also, this shows us that w is normal to the hyperplane
containing A,,.
Now, consider the following definition.

S:={0+tw |0 cA,tecR}

Geometrically, S is the set obtained by swiping the set A,, along the axis parallel to w;
for example, in R?, the set S will be an infinite length prism, because As is a triangle.
It is also clear that S is a convex set.
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We claim that projecting a point in S to A, is easy; for any point y of the form
y =0 + tw where 8 € A,, and t € R, we have

(5.1) Ia,(y) =6
Geometrically, all we are doing is dropping a perpendicular from y onto the set A,,.
To prove this, first note that if @ € A,,, then the vector 8’ — 0 is orthogonal to the
vector tw (because w is a normal to the plane). So, this gives us the following for any
0 cA,.

16"~ y||* = 116" - 6 — tw]|’

=11 = 611" + ¢ |||

Above, we simply used the Pythagoras Theorem. So, it follows that ||@' — y||* is

minimised at the point 8" = 6, and this proves equation (5.1).
Now, let y € R" be any point. We will now prove the following equation.

(5.2) A, (y) = a, (Hs(y))

In simple words, to find the projection of y onto A, it is enough to find the projection
of y onto S, and then project the result onto A,,. Let us now prove this. Now, suppose
IIs(y) = 6 + tw for some t € R and some 8 € A,. We claim that the vectors w and
0 + tw — y are orthogonal. To see this, define the following function on R.

h(z) = 1|6 + 2w — y||*
Clearly, h is a differentiable function on R, and h attains a minimum at the point
x =t. So, it follows that h'(t) = 0. But, note that
h'(t) =2 (w,0+tw—y)=0
and so it follows that the vectors w and 0 + tw — y are orthogonal.

Next, suppose 8’ € A, is an arbitrary point. We claim that the vectors tw and
0’ + tw — y are orthogonal. To see this, note that

(tw, 0" +tw —y) = (tw,0' — 0+ 0 +tw — y)
= (tw, 0 — 0) + (tw, 0 + tw — y)
=0+0

where the first quantity is 0 because w is a normal vector to the plane containing A,,,
and the second quantity is zero which was just shown above.
So, we have the following, where we are just using the Pythagorean Theorem.

2 2
10" = yl|” = [|6' + tw — tw — y]|
= *[Jow||* + |6 + tw — ||’

So, minimizing ||@' — y||* is the same as minimizing ||’ + tw — y||*. But, we know
that this minimum is achieved for 8’ = 0, because Ilg(y) = 8 +tw. So, it follows that

IIa,(y) = 6 =14, (Is(y))
and this proves equation (5.2).
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