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Abstract

We introduce a general class of learning algorithms, which we call regret-matching algorithms,
along with a general framework for analyzing their performance in online decision problems. In
an online decision problem, an agent repeatedly chooses from a set of actions and receives a
reward that depends on its choice of action. Our analytical framework is based on a set ¢ of
transformations over the agent’s set of actions. We calculate a ®-regret vector by comparing the
average reward obtained by an agent over some finite sequence of rounds to the average reward that
could have been obtained had the agent instead played each transformation ¢ € ® of its sequence of
actions. Regret-matching algorithms select the agent’s next action based on the vector of ®-regrets
and a link function f. In this paper, we derive bounds on the regret experienced by (®, f)-regret
matching algorithms for polynomial and exponential link functions. In special cases, we improve
upon the bounds reported in past work. Of greater interest, though, is the fact that our analysis
is more general than others because it does not rely on Taylor’s theorem. Hence, we can analyze
algorithms based on a wider variety of link functions, in particular non-differentiable link functions,
such as the class of polynomial link functions.

1. Introduction

In this paper, we introduce a general class of learning algorithms, which we call regret-matching algo-
rithms, along with a general framework for analyzing their performance in online decision problems
(ODPs). In an ODP, an agent repeatedly chooses from a set of actions and receives a reward. The
particular reward function that applies at any given round is not revealed until after the agent has
made its choice of action for that round. Additionally, the reward function may change arbitrarily
from round to round; no underlying assumptions govern the reward dynamics.

Online decision problems encompass a wide variety of machine learning settings. Consider an
agent learning in an infinitely repeated matrix game, for example. The reward dynamics are jointly
determined by the matrix and the behavior of the other players. An ODP—with arbitrary reward
dynamics—is sufficiently general to model the nonstationarity of multiagent learning.

In this paper, we study regret-matching algorithms, a class of “regret-minimization” algorithms.
The power of regret-matching algorithms is that they minimize regret in any ODP, that is, an agent
learning via regret-matching in an arbitrary ODP does not experience too much regret for not having
played alternative sequences of actions other than the one it did in fact play.

(©2006 Amy Greenwald, Zheng Li, and Casey Marks
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Following Greenwald et al. (2006), our analytical framework is based on a set ® of transformations
over the agent’s set of actions. We calculate a ®-regret vector by comparing the average reward
obtained by an agent over some finite sequence of rounds to the average reward that could have
been obtained had the agent instead played each transformation ¢ € ® of its sequence of actions.
Regret-matching algorithms select the agent’s next action based on the vector of ®-regrets and a link
function f. Many well-studied learning algorithms can be viewed as instances of regret matching
(e.g., Freund and Schapire (1997) and Foster and Vohra (1999)).

Like Cesa-Bianchi and Lugosi (2003), we derive bounds on the regret experienced by (@, f)-regret
matching algorithms for polynomial and exponential link functions. In special cases, we improve
upon the bounds reported in their work. Of greater interest, though, is the fact that our analysis
is more general than theirs because it does not rely on Taylor’s theorem. Hence, we can analyze
algorithms based on a wider variety of link functions, in particular non-differentiable link functions,
such as the class of polynomial link functions.! In ongoing work, we are studying regret-matching
algorithms with alternative link functions, beyond polynomial and exponential.

This paper is organized as follows. In Section 2, we formally present our analytical framework,
building up to the definition of regret-matching algorithms, which is presented in Section 3. In
Section 3, we also prove the regret-matching theorem, which states that regret-matching algorithms
satisfy a property related to Blackwell’s condition for approachability (1956), applied in the regret
domain. Next, in Section 4, we present our main analytical tool, which is inspired by the work of
Gordon (2005). In Section 5, we derive and optimize bounds for specific regret-matching algorithms,
namely those based on polynomial and exponential link functions.

2. Formal Framework

In this section, we present formal definitions of the key concepts in our analytical framework: action
transformations, the regret vector, and link functions.

2.1 Online Decision Problems

An online decision problem is parameterized by a reward system (A, R), where A is a set of actions
and R is a set of rewards. A real-valued reward system is one in which R C R. When we restrict
our attention to bounded (real-valued) reward systems, we assume WLOG that R = [0,1]. Given a
reward system (A, R), we let I = {f : A — R} denote the set of reward functions.

In this paper, we assume that the agent’s action set A is finite. We denote by A(A) the set of
probability distributions over the set A, and we allow agents to play mized strategies, which means
that rather than selecting an action a € A to play at each round, the agent learns a probability
distribution ¢ € A(A). Hence, round ¢ (for t = 1,2,...) proceeds as follows:

1. the agent chooses a mixed strategy q; € A(A),
2. the agent plays an (pure) action a; ~ gy,

3. the agent receives reward r.(a;) € R,

4. the agent is informed of r, € II.

The last step, in which the agent is informed of the reward function r; (i.e., the rewards associated
with actions it did not choose to play) characterizes informed ODPs, which are the subject of this
work. Without this step, informing the agent of only r;(a;), instead the setup would be that of a
naive ODP. See Auer et al. (1995), for example, for consideration of the naive setting.

1. There appears to be a problem with the analysis in Cesa-Bianchi and Lugosi (2003). Taylor’s theorem is applied
to the polynomial (potential) function G(z) = ||x+||12, for p > 2, whose gradient is the polynomial link function.
In doing so, the authors implicitly assume that G is twice differentiable everywhere. However, G is not twice
differentiable on the boundary of the negative orthant (see Appendix B, Lemma 21).
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Definition 1 Given a reward system (A, R), a particular instance of an online decision problem
can be described by a reward schedule, that is, a sequence of reward functions {r:}32,, where ry € 11,
so that ri(a) € R corresponds to the reward for playing action a at time t > 1. A bounded ODP
is an ODP over a bounded reward system.

Given a reward system (A, R), the set of histories of length t > 1 is given by H; = A* x II*. We
define Hy to be a singleton and we let H = U2 H; denote the complete set of histories.

Given an ODP, the particular history ({a,}._;, {r;}._,) corresponds to the agent playing a, and
observing reward function r, at each time 7 = 1,...,t. An online learning algorithm is a sequence
of functions {L,}{2,, where L, : H;_1 — A(A) so that L,(h) € A(A) represents the agent’s mixed
strategy at time ¢ > 1, having observed history h € H;_;.

2.2 Action Transformations

Fix a (finite) set of actions A. An action transformation is defined as a function ¢ : A — A(A). We
let ®p, = Parr(A) denote the set of all action transformations over the set A. Following Blum and
Mansour (2005), we also let Pgwap = Pswar(A) C Porr denote the set of all action transformations
that map actions to distributions with all their weight on a single action: i.e., pure strategies.

There are two well-studied subsets of @gwap: the set of external transformations and the set of
internal transformations. Let 6, € A(A) denote the distribution with all its weight on action a. An
external action transformation is simply a constant transformation, so for a € A,

W w6, forallze A (1)

An internal action transformation behaves like the identity, except on one particular input, so for
a,be A

(a)b) o0 ifzx=a

NT { 0, otherwise (2)
We let ®Ppxr = Ppxr(A) denote the set of external transformations and @y = P (A4) denote
the set of internal transformations. Observe that |®gwap| = |A|4, |®nr| = |A]2 — |A] + 1, and
|‘I)EXT| = |A|

An action transformation can be extended so that its domain is the set of mixed strategies. Given
an action transformation ¢ : A — A(A), let [¢] : A(A) — A(A) be the linear transformation given
by

([gl@)a) = > ala) 3)
for all ¢ € A(A), for all a € A.

2.3 The Regret Vector

Given a reward system (A, R), a reward function r € II, an action a € A, and an action trans-
formation ¢ € 4., the ¢-regret is given by p?(a,r) = Eqpa)lr(a’) — r(a)]. This quantity is
the difference between the rewards the agent obtains by playing action a and the rewards that the
agent could have expected to obtain by playing the transformed action ¢(a). Given a set of action
transformations ® C ®,,,, the ®-regret vector is given by p®(a,r) = (p®(a,7))pca. In this work, we
restrict our attention to finite action transformation sets ® C ®,;; so that, for real-valued reward
systems, the ®-regret vector is an element of finite-dimensional Euclidean space.

Given an ODP {r;}2°; and an infinite sequence of the agent’s actions {a,}>°, the cumulative
D-regret vector at time t > 1, where ® C ®,,,, is computed as follows:

t

R} ({ar}, {rr}) = ZP@(GWTT) (4)

T=1
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The cumulative ®-regret vector compares the cumulative rewards obtained by the agent with the
rewards that the agent could have expected to obtain by consistently transforming each of its actions
according to each ¢ € ®. We define RY ({a.},{r,}) =0.

We sometimes treat cumulative regret as a function from histories of length T to regret vectors,
in which case we write R (h), for h € Hr and ¢t < T.

When considering a particular ODP {r;}$2, together with an online learning algorithm {L;}72,,
we treat cumulative regret as a random vector over a probability space whose universe consists
of infinite sequences of the agent’s actions {a-}32; and whose measure is defined by the learning
algorithm. Formally, this measure can be defined inductively as follows: for all « € A,

Prlas=alar=a;, V7=1,...,t —1] = Li((a1,...,04-1), (r1, ..., 7e—1)) () (5)

In this case, we write R and p for the cumulative and instantaneous ®-regret vectors, respectively.

2.4 Link Functions

Given two sets X and YV, XY = {f : Y — X}. If |Y| = n < oo, then RY is isomorphic to
R™. We denote the positive and negative orthants of R™ by R} = {z € R" | z; > 0, Vi} and
R™ = {x € R" | ; < 0, Vi}, respectively. A link function f : R® — R™ is a function that is
subgradient to a convex function F' : R” — R, sometimes called a potential function. By the next
lemma, without loss of generality, we can assume that the co-domain of any link function f is the
positive orthant R if f is subgradient to a convex function F' : R” — R that is bounded on the
negative orthant: i.e., F(R”) C (—o0, k], for some k < co.

Lemma 2 The co-domain of a link function f : R™ — R"™ that is subgradient to a convex function
F :R"™ — R which is bounded on the negative orthant is the positive orthant: i.e., f : R™ — R.

The proof of this lemma appears in Appendix A.

Although our main analytical tool, which bounds the regret accumulated by regret-matching
algorithms, can be applied more broadly, we demonstrate its efficacy on two classes of link functions,
the polynomial and the exponential, which give rise to two well-studied classes of regret-matching
algorithms. The polynomial link function f;(x) = (xj)p_l with parameter p € R, where a™ =
max{a, 0}, for all a € R. The exponential link function f;(z) = e’ with parameter n € R.

3. Regret-Matching Algorithms

In this section, we define a general class of online learning algorithms, which we call regret-matching
algorithms,? that are parameterized by a set of action transformations ® and a link function f.
In addition, we prove the regret-matching theorem, which states that the algorithms in this class
satisfy the generalized (@, f)-Blackwell regret condition.

3.1 Generalized Blackwell Regret Condition

Blackwell’s seminal approachability theorem (1956) provides a sufficient condition for the players’
time-averaged payoffs to “approach” a closed subset of R™ in a vector-valued repeated game. Given
a set ® of action transformations, in the repeated game whose payoffs are ®-regret vectors, we
obtain from Blackwell’s theorem a sufficient condition for the players’ online learning algorithms to
exhibit no-®-regret (see Definition 17). We call this the “®@-Blackwell regret condition.” Here we
present the generalized (@, f)-Blackwell regret condition, which, if the link function is taken to be
the polynomial link function with p = 2, reduces to the ®-Blackwell regret condition.

2. We co-opt this terminology from Hart and Mas-Colell (2001), whose regret-matching algorithms based on ®gxt
and the polynomial link functions are instances of this class.
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Algorithm 1 (P, f)-RegretMatchingAlgorithm(ODP {r;}¢2,, numRounds T)
1: initialize X$ =0
2: fort=1,...,7 do
3:  sample pure action a; ~ g

4:  observe reward function 7;

5. for all ¢ € ® do

6: compute instantaneous regret =i = p®(as, ;)

7: update cumulative regret vector X = X?_l + xf
8 end for

9. let gs11 = (@, f)-ComputeMixedStrategy (X ;?)

10: end for

Definition 3 Given a reward system (A, R), a finite set & C ®,,, of action transformations, and
a link function f :R® — Ri, an online learning algorithm {L:}2, is said to satisfy the generalized
(®, f)-Blackwell regret condition if f (R{ 1 (h)) - Eemr,n) [p®(a,7)] <0, for all times t > 1, for all
histories h € Hy—1 of length t — 1, and for all reward functions r: A — R.

3.2 Regret-Matching Algorithms

Fix a real-valued reward system (A, R), a finite set & C ®,,;, of action transformations, and a link
function f : R® — Rf. For any history h € H;_1, recall that the quantity R ;(h) denotes the
cumulative regret, through time ¢ — 1, for not having played according to the action transformations
contained in ®. If RY | (h) € R®, so that each element of the regret vector is non-positive, then
the agent does not regret its past actions. In this case, a (®, f)-regret-matching algorithm leaves
the agent’s next play unspecified. But if R? ;(h) ¢ R®, so that the agent “feels” regret in at
least one dimension, then applying the link function f to this quantity yields a non-negative vector,
call it Y,® € Rf. Normalizing this vector, we compute the linear transformation M; as a convex
combination of the linear transformations [¢] as follows:

¢
vt~ Zoca W10 "

Ypea Ve

The function M; maps A(A), a nonempty compact convex set, into itself. Moreover, M is continuous,
since all ¢ € ® are linear functions in finite-dimensional Euclidean space, and hence continuous.
Therefore, by Brouwer’s fixed point theorem, M; has a fixed point ¢ € A(A). A (P, f)-regret-
matching algorithm plays the mixed strategy ¢ whenever R ,(h) ¢ R®.

The pseudocode for the class of (P, f)-regret-matching algorithms is shown in Algorithm 1. The
cumulative regret vector is initialized to zero. For all times t = 1,...,T, the agent samples a pure
action a; according to the distribution ¢;, after which it observes the reward function r;. Given ay
and 7, the agent computes its instantaneous regret with respect to each ¢ € ®, and updates the
cumulative ®-regret vector accordingly. A subroutine is then called to compute the mixed strategy
that the agent learns to play at time ¢ + 1. In this subroutine, the link function f is applied to the
cumulative ®-regret vector. (Recall that the co-domain of a link function is the positive orthant.)
If this quantity is zero, then the subroutine returns an arbitrary mixed strategy. Otherwise, the
subroutine returns a fixed point of the stochastic matrix M;.

Many well-known online learning algorithms arise as instances, or close cousins, of Algorithm 1.
The no-external-regret algorithm of Hart and Mas-Colell (2000) (Theorem B) is the special case of
(®, f)-regret matching in which ® = ®pxy and f is the polynomial link function with p = 2. The
no-internal-regret algorithm of Foster and Vohra (1999) is equivalent to (®, f)-regret matching with
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Algorithm 2 (®, f)-ComputeMixedStrategy(regret vector X )

1: let Y2 = f(X}?)

2: if ¥,* = 0 then

3:  set ¢ € A(A) arbitrarily

4: else

5 let My =3 e Y?[0l/ D pcd v’
6:  solve for a fixed point ¢ = M(q)
7. end if

8: return ¢

® = @, and the polynomial link function with p = 2.3 If f is the exponential link function, then
(®, f)-regret matching reduces to Freund and Schapire’s Hedge algorithm (1997) when & = ®py
and a variant of an algorithm discussed by Cesa-Bianchi and Lugosi (2003) when ® = ®y.

3.3 Complexity

Each iteration of Algorithm 1 has time complexity O(max{|®||A|?, |A|?}), assuming the time com-
plexity of f is linear in ® (as it is for the polynomial and exponential link functions). Updating
the cumulative regret vector in steps 5-8 of Algorithm 1 takes time O(|®||A|), since computing
instantaneous regret for each ¢ € ® (step 6) is an O(]A|) operation.  In Subroutine 2, step 1
takes time O(|®|), by assumption. If we view the mixed strategy transformations [¢] as |A| x |A|
stochastic matrices, then we can also view M; as an |A| x |A| stochastic matrix, as it is a convex
combination of the elements of ®. Computing M, in step 5 takes time O(|®||A|?), since each matrix
[¢] has dimensions |A| x |A]. Finding the fixed point of an n x n stochastic matrix, which can be
accomplished, for example, via Gaussian elimination, is an O(n3) operation.

If, however, ® C ®gyap(A), then this time complexity reduces to O(max{|®||A|,|A|>}), since in
this special case, (i) computing instantaneous regret for each ¢ € ® (step 6 of Algorithm 1) takes
constant time so that updating the cumulative regret vector takes time O(|®|); and (ii) computing
the stochastic matrix M; in step 5 of Subroutine 2 is only an O(|®|| A|) operation, since there are only
|A| nonzero entries in each ¢ € ®. In particular, if ® = @y (A), then the time complexity reduces
to O(JA|?), because |®1xr(A)| = O(JAJ?). Moreover, if ® = ®yy(A), then the time complexity
reduces even further to O(|A|), because matrix manipulation is not required in the special case of
O pxr-regret matching. The rows of M are constant: each is a copy of the (normalized) cumulative
regret vector, which is precisely the fixed point of M. In particular, for all ¢ € A(A),

> pedpr Yo 9]
@
2056 PExT Yt

o 1 ifa=d
Yaea { 0 otherwise

M(q) : a (9) (7)

Za’EA }/ta,
Y;a
= = v (9)
Za’GA Y;E
Observe that M;(q) is independent of ¢, so that
}/ta
q:a— == (10)
Za’GA th

3. Foster and Vohra (1999) calculate the fixed points of a stochastic matrix that is derived from the internal regret
vector. Their matrix is identical to M in its off-diagonal entries up to normalization; consequently, both matrices
have the same set of fixed points (Greenwald et al. (2006)).
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Algorithm 3 (®py., f)-ComputeMixedStrategy(regret vector X/)
let Y4 = F(X7)
if YA =0 then

set ¢ € A(A) arbitrarily
else

for all a € A do

set ¢q = }/ta/ ZaGAY

end for
end if
return q

is the unique fixed point of M;. Subroutine 3 computes the mixed strategy for an external regret-
matching algorithm: at time ¢ 4 1, play action a with probability proportional to Y.

The space complexity of Algorithm 1 (and Subroutine 2) is O(|®||A|?) = O(max{|®||A[?, |A|*})
because it is necessary to store the |®| matrices, each with dimensions |A| x |4|, and computing
the fixed point of an |A| x |A| stochastic matrix (via Gaussian elimination) requires O(]A|?) space.
If, however, ® C ®gyap(A), then the space complexity reduces to O(max{|®||A|,|A|?}), since, in
this case, there are only |A| nonzero entries in each ¢ € ®. In particular, if ® = ®;yr(A) then the
space complexity reduces to O(]A|?), since it suffices to store cumulative regrets in a matrix of size
|A] x |A|. Similarly, if ® = ®pxr(A) (Subroutine 3), then the space complexity reduces to O(|A]),
since it suffices to store cumulative regrets in a vector of size |A|. Our discussion of the time and
space complexity of Algorithm 1 and its subroutines is summarized in Table 1.

Table 1: Complexity of (®, f)-Regret Matching

Time Space
O C Dy | O(max{|Q[|A], IAI D | O(2[lA]%)

® C Doap | O(max{|Pf|A], [A]*}) O(max{[|A], [A]”})
D = Py O(|A| ) O(|A| )

3.4 Regret-Matching Theorem

We now prove the regret-matching theorem, which states that each (®, f)-regret-matching algorithm
satisfies the generalized (®, f)-Blackwell regret condition (with equality).

Theorem 4 (Regret-Matching Theorem) Given a real-valued reward system (A, R), a finite set
® C ®,,, of action transformations, and a link function f : R® — Ri, the (D, f)-regret-matching
algorithm {L:}{2, satisfies the (P, f)-Blackwell regret condition (with equality).

Proof For all times ¢ > 1 and for all histories h € H,_1, we abbreviate as follows: Y,* = f (R?_,(h)).
Since f is a link function, Y;® is non-negative. If ¥,® is the zero vector, the result follows immediately.
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Otherwise, for all reward functions r : A — R,

Y Eonr,n (0% (a,7)] (11)
= > Y’ (Banrm [P(a7)]) (12)
peP
= D Y- [9l(Le(h) = - Ly(h)) (13)
pcd
= Y VP ([8)(Le(h) - Li(h)) (14)
pcP
= | Y YPl(Li(n) = Y VPLi(h) (15)
Ped PP
Y ses Yo' l9) )
= S v =22 2 (n,(h) = Li(h 16
q; <Z¢€¢Yt¢((>) (h) (16)
= 7o)V (My(Li(h) = Le(h) (17)
pcP
=0 (18)

Line (18) follows from the definition of a (®, f)-regret-matching algorithm, which ensures that L;(h)
is a fixed point of M;: i.e., My(L:i(h)) — L¢(h) = 0. Line (13) can be derived as follows: for all
ge A(A), forall p € &, foralla € A, forallr: A — R,

Eq~qg [p¢(a, r)} (19)
= Eang[r(¢(a)) —r(a)] (20)
= Eavg [r(¢(a))] = Eang [r(a)] (21)
= r(¢(a)) q(a) — ) r(a)q(a) (22)
a€A acA
= > ra) g(a’) | =Y r(a)g(a) (23)
acA a’:¢p(a’)=a acA
= Y r@(@l@)(a) = Y r(a)q(a) (24)
a€A acA
= r[llg)—7-q (25)
Line (23) follows from the fact that 3, 4 7(¢(a))q(a) = 3 ca (@) X141 6(a)=ary 2(0)-
Line (24) follows from the definition of [¢]. ]

In the next section, as a consequence of the regret-matching theorem, we derive a general bound
on regret-matching algorithms. Later, we instantiate this general bound to derive specific bounds
for particular choices of (classes of) link functions and particular sets of action transformations.

4. A General Bound on Regret Matching

In this section, we derive a general bound on regret-matching algorithms. Our foundational result
is a corollary of (what is essentially) Gordon’s Gradient Descent Theorem (2005), also presented in
this section, which bounds the growth rate of any real-valued function on R™.
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Definition 5 A Gordon triple (G, g,v) consists of three functions G : R® — R, g : R® — R", and
v :R™ = R such that for all x,y € R", G(z +y) < G(z) + g(x) -y + v(y).

Given a Gordon triple (G, g,7), if G is smooth and g is equal to the gradient of G, then ~(y) is
a bound on the higher order terms of the Taylor expansion of G(x + y).

Theorem 6 (Gordon 2005) Assume (G, g,7) is a Gordon triple and C : N — R. Let X, € R",
let ©1,x9,... be a sequence of random wvectors over R™, and define Xy = X;—1 + x¢ for all times
t>1.

If, for all timest > 1,

9(Xim1) -Elr | X +Efy(ae) | Xia] C0) aus, (26)

then, for all times t > 0,
t

E[G(X)] < G(Xo) + Y _C(7) (27)

T=1
Proof The proof is by induction on ¢. At time t = 0, E[G(X;)] = G(Xo) and 3" _, C(7) = 0.
At time ¢t > 1, since X; = X1 + 2¢ and (G, g,7) is a Gordon triple,

G(Xt) = G(Xt71 + .It) (28)
< G(Xp-1) +9(Xi—1) - @+ () (29)

By Assumption 26, taking conditional expectations w.r.t. X;_1 yields

E[G(X:) | Xi-1] G(Xi—1) +9(Xe—1) - Elwy | Xea] +Ey(2e) | Xo—1] (30)

G(Xi—1)+C(t) as. (31)

IN A

Taking expectations and applying the law of iterated expectations yields

E[G(X))] = E[E[G(Xy) | Xi-]] (32)
< E[G(Xi—1)]+C(t) (33)
Therefore, by the induction hypothesis,

ElG(Xy)] < E[G(X:1)]+C(t) (34)

t—1
< G(Xo)+ > Clr)+C(t) (35)
= G(Xo)+ > C(r) (36)
|

We apply Gordon’s theorem to derive the following corollary:

Corollary 7 Given a real-valued reward system (A, R) and a finite set ® C ® 4, of action transfor-
mations. If (G, g,v) is a Gordon triple, then a (®, g)-regret-matching algorithm {L:}22, guarantees

E [G(R)] < G(0) +t supy (o (a, 7)) (37)

at all times t > 0.
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Proof For all times ¢t > 1, for all histories h € H*~!, and for all reward functions r : A — R,
g (R?fl(h)) “Eanr,(n) [p‘I> (a, r)] = 0, by the regret-matching theorem. The only part of the history
through time ¢t — 1 that impacts the agent’s mixed strategy at time ¢ is the cumulative regret vector;
hence, we rewrite E,z,(n) [p%(a,7)] as E [pf | RY_,]. It follows that g (Rf ) -E [pf | R?_,] = 0.
Now apply Theorem 6 with z; = pf, Xy = R, and C(t) = sup,, .y (p®(a,7)), noting that R§ = 0. B

5. Bounds on Specific Regret-Matching Algorithms

We now apply Corollary 7 to particular Gordon triples to derive bounds on the regret experienced
by agents that employ polynomial and exponential regret-matching algorithms. In doing so, we rely
on three Gordon triples. The proofs that our choices of the functions G : R” — R, g : R — R",
and v : R™ — R are indeed Gordon triples are relegated to Appendix B.

We rely on the following lemma in deriving our bounds.

Lemma 8 Given a reward system (A,R) and a finite set of action transformations ® C ®,,,,
let f,f' be two link functions, both mapping R® to Rf. If there exists a strictly positive function
¥ : R® — R such that ¢(z)f(z) = f'(x) for all z € R®, then a (®, f)-regret-matching algorithm is
also a (D, f')-regret-matching algorithm.

Proof For arbitrary time ¢ > 1 and for history h € H;_1, let M; and M| be defined according to
Equation 6 for f and f, respectively. Since % is strictly positive, M; = M/ so that a (®, f)-regret-
matching algorithm plays a fixed point of M/, whenever RY |(h) ¢ R®. ]

5.1 Polynomial Regret-Matching Bounds
The polynomial regret-matching algorithms are based on the polynomial link function f;(z) =

(x;r)p_l with parameter p € R. We divide our analyses of these algorithms into two cases: 2 < p < oo

and 1 < p < 2. In both cases, we rely on the following two lemmas.

Lemma 9 If x is a random vector that takes values in R™, then (E [max; z;])? <E [||x+||g} , for all
p,q =1
Proof . .
q q
(B [maxai])” < @ [le*] D)7 < (B[l 1,]) <B[l=*1;] (38)
The first two inequalities follow from the following two facts, respectively: for all x € R"™,

e max; z; < max; z] = max; [z} | = |77 ||

* [[#lloo < lz[lp, for all p > 1

The third inequality follows from Jensen’s inequality: in particular, (E[z])? < E[z4], for all ¢ > 1.
|

Given a (finite) set of actions A and a finite set of action transformations ® C ®,,,, the maz-
imal activation, denoted pu(®), is computed by maximizing, over all actions a € A, the number of
transformations ¢ that alter action a: i.e.,

u(®) = max [{6 € © - 6(a) # o) (39)

Clearly, u(®) < |®|. In addition, observe that u(Ppxr) = p(Pwr) = |A| — 1.

10
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Lemma 10 Given a bounded reward system (A,[0,1]) and a finite set of action transformations
O C D, [p2(a@,n), < (u(®)VP. for all reward functions r : A — [0,1].

Proof Since rewards are bounded in [0, 1], regrets are bounded in [—1, 1], so that

o™ (@ r)llp = o D (p?(a,r)P < o[> Loayza < /(@ (40)

PP ped

We are now ready to bound the ®-regret of polynomial regret-matching, that is, regret-matching
with the polynomial link function f;(x) = (:Cj)pil. We state two theorems, the first pertaining to

2 < p < oo and the second pertaining to 1 < p < 2.
Lemma 11 For 2 < p < oo, if G(x) = ||z 7|2,
0 ifx <0
gil@) = { o . (41)

—<_—  otherwise
llz*115

and y(x) = (p — 1)||z|2, then (G,g,7) is a Gordon triple.

Proof See Appendix B.

Theorem 12 Given a bounded ODP, a finite set of action transformations ® C ®,,,, and a poly-
nomial link function f with 2 < p < 00, a (P, f)-regret-matching algorithm guarantees

E[malef]g p-1 1(®) (42)

at all timest > 1.

Proof Let (G,g,v) be the Gordon triple defined in Lemma 11. By Lemma 8, a (®, f)-regret-
matching algorithm is also a (®, g)-regret-matching algorithm. Now

(Eln]) < eflonry] g
= E[G(R)] (44)
< G(0)+tsat7lgv(p¢(a,r)) (45)
= G0)+ 10~ 1) (sup 1. r)1?) (46)
< tp— 1)(u(@)> (47)

The first inequality follows from Lemma 9, with 2 = Rf, ¢ = 2, and 2 < p < oo. The second
inequality is an application of Corollary 7. The third inequality follows from Lemma 10. Hence,

E |:I;1aXR¢] Vil — 1)/ u(®) (48)

£ [mea§ ¢ R¢] \/7]</— “9)

from which it follows that

11
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Lemma 13 For 1 <p <2, if G(z) = ||zT|]5, gi(x) = p(a] )P, and y(z) = ||z|8, then (G, g,7) is
a Gordon triple.

Proof See Appendix B.

Theorem 14 Given a bounded ODP, a finite set of action transformations ® C ®,,,, and a poly-
nomial link function f with 1 <p <2, a (P, f)-regret-matching algorithm guarantees

1 1
E SR < (31 o 50
[glggt t] = (@) (50)
at all timest > 1.

Proof Let (G,g,v) be the Gordon triple defined in Lemma 13. By Lemma 8, a (®, f)-regret-
matching algorithm is also a (®, g)-regret-matching algorithm. Now

(lr]) = =[] o
= E[G(R})] (52)
< t sat}}?w (pcb(a, r)) (53)
= ¢ sup 1% (a,r)||? (54)
< tu(P) (55)

The first inequality follows from Lemma 9, with z = RF, ¢ = p, and 1 < p < 2. The second
inequality is an application of Corollary 7. The third inequality follows from Lemma 10. Hence,

E R?| < ¢/t u(® 56

s ? | < ¢/0(E) (50
from which it follows that )

E SR <G o/ (@ 57

ma | < ¢ ¢/ 57

]

5.2 Exponential Regret-Matching Bounds

Next, we bound the ®-regret of exponential regret-matching, that is, regret-matching with the
exponential link function f;(x) = €™ with parameter ) € R.

Lemma 15 If

elxi
gi(z) = > enti
J

and y(x) = 2|x||2,, then (G, g,~) is a Gordon triple.

Proof See Appendix B.

12
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Theorem 16 Given a bounded ODP, a finite set of action transformations ® C ®,,,, and an
exponential link function f with parameter n > 0, a (P, f)-regret-matching algorithm guarantees

(60)

[E——
|
E
o
N3

at all timest > 1.

Proof Let (G,g,7) be the Gordon triple defined in Lemma 15. By Lemma 8, a (®, f)-regret-
matching algorithm is also a (9P, g)-regret-matching algorithm. Now

E b ﬁRf
o] = B ne -
ped
— (G (RY) %
< n(G(0)+tsup7(p‘1’(aaT))) (63)
1 t
= (Aol + 2 s ot 64
2
— 1n|<1>|+777t (65)

The first inequality follows from the following observation: for all x € R"™,

max z; = max Ine” = Inmax e* < lnz e (66)
[3 7 T -

K2

The second inequality is an application of Corollary 7. Hence,

In|®| nt
E R?| < - 67
{glgg t} - n + 2 (67)
from which it follows that I [
n n
- < i
" [glgg Rt} - ot 3 (68)
|

5.3 Summary of Bounds

We have considered two classes of algorithms, polynomial and exponential regret matching, each
of which has a single parameter, p and 7, respectively. Table 2 summarizes the bounds we derived

on E [max¢eq> %Rﬂ Our two analyses of polynomial ®-regret matching (Theorems 12 and 14)

agree when p = 2. In addition, for finite ® C ®,;,, our bounds on polynomial ®-regret matching
for 2 < p < oo agree with those of Cesa-Bianchi and Lugosi (2003), although their bounds are
computed in terms of the number of experts rather than the number of action transformations. For
polynomial external and internal regret matching, however, we improve upon the bounds that can
be derived immediately from their results. Though the improvement is small for external regret
matching (from a bound proportional to {/]A[ to a bound proportional to {/]A] — 1), it is more
significant for internal regret matching (from |A|?/? to (|A| — 1)'/7).

13
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Table 2: Bounds for polynomial and exponential regret-matching algorithms.

fi(x) Condition | Bound for finite ® C ®,,;, Bound for ®qxr,Prxr

(zf)P~! 2<p<oo \ B W/E{/|A|—1
(rfpt 1<p<2 H t5=1) ¢/TAT =
<I>

; 1 In |®| n
T4 n
e n>0 o T

?T

‘ +

(SIS

Finally, observe that for any ® C ®,,,, polynomial regret matching has the property that

lim E {max Rt} =0 (69)

t—o0 PeEDP

while exponential ®-regret matching has the property that

lim E [max R¢] 77 (70)
t—o00 pcd t 2

In particular, the bound on the time-averaged ®-regret of any polynomial algorithm is eventually

better than that of any exponential algorithm.

5.4 Optimal Parameters

We now consider the task of optimizing the parameters in the polynomial and exponential regret-
matching algorithms so as to minimize the corresponding bounds. For the polynomial algorithms,
we derive the optimal value of the parameter p; previously, only approximately optimal values were
reported. Also, we find that no matter how we tune the parameters of an exponential algorithm,
any polynomial algorithm eventually achieves a lower bound on its regret. However, for sufficiently
large action sets, a properly tuned exponential algorithm obtains a lower bound on its regret at a
target time ¢ than any polynomial algorithm.

The bound for polynomial regret matching derived in Theorem 14 for 1 < p < 2 is strictly
decreasing in p; hence p = 2 is the optimal setting. By considering the partial derivative with
respect to p of the bound derived in Theorem 12 for 2 < p < oo, we find that we can minimize this
bound by setting p = p*(®), defined as

(@) _{ P(u(@)) for u(®) > e (71)

] 2, otherwise

where ¥(z) = Inz + y/(Inx)? — 2Ilnz. Combining these results, we see that in fact p = p*(®) is
optimal for all 1 < p < oco. This result is similar to the optimal parameter for the p-norm regression
algorithm calculated by Gentile (2003). Cesa-Bianchi and Lugosi (2003) suggest setting p = 21n ||,
which nearly optimal when p(®) = |®|. In particular, if we choose p = 21Inu(®), although this
choice is suboptimal, as Gentile (2003) observes, it yields a simpler bound, which differs from the
optimal only by lower order terms.

Considering the partial derivative with respect to the parameter n of the bound derived in
Theorem 16 for exponential regret matching, we find that the optimal setting of n depends on the
time ¢ at which we want to optimize the bound. The best bound at time ¢* is obtained by setting
n=n*(P,t*), where
21n|P|

(D, 1) =
n*(®,1) ;

(72)

14
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Plugging n*(®, t*) into Equation 60 we find that an optimized exponential regret matching algorithm
guarantees
1 2In|®
E |max —R{ | < ﬁ (73)
ped t t*

(This result was obtained by Cesa-Bianchi and Lugosi (2003).) For large enough action sets (|A| > 4
for ®pyxr, |A| > 13 for ®pyr), an n* (P, t*) exponential algorithm will have a lower bound than any
polynomial algorithm at t = ¢*. For small action sets, however, an optimal polynomial algorithm
will have a lower bound than any exponential algorithm for all times ¢.

6. Related Work

The literature is rife with analyses of regret-minimization algorithms defined within a variety of
frameworks, giving rise to a variety of definitions of regret. Generally speaking, each regret frame-
work is characterized by a set of transformations of the agent’s history of actions. The regret vector
is then defined as the difference between the rewards the agent obtained and the rewards the agent
could have obtained had it played according to each transformation of its history of actions.

Given a precise definition of regret, there are two broad classes of results about online learning
algorithms. Bounding results, derived primarily by computer scientists, provide functions that bound
the expected cumulative (or time-averaged) regret vector at a particular time ¢ when an agent plays
according to a particular algorithm. Convergence results, derived primarily by game theorists,
establish guarantees on the behavior of the time-averaged regret vector as ¢t — oo.

A commonly studied regret property is the “approachability” (in the sense of Blackwell (1956))
of the negative orthant by the vector of time-averaged regrets. Equivalently (for finite-dimensional
regret vectors), we may say that R_ is approachable by the maximal entry in the time-averaged
regret vector. Approachability necessitates uniform convergence: the sequence in question must
converge to the set in question at a uniform rate, regardless of the ODP.

Weaker convergence results are also possible. The time-averaged regret vector may converge
to a set almost surely (with probability 1) or, weaker still, in probability. Note that an o(t) (i.e.,
sublinear) bound on the expected time-averaged regret vector yields an in-probability convergence
result (see Appendix C, Proposition 23). Note also that approachability is stronger than both almost
surely convergence and convergence in probability.

Regret Varieties The three most commonly studied forms of regret are external, internal, and
swap. The notion of “no regret” (e.g., no external regret, no internal regret) is used by some to
indicate approachability of the negative orthant and by others to indicate almost surely convergence
or convergence in probability to the negative orthant. We adopt the first interpretation.

Definition 17 Given a reward system (A, R) and a finite set of action transformations ® C ®,,,,
an online learning algorithm {L:}52, is said to exhibit no-P-regret if for all e > 0 there exists

to > 0 such that for any ODP, Pr [Elt > 1o s.t. maxgecae %Rf > €| <e.

The notion of external regret is attributed to Hannan (1957). Indeed, the no-external-regret
property is often called “Hannan consistency,” although it is also sometimes called “universal con-
sistency” (Fudenberg and Levine (1995)). Foster and Vohra (1999) introduced the notion of internal
regret, and Blum and Mansour (2005) introduced the terminology “swap regret.”

Convergence Results Closest to our framework is the ®-transformation framework introduced
in Greenwald and Jafari (2003) and extended in Greenwald et al. (2006). Here, we consider transfor-
mations from the set of pure strategies (i.e., actions) A to the set of mixed strategies A(A). There,
a transformation ¢ € ® is a mapping from A(A) to A(A). Given a sequence of actions {a;}2,
they compare the rewards the agent obtains by playing {a;}{2; to the expected rewards that could
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have been obtained by playing ¢(a;) at each time step ¢. For all finite @, they exhibit no-®-regret
algorithms based on the polynomial link function with p = 2.

Hart and Mas-Colell (2001) limit their investigations to external regret and internal regret, the
latter of which they call “conditional regret.” They exhibit a class no-regret algorithms paramterized
by potential functions, which includes the polynomial regret-matching algorithms studied here.

Lehrer’s (2003) approach combines “replacing schemes,” which are functions from H x A to A,
with “activeness functions” from H x A to {0,1}. Given a replacing scheme g and an activeness
function I, Lehrer’s framework compares the agent’s rewards to the rewards that could have been
obtained by playing action g(h¢,at), but only if I(h:,a;) = 1. Lehrer establishes the existence of
(no-regret) algorithms whose regret with respect to any countable set of pairs of replacing schemes
and activeness functions, averaged over the number of times each pair is “active,” approaches the
negative orthant. Lehrer’s proof, however, is non-constructive.

Fudenberg and Levine (1999) suppose the existence of a countable set of categories ¥ and consider
“classification rules,” that is functions from H x A to ¥. They then compare the agent’s rewards
to the rewards that could have been obtained under sequences of actions that are measurable with
respect to some classification rule. Their framework is a special case of Lehrer’s. Fudenberg and
Levine derive a variant of fictitious play, “categorical smooth fictitious play,” with parameter € that
guarantees that the limsup of the maximal entry in the time-averaged regret vector converges to
(—00, €] almost surely, a property they call “e-universal conditional consistency.”

Young (2004) presents “incremental” conditional regret-matching algorithm, a variant of poly-
nomial internal regret matching with p = 2. Rather than playing the fixed point of an |A| x |A|
stochastic matrix, the computation of which is an O(]A|®) operation, this algorithm incrementally
updates its mixed strategy based on the cumulative internal regret vector, whose maintenence is
only an O(|A|?) operation. Young argues that via incremental conditional regret-matching, the
time-averaged internal regret vector converges to the negative orthant almost surely. Presumably,
this result can be generalized to yield a class of no-regret algorithms parameterized by ® and f.

Bounding Results Freund and Schapire (1997) introduce the Hedge algorithm. Inspired by the
method of Littlestone and Warmuth (1994), they derive a bound on its external regret.

Herbster and Warmuth (1998) consider a finite set of “experts,” which are functions from & :
N — A. For each &£, they compare the agent’s rewards to the rewards that could have been obtained
had the agent played according to £(t) at each time ¢. They present an algorithm and prove a
bound on its regret, with respect to alternatives constructed by dividing its history into finite-length
segments and choosing the best expert for each segment.

Cesa-Bianchi and Lugosi (2003) develop a framework of “generalized regret.” They rely on the
same notion of experts as Herbster and Warmuth (1998), but they pair experts fi,..., fy with
activation functions I; : A x N — {0,1}. At time ¢, for each ¢, if I;(as,t) = 1, they compare the
agent’s rewards to the rewards the agent could have obtained by playing f;(¢). This approach is
more general than our ®-transformation framework in that alternatives may depend on time. At
the same time, it is more limited in that it cannot represent swap regret.

Blum and Mansour (2005)’s framework is similar to Lehrer’s. Their “modification rules” are
the same as Lehrer’s replacing schemes, but instead of activeness functions, they pair modification
rules with “time selection functions,” which are functions from N to the interval [0, 1]. The rewards
an agent could have obtained under each modification rule are weighted according to how “awake”
the rule is, as indicated by the corresponding time selection function. They present a method that,
given a collection of algorithms whose external regret is bounded above by f(t) at time ¢, generates
an algorithm whose swap regret (and hence, internal regret) is bounded above by |A|f(t).

Bounding and Convergence Results Foster and Vohra (1999) define “no internal regret” to
mean “the expected internal regret is o(t)” (i.e., convergence in probability to the negative orthant).
They derive a learning algorithm that satisfies this notion, and they also prove that the internal
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Approachability Almost Surely Convergence Bounding
Lehrer (2003) . Blum and Mansour (2005)
SWAP Greenwald et al. (2006) Fudenberg and Levine (1999) the present study
Foster and Vohra (1999) Foster and Vohra (1999)

INT Hart and Mas-Colell (2001) Young (2004) Cesa-Bianchi and Lugosi (2003)
Hannan (1957)

EXT Freund and Schapire (1997)
Herbster and Warmuth (1998)

Table 3: Related Work. Note that approachability results subsume almost surely convergence results. Also,
SWAP results subsume INT results, which in turn subsume EXT results. However, many of these results are
more general than their entry in this table suggests. For example, the framework of Herbster and Warmuth
(1998) deals with time-varying experts as well as external regret (EXT).

regret obtained by their algorithm almost surely converges to the negative orthant. In fact, the
internal regret of their algorithm approaches the negative orthant (Greenwald et al. (2006)).

Game-Theoretic Results Finally, some authors consider the relationship between game-theoretic
equilibria and the regret experienced by the players of infinitely repeated matrix games.

Foster and Vohra (1999) show that if all players play according to algorithms whose internal
regrets converge almost surely to the negative orthant, then the empirical distribution of their play
converges almost surely to the set of correlated equilibria. Stoltz and Lugosi (To Appear) generalize
this result to the case where the set of actions is a compact and convex subset of a normed space
and the reward function is continuous.

Hart and Mas-Colell (2000) exhibit a simple adaptive procedure, the empirical distribution of
play of which converges to the set of correlated equilibria. They also prove that the empirical
distribution of play converges to the set of correlated equilibria if and only if the internal regret
experienced by all players converges to zero. Their simple adaptive procedure, however, does not
exhibit no-internal-regret; it is not regret-minimizing regardless of the opponents’ behavior.

Hart and Mas-Colell (2001) define a class of learning algorithms (parameterized by potential
functions) called “better play” which exhibit no external regret. They show that in repeated two-
player zero-sum games, if both players play according to better play algorithms, then each player’s
empirical distribution of play converges to the set of minimax strategies and the players’ average
rewards converge to the minimax value of the game, almost surely. Moreover, if all players play
using an algorithm in their class of no-conditional-regret learing algorithms, then the players’ joint
empirical distribution of play converges to the set of correlated equilibria, almost surely.

Greenwald et al. (2006) define a general class of game-theoretic equilibria based on the ®-
transformation framework and show that if each agent plays according to a no-®-regret algorithm,
then the empirical distribution of play approaches the corresponding set of ®-equilibria, almost
surely. These results generalize the results in Hart and Mas-Colell (2001) for polynomial regret-
matching algorithms along the dimension p = 2. However, Greenwald et al. (2006) also show that
the equilibrium set that corresponds to internal regret is that of correlated equilibrium, and that this
notion of equilibrium is the tightest solution concept that can be expressed within their framework.

Regret Frameworks The frameworks of Lehrer (2003), Blum and Mansour (2005), and Fuden-
berg and Levine (1999), and the ®-transformations frameworks, can all represent external, internal,
and swap regret. The frameworks of Cesa-Bianchi and Lugosi (2003), Hart and Mas-Colell (2001),
and Foster and Vohra (1999) can represent external and internal regret naturally.

Lehrer’s (2003) framework is very general. In fact, it subsumes the frameworks presented in
Cesa-Bianchi and Lugosi (2003), Herbster and Warmuth (1998), and Fudenberg and Levine (1999).
However, it does not allow for mixed strategies; thus, it does not subsume the ®-transformation
frameworks. It also does not allow for partially awake experts as in Blum and Mansour (2005).
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7. Conclusion

In this paper, we developed a general framework for analyzing the performance of a general class of
online learning algorithms in online decision problems. One advantage of this framework is that it
may be used to analyze non-smooth link (or potential) functions.

Using our framework, we derived bounds on the regret experienced by (®, f)-regret matching
algorithms for @,y and @+ and for polynomial and exponential link functions. We also calculated
the parameter settings that optimize these bounds.

In ongoing work, we are researching algorithms based on alternative link functions, beyond
polynomial and exponential. We are also generalizing our analytic framework to accommodate
activation functions (Lehrer, 2003) and transformations that vary with time.
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A. Link Functions

Lemma 18 Given (), 2 € R", define 2V > 2 if and only if xgl) > xgz) foralli=1,... n.
If F:R" — R is a convex function that is bounded on the negative orthant, then F(z(M)) > F(x(?))
whenever () > z(2)

Proof Suppose not, i.e, there exist (1), 2(2) € R™ such that 2() > 22 but F(2?) > F(2M) +,
for some € > 0. Define the sequence {z(®)}5° . recursively as follows: z(®) = 22(*=1) — z(*=2) Note

that (8 — gk=1) = g(k=1) _ 2(h=2) — = 3@ — (M) for k=3,.... Ifwelet A =21 -z >0
so that () = (1) — (k — 1)A, then for large enough k, () € R™. Now, since F is convex,

F(z®) + F(z*72) > 27 (kD) (74)

It follows that

F(z®)y — Fz®=1) > Pty - pe—2) (75)
> Fa* ) - F*¥) (76)

: (77)

> F(z®) - FzW) (78)

> € (79)

Therefore, F(2®)) = F(z®)— F(z*= )+ F(2F D)= F (22— 4+ F(2®) = F(2MW)+ F(zV)) >
(k —1)e + F(z™). But then, as k — oo, the function F(z®) is unbounded. Since z(*) € R™, this
contradicts the assumption that F' is bounded on the negative orthant. |

Lemma 2 The co-domain of a link function f : R™ — R™ that is subgradient to a convex function
F :R™ — R which is bounded on the negative orthant is the positive orthant: i.e., f : R"™ — R%.
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Proof Since F is convex and f is subgradient to F, F(x +y) > F(x) + f(z) - y. Similarly
F(x—y) > F(z)— f(z)-y. Ify > 0, so that © > x —y, then Lemma 18 implies that F'(z) > F(z—y).
Therefore, f(z) -y > F(z) — F(x —y) > 0.

If, for the sake of contradiction, f;(x) < 0 for some ¢, then we can choose y; > 0 big enough and
y; > 0 small enough, for all j # 7, so that f(z)-y < 0. In particular, if y; = —2fi(x)+2?:1 fi(z) >0
and y; = —fi(x) > 0, for all j # 4, then

@y = 3 fi@w (50)

= filz) | —2fil= +ij + > fi@) (= fil (81)

J#i
= T @) fila) + ) @) (= fi (82)
J#i J#i
= —(fi(x))” (83)
< 0 (84)
Therefore, f;(z) >0, foralli =1,...,n and z € R™. [ |

B. Gordon Triples

In this appendix, we prove Lemmas 11, 13, and 15. Of particular interest is the proof of Lemma 11,
because in this proof we identify a set of points (namely, the boundary of the negative orthant; see
Lemma 21) on which the polynomial link function for p > 2 is not differentiable.

Cesa-Bianchi and Lugosi (2003) apply Taylor’s theorem to the polynomial (potential) function
G(z) = |l*|]? for p > 2, whose gradient is the polynomial link function. In this application, the
authors implicitly assume that G is twice differentiable everywhere; however, it is not.

B.1 Proof of Lemma 11

In Lemmas 19, 20, and 21, we let 7 and j range over the set {1,...,n}.

In addition, we rely on the following functions:

e for p > 1, G:R"™ — R, defined by:

G(z) = [|lz* |3 (85)
e for p > 2, g: R" — R™, where for all i,
0 if z; <0
. — p—1
gi(z) = Hjii”p,z otherwise (86)

e for p > 2, h:R" — R?", where

hii(z) = z )2 o \P72 : (87)
2(2 —p) (W) +2(p-1) (W) otherwise
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and for i # j
0 ife; <O0orx; <0
hij(x) oz, \ P71 .
2(2—p) (W) otherwise
Lemma 19 Forp > 2, G is C! (i.e., continuously differentiable) with gradient g.
Proof

e (G is differentiable with gradient g on the complement of the negative orthant.
We (de)construct G as follows:

ai(z) = (a7
by) = D aly)
c(z) 2v
G = cob

(91)
(92)

Because the a; are differentiable everywhere, b is C*. Also, c is differentiable on (0, ), so G
is C* on the complement of the negative orthant. By straightforward calculus, for u in the

complement of the negative orthant, g—fi = gi(u).
u

e (G is differentiable with gradient g on the negative orthant.
Let u € R™. We show the following:

. G(u+de;) —G(u) _
fi 5 = g:(w)

(93)

Since u; <0, g;(u) =0 and G(u) = 0. If u; < 0, then G(u + de;) = 0 for sufficiently small §.

If u; = 0, then

) — . +\2
lim G(u + d0e;) — G(u) — lim G(u + de;)  lim (61) _0

Hence, for u in the negative orthant, g—g L= (u).

e g; is continuous, for all i.

(94)

Let u € R™. If w; > 0, then g;(x) = 20" o a neighborhood of u, so g; is continuous at w.

T lletipT?
Otherwise, for all x € R™ such that z; > 0, since, by assumption, p > 2, it follows that

2(w)P! < 2(w;)P!
[ = L

(95)

Hence, for all z € R™, 0 < g;(z) < 2z]. Now, if {z(M} is a sequence such that lim (") = u,

+
then u; < 0 = u} = 0= lim (ng)) = 0= limg () = 0= limg (+(7) = gi(w).

Lemma 20 Forp > 1, G is smooth on the complement of the azes: i.e., on the set {x € R"™ | x; #

0, for all i}. Further, on the set where G is smooth, (%aigmj = hy;(u), for all i,j.
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Proof For a point u not on an axis, we define an (everywhere) smooth function G by replacing
the + operator for each component of the argument of G with either the identity, if u is positive in
that component, or zero, if it is not. Specifically, given u € R™ such that u; # 0 for all ¢, let

Gule) = ( 5 ) (96)

2wy >0

Observe that G = G, on a neighborhood of u, and for v in this neighborhood, ag%éj = h;j(v). &

Lemma 21 Assume p > 2. All second-order partial derivatives of G exist and are continuous at
a point u if and only if u is not on the boundary of the negative orthant. Furthermore, on the set

where G is twice-differentiable, axaigzj ‘u = h;(u), for all i,j.

Proof By Lemma 19, G is differentiable with gradient g on this set. By Lemma 20, the result holds
for w not on an axis. For u on an axis, we show that for all 4, 7,

éig% gi(u + 5e§) —9:() _ hij(u) (97)

if and only if w is not on the boundary of the negative orthant.

e Case 1: u; = 0.
In this case, for all j, h;j(u) = 0. For ¢ # j, the limit in Equation 97 is equal to 0. For ¢ = j,
the limit from the left: ( 5ex) (W 0

. gilu+oe;) —gi(u

1 = — =0 98

P 5 5 (98)

and from the right:

gi(u + de;) — gi(u)

li
50+ 0 (99)
p—1
= lim Lﬁ; (100)
=0 [+ be) [ 2 8
p—2
—  lim 25—72 (101)
=0 || (u + de;) T
p—2
— im0 (102)

5=0+ (C + 5p)1*%
where C' = Zk#(ug)p. If w is not in the negative orthant (and thus not on the boundary of
the negative orthant), then C' > 0 and the limit in Equation 102 is equal to 0.*
If u is in the negative orthant (and thus on the boundary of the negative orthant), then C =0
and the limit in Equation 102 is not equal to 0. On the contrary,

26P2 . 26P72

50+ (o)~ % 50+ 0P—2 (103)

In particular, g; is not differentiable on the boundary of the negative orthant.

4. Note that Equation 102 simplifies to 2, if p = 2; hence, we assume that p > 2.
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e Case 2: u; #0,u; =0.
In this case, for all ¢, h;;(u) = 0. Because u; # u;, it cannot be the case that ¢ = j. If u; <0,
then the limit in Equation 97 is equal to 0. If u; > 0, then (u + de;)™ = ut for § < 0 (since
uj = 0), so the left hand limit of Equation 97 is also equal to 0. Now, for the right-hand limit:

p—1 p—1
lim = ( L S— ) (104)
6=0+ 0\ [|(u+ de;) |7 [lut I
p—1
— gim 2 LI (105)
§0+t 6 (C+5p)1—5 c—%
p=1cl=3 _ pyl=3
T Sl Ok LN (106)
i—0+t 0 ol-2 (C +6r)
p—1 1-2 p\1— %
2y _ Jim C (C+52 (107)
C'7w 00t §(C40v) T
2! —2)6P~1 P)7
C 7% 0207 (C 4 67) "% + (p—2)0P (C + 6P)»
=0 (109)

where C'= )", (u;f )P > 0 since u; > 0. Line 108 follows from L'Hépital’s rule.

e Case 3: u; #0, u; # 0.
To take partial derivatives in the ith and jth coordinates, we can project onto R?, holding all
other coordinates constant. We then apply the technique of Lemma 20 to this projection.

Finally, we must show that all h;; are continuous on the complement of the boundary of the
negative orthant. First, consider h;;, for an arbitrary i. Clearly, h;; is continuous on the (open) sets
{z € R" | z; < 0} and {z € R" | x; > 0}. It remains to show h;; is continuous on the complement
of these sets, namely {z € R"™ | z; = 0}, except where it intersects the boundary of the negative
orthant. At each point v in the set {z | ; =0 and 3j x; > 0}, 2; = 0, so h;(u) = 0. Moreover,
as x approaches each such point wu, HIITIIP approaches 0 so that h;;(z) does too. Thus, all h; are
continuous on the complement of the boundary of the negative orthant.

Now consider h;;, for arbitrary ¢ # j. Clearly, h;; is continuous on the (open) sets {z € R™ |
z; < Oorxz; <0} and {x € R* | z; > 0 and z; > 0}. It remains to show h;; is continuous on
the complement of these sets, except where it intersects the boundary of the negative orthant. At
each point u in the relevant set, either z; = 0 or x; = 0, so h;;(u) = 0. Moreover, as « approaches
each such point wu, ﬁ approaches 0 so that h;;(z) does too. Thus, all h;; are continuous on the

complement of the boundary of the negative orthant.

|
Lemma 22 Ifp > 2, then the functions
G(z) = [« (110)
0 ﬁlm S O
. — p—1
9i(z) = Hjii”p,z otherwise (111)
(@) = (p—Dll=ll; (112)

satisfy the condition G(z +y) < G(z) + g(z) - y +v(y), for z,y € R™ such that the boundary of the
negative orthant does not intersect the line segment between them (inclusive).
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Proof Let U be an open convex set containing  and x + y but no points on the boundary of the
negative orthant. By Lemma 19, G is C! and the gradient of G is g. By Lemma 21, G is C? on U,

0*G 0 if u; <0
_ C\2p-2 o\ P—2 ) (113)
ox? |, 2(2—p) (HHUTZIIP) +2(p—-1) (”u“Tl”p) otherwise
and for i # j,
2 0 ifu; <0oru; <0
A< i, Y71 o (114)
Ox;0xj |, 2(2—p) (”1}”2) otherwise
By Taylor’s theorem, for some v € U,
1 9°G
G =G . = —| YiY; 115
(¢ +y) = G(2) +g(2) y+2;axiaxj v, (115)
If uw < 0 so that ut = 0, then
- i =0 < (p—1yl? 116
Z G| V=0 (- DI (116)
Otherwise,
1 0’°G
Sl N N 117
22} o, | VY (117)
u+u+ p-1 + p—2
= 2 C-» e vyt ( ) vi (118)
200 urgg) vt 20 D
2
= -plut|;7 (Z(ﬁ)”%) + (=Dt ()PP (119)
< (p-Dllutp" ”Z P2y (120)
p=2 2
B 9 p_ﬁ2 p P
< (=Dt (Z (") ) (Z |yz-|P> (121)
= (-Dlyl; (122)
Line (120) follows from the fact that p > 2 (by assumption, p > 2). Line (121) is an application of
Holder’s inequality. |

Lemma 11 Ifp > 2, then the functions G, g, and v defined in Lemma 22 form a Gordon triple.

Proof Define z = = + y. If the line segment between x and z (inclusive) does not intersect the
boundary of the negative orthant. then apply Lemma 22. Otherwise, three cases arise.

o Casel: z € R”
If x is in the negative orthant, then G(x) = 0 and g(z) = 0. Hence, it suffices to show that

Gle+y) =+l <yl <lvl3 < - Dlylz =) (123)
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e Case 2: ¢ R",z ¢ R”
If z is in the negative orthant, but z is not, then G(z) = 0. Hence, it suffices to show that

+112 2($+)p_1 2
=], + T y+@—Dllyll, =0 (124)
|Eagl
which reduces to
][5 +2(z" )P -y + (0 = Dllyl2]2|; > > 0 (125)
By Holder’s inequality,
llpll2lB72 = fyal - a2 (126)

So in fact, it suffices to show that for any a,b € R,

(@™ +2(a™)P b+ (p— DbaP2 >0 (127)
Indeed,

(@) +2(a*)P o+ (p — 1)b?[al~? (128)
> (a")P 4+ 2P o+ (p— 1) (aT)P 2 (129)
= (&P 2((a")* +2aTb+ (p — 1)b?) (130)
> (a")P2((a™)? + 2aTb + b?) (131)
= (a")P2(at 4+ b)? (132)
> 0 (133)

Line (130) follows from the fact that p > 2.

e Case 3: ¢ ¢ R", 2 ¢ R™
Neither x nor z is in the negative orthant, but, by assumption, the line segment between z
and z intersects the boundary of the negative orthant. We claim the line segment between z+
and z does not intersect this boundary. We prove this claim by contradition.

Assume, for the sake of contradiction, that there exists A € (0,1) such that Az™+(1—-X)z € R™.
Define I = {i | z; > 0}. Since z ¢ R™, the set I is non-empty. Moreover, for all i € I, z; < 0.

For alli € I, z; > 0 and z;7 =0, so A = 1 (because A\z" + (1 — \)z € R"). Consequently, it
must be the case that 27 € R™. This is a contradiction, since = ¢ R™, by assumption.

Therefore, we can apply Lemma 22 to 27 and z — 2T, which yields
Glx+y)=G() <G@at)+g@ah) (z—27)+~(z—a™). (134)

First, observe that G(z*) = G(z). Second, for all i = 1,...,n, g;(z") = g;(z) > 0 and
yi = 2z —x; > z —x; . Hence, g(zt) - (z —2%) < g(x) - (z — x) = g(x) - y. Third, for all

i

i=1,...,n, |z — 2] <|z — 2] Thus, |z — 272 < ||z — 2|2 = |yl|2. Therefore,
G(a") +g@h) (z—a") +7(z —2") < G(z) + g(@) -y +7(y) (135)

Together, Equations 134 and 135 imply the desired conclusion.
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B.2 Proof of Lemma 13

Lemma 13 If 1 < p < 2, then the following is a Gordon triple: G(x) = ||z}, gi(z) = p(x)P1,
and +(@) = 2]}

Proof Because [|27|[h =}, (z)”, it suffices to show that for any a,b € R,
((a+b)")P < (@) + p(a®)P~"0 + [bf” (136)

after which the result follows from a component-wise proof.
If p = 1, then Line (136) follows immediately because (a + b)* < a™ + bT. Otherwise, we use
the basic inequality z* + y* > (x + y)?, for all 2,y > 0 and « € [0,1]. Two cases arise.

e Case 1: b > 0. Define the function h.(z) = 2P + p(cT)P~1z — ((c + 2)T)P for ¢ € R for z > 0.
Taking its derivative yields hj(z) = p (227! + (¢")P~ — ((c+ 2)T)P~!). Applying the basic
inequality with z = 2, y = ¢*, and a = p — 1 yields

P (A L (z+ch)yPt (137)

>
> ((c+2)T)Pt (138)

Thus, h.(z) > 0, i.e., h. is non-decreasing on [0, c0). In particular,

ha(0) < ha(b) (139)
—(a™)P < P +plat)PTo—((a+b)T)P (140)
(a+0)")? < (aP)P+pla™)P~ o+ 0P (141)
< (") +pa™)P o+ bl (142)

e Case 2: b < 0. Define the function h.(z) = 27 — p(ct)P~1z — ((c — 2)*)? for ¢ € R for z > 0.
Taking its derivative yields h(z) = p (277! — (¢")P~! + ((c — 2)*)P~!). Applying the basic
inequality with z = 2z, y = (c — 2)™, and a = p — 1 yields

7+ ((e—2)F )P (24 (c— 2" (143)

(et (144)

AV

Thus, h.(z) > 0, i.e., h. is non-decreasing on [0, 00). In particular,

ha(0) < ha(=b) (145)
—(@")? < (=0 +p@t)P o ((a+b)t)P (146)
((@+b)")P < (a¥)P +plat)P~ b+ (=b) (147)
< (a®)P+p(at)P o+ (bl (148)

n

B.3 Proof of Lemma 15
Lemma 15 If§ > 0, then the following is a Gordon triple:

G(z) = %ln (Z e‘s’”> (149)
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eémi
g9i(x) = W (150)
O 12
(@) = 5llzlls (151)
Proof We use the same technique as in the proof of Lemma 22.
Observe that G is smooth and that the gradient of G is g. Moreover, for i # 7,
2 (S’U.,L (S’U.j
0°G _ detie i (152)
6wi6xj “ (Zz eéui)
and otherwise,
62G § dug ,0u; ) Sug
- :_eez+ 65. (153)
ox; |, (33, edui) S, edui
By Taylor’s theorem, for some v € U,
1 0%G
G =G : = —| vy, 154
(z +y) = Glz) + g(x) y+2%:axiaxj v, (154)
Finally,
0%G Jedui gl 5651“
Z ol L %:_(Zi TR +Z (155)

- <%> + Z ge:u vi (156)

sedui
< Zwyf (157)
< ZZ % (158)
= dllyll% (159)
u

C. Convergence in Probability

In this appendix, we note that sub-linear regret implies convergence in probability.’

Proposition 23 If {X;} be a sequence of random variables such that E[X,] € o(t), then, for all
€,0 > 0, there exists tg such that for all t > tg,

Pr (% > 5) (160)

That is, % converges to the set (—oo, 0] in probability.

5. We first made this observation during discussions with Geoff Gordon.
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Xt
rk

Pr (% > 6) < % = E[t‘?]. (161)

Proof First apply Markov’s inequality to

Now apply the definition of o(¢): for all ¢ > 0 there exists t¢ such that for all ¢ > g, 0 < E[X}] < ct.
If ¢ = €, then there exists tg such that for all ¢t > tg,

E[Xt] C
2= 162
5 8 (162)
Combining equations 161 and 162 yields the desired result. |
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