Advanced Topics in Machine Learning and Algorithmic Game Theory
Lecture 1: October 31, 2011

Lecturer: Yishay Mansour Scribe: Shat Hertz, Tamar Lavee

1.1 Regret Minimization: An Online Learning Model

In the regret minimzation model, an agent performs an action a (out of N possible actions),
for which he receives some value loss(a). We can also think of a full information model, in
which the agent gets for each action a function f that is used to calculate the loss for every
possible action: loss(a) = f(a). This process is repeated T times, where 7" is unknown in
advance to the agent.

The target of the agent is to minimize the sum of losses over all T" iterations. Specifically,
we’ll use adverserial model, in which some adversary creates our series of losses, that is
unknown in advance. In this model the absolute loss is not bounded, so we would like to
compare it to the minimal possible loss. We define the regret as the difference between the
absolute loss of our agent and the loss of an agent who always performs a constant 'minimal
loss” action aj:

T T
Zloss(aﬁ) < (minZloss(a§)> + Regret
t=1 gl

We can use regret minimization to model online learning: In every step the agent receives
an input z;, chooses a hypothesis h; and outputs h.(z;). Than he sees the loss I(h, ¢).

For example, let’s think of our way from home to work as a graph in which our home is the
source s, our work is the target ¢t and each edge has a weight that corresponds to the traffic
jam on this specific route (see figure 1). The action is choosing a specific path from s to ¢
(note that there’s an exponential number of such actions), and the loss is the sum of the
edges on this path. If d; is the weight function for day t, we can write our loss as:

loss(py, d;) = Z di(e)

ecpt

In this example, the benchmark to which we’ll compare our loss is a constant path for all
days, which minimizes the sum of losses. Obviously, we can outperform this benchmark by
choosing a different (minimal) path for each day.

Typically, algorithms in this model are greedy, either randomized or regularized.
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Figure 1.1: A graph representing all possible routes from home to work. The weights of the
edges correspond to the traffic between two nodes. In this particular day, the best way from
home to work is: s-A-E-F-t.

1.2 Online Convex Optimization

In this model, our actions belong to a convex set K (e.g. the interval [0, 1]). In each step:
1. The learner chooses z; € K.
2. The learner gets a convex cost function f; : K — R.
3. The loss is fi(x).

Since each f; is convex, so the sum ), f; is also convex and therefore its minimum is well

defined.

1.2.1 Follow the Leader (FTL)

The naive algorithm for this setting is the ”"Follow the Leader” (FTL) algorithm. In this
algorithm, in each step we choose the best z; so far:

—1
x; = argmin Z fr(x)
reK T

However, this approach can lead to unbounded loss. For example, consider K to be the real
line segment between —1 and 1, and fy = %a:, and let f; alternate between —x and x. The
FTL strategy will keep shifting between —1 and 1, always making the wrong choice. FTL
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final loss will be T', while the loss of any fixed x will be 0! Thus, the high fluctuation is a
major drawback of FTL.

A possible solution to this problem is discretization. Note that this approach does not use
the convexity assumption.

Assume that the derivative of every f; is bounded, and let G = max; |% fi]- We would like
our grid to be fine enough such that for each point, the value of f; on its neighboring grid
points will be "close enough’ (e-wise) to its actual value. For example, for K = [0, 1]¢, we will
need (%)d grid points (the number of actions in our model). Now we can use Randomized
Weighted Majority algorithm (for example) which guarantees a bound of 1/T'log N. Hence

for this discretization the regret will be bounded by /7 - d - log (%)

1.2.2 Regularized FTL

In this solution, we add regularization to the naive FTL in order to reduce its fluctuation.
Our input will be:

e 17 > 0 - Learning rate

e R - Regularization function, assumed to be strongly convex and smooth (has a contin-
uous second derivative)

e K - Action space, a convex set

The RTFL Algorithm is shown in algorithm 1. Note that we assume that f; is linear, and
therefore we use it as a vector.

Algorithm 1 RFTL

ry = argminR(z)
zeK
fort=1to T do

predict x;
observe f;
update x4y q:

t
Ty = argmin [nz féx+ R(x)

reK

s=1

(I’t (m)

end for
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Special Cases

The following examples are known algorithms that can be seen as special cases of the RFTL
algorithm.

e Multiplicative Updates:
K=A,={ze[0,1]":> x; =1}
R(z) =z -logz = > z;logz;

We get that the update function is:

(I)t( ) i [Wz (Z fsz) + x; logxz]

i=1
We can find analytically the z that minimizes ®;:

0

t
B (x):n-me—l—long—l:O

s=1

xt+lz—c eXp Zfsz

Where C' is a constant, that ensures that z;,, € An:
1

C =
Sexp(=n - Yoy fog)

e Gradient Descent:
K ={x € (0,1)" : ||z]| = 1} (Unit ball)
R(z) = 3llal}
As before, let’s look at the derivative of ®y(x):

0
oz,

_77 Zfsz+xz—0

Therefore:

t t—1
L4145 = _an.fs,i =-C (ans,i - 7]ft,i> = (thz TIfm)
s=1 s=1

Where C is a constant that normalizes x;, 1. Thus, the updating rule is:

_ —nfi
|ze — nfill2
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Regret Bound for the RFTL Algorithm

Definition For a positive semi-definite matrix A, the A-norm of z will be defined as
|z||la = VaT Az, and the dual norm of this matrix norm will be denoted by |[|z|/* = ||x|| 4-1.

Let’s denote the diameter of K as measured by the regularization function R by D

D = max(R(u) — R(x1)).

ueK

We'll set A to be:
A = max f'[V2R(z)] " fi.

taxeK

So, A is a measure of the magnitude of the cost function f, using the dual V2R (z)-norm.

Theorem 1.1 The RTFL algorithm guarantees that for every wu:
Regret < Z 5 (z —u) < 2V2AD

For example, in multiplicative updates: R(z) = = -logz, VR(z) = logx + 1, V2R(z) is a
matrix whose diagonal is %
Therefore:

A= fYV2R(z) 1 = Zf2xl<le_1

(We assume that every |f;| < 1, and since K is a simplex)
We also know that D = R(u) — R(z1) < logn.
Hence from the theorem we get that the regret bound for multiplicative updates is 2+/27 log n.

To prove the above theorem, we’ll first use a lemma that will relate the regret to the stability’
in prediction:

Lemma 1.2 For every u € K the RFTL algorithm guarantees the following:

Z fi(y) Z Je(ze) = fe(zeg)] + %[R(U) — R(x1)]

Proof: For simplicity, we'll use fo(z) = %R(m), and then we can write the update rule

as:

Typ1 = argmin E fs(x

zeK =0
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We’ll prove by induction on 7' that:

T T
> @) = fw)] <Y [fulw) = filwi)]
t=0 t=0
Induction base: By definition we have x; = argminR(z). Therefore we are certain that
reK
for all w:
fo(z1) < folu)
Thus:

fo(wo) = fo(u) < folxo) = fola1)

Indcution step: We'll assume that for 7" we have:
T T

Z[ft(fft) — fi(w)] < [fe(xe) — fi(meq)]

t=0 t=0
Now we’ll look at T+ 1, i.e., the choice of Xr,5. Since xr, o = argmin ZtT:ng fi(z) we have
reK

that for every u:
T+1 T+1 T+1

th(xt) - th(u) < fe(xe) — th(iUTH)

t=0 t=0

S
+
=

~+
Il
()

]~

fi(xe) = fe(rrg2)] + fra(@rir) — frea(Trg2)

t=0

[ft(xt) - ft(%ﬁﬂ)] + fT+1($T+1) - fT+1($T+2)

IA
N oo+
210

[fe(we) = fe(@eg1)]

~
[e=]

where the inequality in the third line follows form the induction assumption.

Now we can conclude:
T

ZUt(xt) — fi(u)]

t=0

> i) = fuw)] + folwo) — folu)

o~
Il
—

[M] =

[ft(xt) - ft(xt+1)]

-+
Il
o

I
[M] =

[fe(@e) = fe(zes1)] + folxo) — fo(w1)

i
I\
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Therefore:
D filwe) = Aw)] <Y lfilwe) = flwe)] + (= folwo) + fo(w) + folwo) — folxn)]

Il
]~

o) — fulwen)] + %[R@) — R(z)]

t=1

Now we can return to our theorem.

Proof: From the Taylor expansion of ®; and since K and R are convex, there exists a
point z; € [T441, 2] for which:

1
Oy () = Py(2111) + (2 — 2041) VO 2011) + 5”3% — x|,

1
= q)t<l't+1> + §th - xt—‘,—l”i

(Since ;41 minimizes ®;, we have V®,(z;11) = 0)

Therefore:
20 — 2o |2, = 2[Pe(21) — Po(2e11)]
= Q[q)t—l(l"t) - ét—l(xt-l-l)} + 277ftT(37t - $t+1)
< 277ftT($t - $t+1)

since z; minimizes ®; 1 ().
By the generalized Cauchy-Schwartz inequality,

Ji (e — zo) <AL - e — el

Combining the two together:

S @ = 2o < 1A /2008 (@0 — @)
We'll square both sides and use our defined A to get:

S (@ — men) < 2n(]1f)%,)7 < 2nA

Now we shall sum over ¢ and use the lemma to get:

S e =) ST+ (200) + L R(u) = Rle)] < 27T+ D
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D

sy U0 achieve the desired regret bound:

We will choose n =

T
> fF (@ —u) <2V20DT
t=1

1.2.3 Primal-Dual Algorithm

We now turn to look at another algorithm which uses Bregman Divergence. We can think
of Bregman divergence as a generalized metric, which is not necessarily symmetric and for
which the triangle inequality doesn’t necessarily hold.

Definition Bregman divergence B¥ is defined as:

B(z|ly) = R(z) — R(y) — (x —y)" - VR(y)

Examples:
L. R(z) = 3]zl = VR(y) =y

The Bregman divergence for this function:

1 1
BR(ally) = S el = Syl - (e — 9"y

1 1
= Sllal3+ Sl — =

1
= Sl =l

We got that the Bregman divergence of this regularizer is proportional to the squared
Euclidean distance.

2. R(p)=>_pi-Inp; = > p; = VR(q) =Ing
The Bregman divergence for this function:

BR(P“Q) = Zpi “Inp; — Zpi - Z%’ “Ing; + ZQi - Z(pz - Qi) In g
= Zpihl% +Z% - Zpi

Note that the first term of this expression is the Kullback-Leibler divergence between
p and q.
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Algorithm 2 Primal-Dual
Let K be a convex set, n > 0, R(x) a convex regularization function
fort=1to T do
predict x;
if t =1 then
choose y; such that VR(y;) =0
else
choose y; such that VR(y;) = VR(zi—1) — 0V fi_1(x41)
end if
Update using a projection according to B

Ty = argminBR(:cHyt)
reK

end for

The Primal-Dual algorithm, like RFTL, computes the next prediction using a simple
update rule. We will use Bregman divergence to define a dual space in which the algorithm
will search for the best choice of x;,;. The specific algorithm is shown in algorithm 2.

For the special case of linear cost functions, the Primal-Dual and the RFTL algorithms
are identical - they will produce an identical set of points x;.

Regret Bound for the Primal-Dual Algorithm

Theorem 1.3 Suppose that R is such that B (z|y) > ||z — y||* for some norm.
Denote || fi(x,)||* < G, and BE(z||z,) < D?.

Then, applying the Primal-Dual algorithm with n = —2

2G.T

will guarantee:

Regret < DG.VT
Proof: Since the functions f; are convex, for any x* € K,

flw) = fila™) < Vfilw)" - (2, — 27)
A useful property of the Bregman Divergence is:
B (z|ly) — B"(x|l2) + B"(yl|=)
= R(x) = R(y) — (z —y) ' VR(y) — R(z) + R(2) + (z — 2)"VR(z) + R(y) — R(z) — (y — 2)" VR(2)
= —(z = y)"VR(y) + (x — 2)'VR(2) = (y — 2) 'VR(2)
= (z = )" (VR(z) - VR(y))
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From the definition of the Primal-Dual algorithm:
1
V filze) = E(VR(%) — VR(Yt+1))

Combining these properties:

[fe(ze) = felz")] < Vft(l‘t)T(l‘t — ")
[VR(%) VER(ye1)](x — %)

(VR(y41) — VR(ye) " (2" — )
(B (" ||x) — B™(a*||ye41) + B (@ l|yis1)

(B (2" |2e) — B (@™ |2e41) + B (we]lyer1)

SIHSIHJIH$I

The last inequality follows from the fact that z;,; is the projection w.r.t the Bregman
divergence of y;,1 and z* € K which is convex.
Summing over all iterations we get:

T
1
2Regret < ;[BR(x*Hxl) — BR(z*||xp)] + Z (¢|lyesr)
1 1 _
< EDZ + 52 B (x4]|ye11)
—1

We proceed to bound BE(z||ys41). By definition of Bregman divergence, we get:

B (@il|yer1) + B (yrnllze) = (VR(x:) = VR(Yrs1)" (2 — Yr41)
= vat(ﬁt)T(ﬂvt — Yi11)
< nUIVAE) D)™ - 2 — yea |
< IV ful@)I)? + |z = yea |
<G+ ||z — Y|
Where the inequality in the third row follows from the generalized Cauchy-Schwartz inequal-

ity, and the fourth row follows from the simple fact: 2zy < 22 + 3%
Thus, by our assumption that Bf(z||y) > ||z — y||* we get:

B¥@|lyer1) < PG+ || — yera IP — B (yesa | ze)
< n’G?
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Plugging that into the regret expression, and using 1 = ﬁf, we conclude:

111
Regret < 3 {—DQ + nTGf} < DG*\/T
n

11



