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The on-line shortest path problem is considered under various models of partial monitoring. Given
a weighted directed acyclic graph whose edge weights can change in an arbitrary (adversarial) way,
a decision maker has to choose in each round of a game a path between two distinguished vertices
such that the loss of the chosen path (defined as the sum of the weights of its composing edges)
be as small as possible. In a setting generalizing the multi-armed bandit problem, after choosing
a path, the decision maker learns only the weights of those edges that belong to the chosen path.
For this problem, an algorithm is given whose average cumulative loss in n rounds exceeds that
of the best path, matched off-line to the entire sequence of the edge weights, by a quantity that is
proportional to 1/y/n and depends only polynomially on the number of edges of the graph. The
algorithm can be implemented with complexity that is linear in the number of rounds n (i.e., the
average complexity per round is constant) and in the number of edges. An extension to the so-called
label efficient setting is also given, in which the decision maker is informed about the weights of
the edges corresponding to the chosen path at a total of m < n time instances. Another extension
is shown where the decision maker competes against a time-varying path, a generalization of the
problem of tracking the best expert. A version of the multi-armed bandit setting for shortest path is
also discussed where the decision maker learns only the total weight of the chosen path but not the
weights of the individual edges on the path. Applications to routing in packet switched networks
along with simulation results are also presented.
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1. Introduction

In a sequential decision problem, a decision maker (or forecaster) performs a sequence of actions.
After each action the decision maker suffers some loss, depending on the response (or state) of the
environment, and its goal is to minimize its cumulative loss over a certain period of time. In the
setting considered here, no probabilistic assumption is made on how the losses corresponding to
different actions are generated. In particular, the losses may depend on the previous actions of the
decision maker, whose goal is to perform well relative to a set of reference forecasters (the so-called
“experts™) for any possible behavior of the environment. More precisely, the aim of the decision
maker is to achieve asymptotically the same average (per round) loss as the best expert.

Research into this problem started in the 1950s (see, for example, Blackwell, 1956 and Hannan,
1957 for some of the basic results) and gained new life in the 1990s following the work of Vovk
(1990), Littlestone and Warmuth (1994), and Cesa-Bianchi et al. (1997). These results show that for
any bounded loss function, if the decision maker has access to the past losses of all experts, then it is
possible to construct on-line algorithms that perform, for any possible behavior of the environment,
almost as well as the best of N experts. More precisely, the per round cumulative loss of these
algorithms is at most as large as that of the best expert plus a quantity proportional to y/InN /n for
any bounded loss function, where n is the number of rounds in the decision game. The logarithmic
dependence on the number of experts makes it possible to obtain meaningful bounds even if the
pool of experts is very large.

In certain situations the decision maker has only limited knowledge about the losses of all pos-
sible actions. For example, it is often natural to assume that the decision maker gets to know only
the loss corresponding to the action it has made, and has no information about the loss it would
have suffered had it made a different decision. This setup is referred to as the multi-armed bandit
problem, and was considered, in the adversarial setting, by Auer et al. (2002) who gave an algorithm
whose normalized regret (the difference of the algorithm’s average loss and that of the best expert)
is upper bounded by a quantity which is proportional to /NInN/n. Note that, compared to the
full information case described above where the losses of all possible actions are revealed to the
decision maker, there is an extra v/N factor in the performance bound, which seriously limits the
usefulness of the bound if the number of experts is large.

Another interesting example for the limited information case is the so-called label efficient de-
cision problem (see Helmbold and Panizza, 1997) in which it is too costly to observe the state of
the environment, and so the decision maker can query the losses of all possible actions for only a
limited number of times. A recent result of Cesa-Bianchi, Lugosi, and Stoltz (2005) shows that in
this case, if the decision maker can query the losses m times during a period of length n, then it can
achieve O(1/InN/m) normalized regret relative to the best expert.

In many applications the set of experts has a certain structure that may be exploited to construct
efficient on-line decision algorithms. The construction of such algorithms has been of great interest
in computational learning theory. A partial list of works dealing with this problem includes Herbster
and Warmuth (1998), Vovk (1999), Bousquet and Warmuth (2002), Schapire and Helmbold (1997),
Takimoto and Warmuth (2003), Kalai and Vempala (2003) and Gyorgy et al. (2004a,b, 2005a). For
a more complete survey, we refer to Cesa-Bianchi and Lugosi (2006, Chapter 5).

In this paper we study the on-line shortest path problem, a representative example of structured
expert classes that has received attention in the literature for its many applications, including, among
others, routing in communication networks; see, for example, Takimoto and Warmuth (2003), Awer-
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buch et al. (2005), or Gydrgy and Ottucsak (2006), and adaptive quantizer design in zero-delay lossy
source coding; see, Gyorgy et al. (2004a,b, 2005b). In this problem, a weighted directed (acyclic)
graph is given whose edge weights can change in an arbitrary manner, and the decision maker has
to pick in each round a path between two given vertices, such that the weight of this path (the sum
of the weights of its composing edges) be as small as possible.

Efficient solutions, with time and space complexity proportional to the number of edges rather
than to the number of paths (the latter typically being exponential in the number of edges), have been
given in the full information case, where in each round the weights of all the edges are revealed after
a path has been chosen; see, for example, Mohri (1998), Takimoto and Warmuth (2003), Kalai and
Vempala (2003), and Gyorgy et al. (2005a).

In the bandit setting only the weights of the edges or just the sum of the weights of the edges
composing the chosen path are revealed to the decision maker. If one applies the general bandit
algorithm of Auer et al. (2002), the resulting bound will be too large to be of practical use because
of its square-root-type dependence on the number of paths N. On the other hand, using the special
graph structure in the problem, Awerbuch and Kleinberg (2004) and McMahan and Blum (2004)
managed to get rid of the exponential dependence on the number of edges in the performance bound.
They achieved this by extending the exponentially weighted average predictor and the follow-the-
perturbed-leader algorithm of Hannan (1957) to the generalization of the multi-armed bandit setting
for shortest paths, when only the sum of the weights of the edges is available for the algorithm.
However, the dependence of the bounds obtained in Awerbuch and Kleinberg (2004) and McMahan
and Blum (2004) on the number of rounds n is significantly worse than the O(1//n) bound of Auer
et al. (2002). Awerbuch and Kleinberg (2004) consider the model of “non-oblivious” adversaries
for shortest path (i.e., the losses assigned to the edges can depend on the previous actions of the
forecaster) and prove an O(n=%/3) bound for the expected normalized regret. McMahan and Blum
(2004) give a simpler algorithm than in Awerbuch and Kleinberg (2004) however obtain a bound of
the order of O(n—1/4) for the expected regret.

In this paper we provide an extension of the bandit algorithm of Auer et al. (2002) unifying the
advantages of the above approaches, with a performance bound that is polynomial in the number
of edges, and converges to zero at the right O(1/./n) rate as the number of rounds increases. We
achieve this bound in a model which assumes that the losses of all edges on the path chosen by the
forecaster are available separately after making the decision. We also discuss the case (considered
by Awerbuch and Kleinberg, 2004 and McMahan and Blum, 2004) in which only the total loss
(i.e., the sum of the losses on the chosen path) is known to the decision maker. We exhibit a
simple algorithm which achieves an O(n~1/3) normalized regret with high probability against “non-
oblivious” adversary. In this case it remains an open problem to find an algorithm whose cumulative
loss is polynomial in the number of edges of the graph and decreases as O(n~1/2) with the number
of rounds. Throughout the paper we assume that the number of rounds n in the prediction game is
known in advance to the decision maker.

In Section 2 we formally define the on-line shortest path problem, which is extended to the
multi-armed bandit setting in Section 3. Our new algorithm for the shortest path problem in the
bandit setting is given in Section 4 together with its performance analysis. The algorithm is ex-
tended to solve the shortest path problem in a combined label efficient multi-armed bandit setting in
Section 5. Another extension, when the algorithm competes against a time-varying path is studied
in Section 6. An algorithm for the “restricted” multi-armed bandit setting (when only the sums

2371



GYORGY, LINDER, LUGOSI AND OTTUCSAK

of the losses of the edges are available) is given in Section 7. Simulation results are presented in
Section 8.

2. The Shortest Path Problem

Consider a network represented by a set of vertices connected by edges, and assume that we have to
send a stream of packets from a distinguished vertex, called source, to another distinguished vertex,
called destination. At each time slot a packet is sent along a chosen route connecting source and
destination. Depending on the traffic, each edge in the network may have a different delay, and
the total delay the packet suffers on the chosen route is the sum of delays of the edges composing
the route. The delays may change from one time slot to the next one in an arbitrary way, and
our goal is to find a way of choosing the route in each time slot such that the sum of the total
delays over time is not significantly more than that of the best fixed route in the network. This
adversarial version of the routing problem is most useful when the delays on the edges can change
dynamically, even depending on our previous routing decisions. This is the situation in the case
of ad-hoc networks, where the network topology can change rapidly, or in certain secure networks,
where the algorithm has to be prepared to handle denial of service attacks, that is, situations where
willingly malfunctioning vertices and links increase the delay; see, for example, Awerbuch et al.
(2005).

This problem can be cast naturally as a sequential decision problem in which each possible route
is represented by an action. However, the number of routes is typically exponentially large in the
number of edges, and therefore computationally efficient algorithms are called for. Two solutions
of different flavor have been proposed. One of them is based on a follow-the-perturbed-leader
forecaster, see Kalai and Vempala (2003), while the other is based on an efficient computation of
the exponentially weighted average forecaster, see, for example, Takimoto and Warmuth (2003).
Both solutions have different advantages and may be generalized in different directions.

To formalize the problem, consider a (finite) directed acyclic graph with a set of edges E =
{e1,...,&g} and a set of vertices V. Thus, each edge e € E is an ordered pair of vertices (v1,V2).
Let u and v be two distinguished vertices in V. A path from u to v is a sequence of edges e, ..., e
such that e® = (u,vq), eV = (vj_1,vj) for all j=2,....k—1, and e® = (v_1,v). Let P =
{i1,...,in} denote the set of all such paths. For simplicity, we assume that every edge in E is on
some path from u to v and every vertex in V is an endpoint of an edge (see Figure 1 for examples).

v

(@) (b)

Figure 1: Two examples of directed acyclic graphs for the shortest path problem.
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Ineach roundt =1,...,n of the decision game, the decision maker chooses a path I; among all
paths from u to v. Then a loss /et € [0, 1] is assigned to each edge e € E. We write e € i if the edge
e € E belongs to the path i € P, and with a slight abuse of notation the loss of a path i at time slot t
is also represented by 4j. Then 4 is given as

biy = Z Loy

ecl

and therefore the cumulative loss up to time t of each path i takes the additive form

I—i.,t = Silei,s = e;sige,s

where the inner sum on the right-hand side is the loss accumulated by edge e during the first t rounds
of the game. The cumulative loss of the algorithm is

I/—\t = Silgl&s = Sgeg_fas .

It is well known that for a general loss sequence, the decision maker must be allowed to use
randomization to be able to approximate the performance of the best expert (see, e.g., Cesa-Bianchi
and Lugosi, 2006). Therefore, the path I; is chosen randomly according to some distribution p; over
all paths from u to v. We study the normalized regret over n rounds of the game

1/~ .
— (Ln —min Li.n>
n iep

where the minimum is taken over all paths i from u to v.
For example, the exponentially weighted average forecaster (Movk, 1990; Littlestone and War-
muth, 1994; Cesa-Bianchi et al., 1997), calculated over all possible paths, has regret

(6o < (V5 502

with probability at least 1 — &, where N is the total number of paths from u to v in the graph and K
is the length of the longest path.

3. The Multi-Armed Bandit Setting

In this section we discuss the “bandit” version of the shortest path problem. In this setup, which is
more realistic in many applications, the decision maker has only access to the losses corresponding
to the paths it has chosen. For example, in the routing problem this means that information is
available on the delay of the route the packet is sent on, and not on other routes in the network.

We distinguish between two types of bandit problems, both of which are natural generalizations
of the simple bandit problem to the shortest path problem. In the first variant, the decision maker
has access to the losses of those edges that are on the path it has chosen. That is, after choosing a
path I at time t, the value of the loss /e is revealed to the decision maker if and only if e € I;. We
study this case and its extensions in Sections 4, 5, and 6.
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The second variant is a more restricted version in which the loss of the chosen path is observed,
but no information is available on the individual losses of the edges belonging to the path. That is,
after choosing a path I at time t, only the value of the loss of the path ¢, is revealed to the decision
maker. Further on we call this setting as the restricted bandit problem for shortest path. We consider
this restricted problem in Section 7.

Formally, the on-line shortest path problem in the multi-armed bandit setting is described as
follows: at each time instance t = 1,...,n, the decision maker picks a path I; € 2 from u to v.
Then the environment assigns loss /et € [0,1] to each edge e € E, and the decision maker suffers
loss /1.t = 3 ec1, Let- In the unrestricted case the losses le; are revealed for all e € I, while in the
restricted case only ¢, is revealed. Note that in both cases /¢y may depend on I1,...,l_1, the
earlier choices of the decision maker.

For the basic multi-armed bandit problem, Auer et al. (2002) gave an algorithm, based on expo-
nential weighting with a biased estimate of the gains combined with uniform exploration. Applying
their algorithm to the on-line shortest path problem in the bandit setting results in a performance
that can be bounded, for any 0 < & < 1 and fixed time horizon n, with probability at least 1 — 9, by

1/~ 11K /NIn(N/3) KInN
- — ; < .
n (Ln e L"”) -2 n ' 2n

(The constants follow from a slightly improved version; see Cesa-Bianchi and Lugosi (2006).)

However, for the shortest path problem this bound is unacceptably large because, unlike in the
full information case, here the dependence on the number of all paths N is not merely logarithmic,
while N is typically exponentially large in the size of the graph (as in the two simple examples of
Figure 1). Note that this bound also holds for the restricted setting as only the total losses on the
paths are used. In order to achieve a bound that does not grow exponentially with the number of
edges of the graph, it is imperative to make use of the dependence structure of the losses of the
different actions (i.e., paths). Awerbuch and Kleinberg (2004) and McMahan and Blum (2004)
do this by extending low complexity predictors, such as the follow-the-perturbed-leader forecaster
(Hannan, 1957; Kalai and Vempala, 2003) to the restricted bandit setting. However, in both cases
the price to pay for the polynomial dependence on the number of edges is a worse dependence on
the length n of the game.

4. A Bandit Algorithm for Shortest Paths

In this section we describe a variant of the bandit algorithm of Auer et al. (2002) which achieves the
desired performance for the shortest path problem. The new algorithm uses the fact that when the
losses of the edges of the chosen path are revealed, then this also provides some information about
the losses of each path sharing common edges with the chosen path.

Foreachedgeec E,andt =1,2,..., introduce the gain get = 1 — {¢¢, and for each path i € P,
let the gain be the sum of the gains of the edges on the path, that is,

Oit = Z Oet -
ecl
The conversion from losses to gains is done in order to facilitate the subsequent performance anal-

ysis. This has technical reasons. For the ordinary bandit problem the regret bounds of the order of
O(y/n~INlogN) were proved based on gains by Auer et al. (2002) and it was only recently shown
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by Allenberg et al. (2006) and Auer and Ottucsak (2006) that it is possible to achieve the same type
of bound for an algorithm based on losses. However, we do not know how to convert the latter
algorithm into one that is efficiently computable for the shortest path problem.

To simplify the conversion, we assume that each path i € 2 is of the same length K for some
K > 0. Note that although this assumption may seem to be restrictive at the first glance, from each
acyclic directed graph (V,E) one can construct a new graph by adding at most (K —2)(|V|—-2)+1
vertices and edges (with constant weight zero) to the graph without modifying the weights of the
paths such that each path from u to v will be of length K, where K denotes the length of the longest
path of the original graph. If the number of edges is quadratic in the number of vertices, the size of
the graph is not increased substantially. We describe a simple algorithm to do this in the Appendix.

A main feature of the algorithm, shown in Figure 2, is that the gains are estimated for each edge
and not for each path. This modification results in an improved upper bound on the performance
with the number of edges in place of the number of paths. Moreover, using dynamic programming
as in Takimoto and Warmuth (2003), the algorithm can be computed efficiently. Another important
ingredient of the algorithm is that one needs to make sure that every edge is sampled sufficiently
often. To this end, we introduce a set C of covering paths with the property that for each edge
e € E there is a path i € C such that e € i. Observe that one can always find such a covering set of
cardinality |C| < |E].

We note that the algorithm of Auer et al. (2002) is a special case of the algorithm below: For
any multi-armed bandit problem with N experts, one can define a graph with two vertices u and
v, and N directed edges from u to v with weights corresponding to the losses of the experts. The
solution of the shortest path problem in this case is equivalent to that of the original bandit problem
with choosing expert i if the corresponding edge is chosen. For this graph, our algorithm reduces to
the original algorithm of Auer et al. (2002).

Note that the algorithm can be efficiently implemented using dynamic programming, similarly
to Takimoto and Warmuth [28]. See the upcoming Theorem 2 for the formal statement.

The main result of the paper is the following performance bound for the shortest-path bandit
algorithm. It states that the normalized regret of the algorithm, after n rounds of play, is, roughly,
of the order of K/|E|InN/n where |E| is the number of edges of the graph, K is the length of the
paths, and N is the total number of paths.

Theorem 1 For any & € (0,1) and parameters 0 <y < 1/2, 0 < 3 <1, and n > 0 satisfying
2nK|C| <y, the performance of the algorithm defined above can be bounded, with probability
atleast1—9, as

1/~ ) K. |E| InN
“ (L — inl < R [ il B ,
- (Ln rgglgL,,n) <Ky+2nK |C|+nB In 5 + an +|E|IB
In particular, choosing B = %In‘—?, y = 2nK|[C|, and n = 4n|2£\IIC\ yields for all

n> max{ﬁln@,4|C|InN},

|E]
1/~ K E|
— | Lh— L; <24/ — 4K|C|InN EllIn—— |.
(o mipn) <2/ (vaieTn e )
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Parameters: real numbers 3 > 0,0 < n,y< 1.
Initialization: Set weo = 1 for each e € E, Wi g = 1 for each i € 2, and W = N. For
eachroundt=1,2,...

(a) Choose a path I; at random according to the distribution p, on 2, defined by

o (1—y)w','t‘:ll+%| ifieC
P a -y i ifigC.
(b) Compute the probability of choosing each edge e as

Zi:eeiwi,t—l |{| € C:eEi}’
' = '~ = 1 —_— — + .
Qet i;ei pit=(1-y) W, y T
(c) Calculate the estimated gains
/ —gz‘;B ifecl;
Get = L{ otherwise.

(d) Compute the updated weights

/
Wet = We,t—lenge't
— . /
Wig = []Wet =Wig-1e"%
ecl

where gy = ¥ eci e, and the sum of the total weights of the paths

t= z Wit-

ieP

|

Figure 2: A bandit algorithm for shortest path problems

The proof of the theorem is based on the analysis of the original algorithm of Auer et al. (2002)
with necessary modifications required to transform parts of the argument from paths to edges, and

to use the connection between the gains of paths sharing common edges.
For the analysis we introduce some notation:

n n
Gi,n:t;gi,t and G{,n:t;gil,t

foreachi € P and

n n
Gen= Y Ge and G, =Y 0.
en t; et en t; et

foreach e € E, and

n
én :t;glt,t-

Note that ge, 9i, Gen, and Gi , are random variables that depend on .
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The following lemma, shows that the deviation of the true cumulative gain from the estimated
cumulative gain is of the order of \/n. The proof is a modification of Cesa-Bianchi and Lugosi

(2006, Lemma 6.7).

Lemma?2 Foranyd€ (0,1),0<B<1landecE wehave

1. |E| o
P ! —In—| <—.
Ge.,n>Ge’n+ B n ARE

Proof Fix e € E. For any u > 0 and ¢ > 0, by the Chernoff bound we have
P[Gen > Gpp+ U] < e~ VEe%Cen=Cen)

Letting u =In(|E|/d)/B and c = B3, we get

e_cuEeC(G&n_Gén) — e_In(‘E‘/S)EeB(G&n_Gl&n) — léEeB(Ge‘n_GQn)
E )

s0 it suffices to prove that EeP(Cen—Cen) < 1 for all n. To this end, introduce

7, — eB(Ge—CLo)

Below we show that E[Z;] < Z;_; fort > 2 where E; denotes the conditional expectation E[-|4,...

l;_1] . Clearly,

1
Zy = Zi_1 €Xp <B (ge,t N W)) ’
€,

Taking conditional expectations, we obtain

Et [Zt]

]]' t ] +
= L[ [eXD (B <ge,t _ Aeslyset TE ;gtet B))]
€,

_ B i 1
L Jet
2 | 1 L )
< Zige % 1+B<gevt_{ee't}gev‘>+ﬁz <ge7t_{ee|t}©.le,t>
- Gt Oet
2 | 1 2
= Zi_1e %t 1+BZ <ge7t_{(g€|t},ge,t> ]
L Cet
N 5 [ Lieci}Yet 2
< Zpge %t (143 <‘>
i Oet
B2 BZ
S Zt 1e et <1+>
Oet
< Zia.

(1)

()

(3)

(4)

Here (2) holds since B < 1, get — ]1“‘;'7”9’ <1landeX<1+x+x?forx <1. (3) follows from

Fy [M} — ger. Finally, (4) holds by the inequality 1+ x < e*. Taking expectations on both

Oeit
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sides proves E[Z;] < E[Z;_1]. A similar argument shows that E[Z;] < 1, implying E[Z,] <1 as
desired. O

Proof of Theorem 1. As usual in the analysis of exponentially weighted average forecasters, we
start with bounding the quantity In VWTE On the one hand, we have the lower bound

n

IN=—"=1InS e"%n_InN >nmaxG/.—InN . 5
Wo iez? > nmaxGi, (5)

To derive a suitable upper bound, first notice that the condition n < ZK\C\ implies r]gIt <1 for
alliandt, since

1+ K(1+B)|C
NGl =Ny gy <ny P < MAFPIC
eci & UYet y

where the second inequality follows because get > y/|C| for each e € E.
Therefore, using the fact that e < 1+x+4x? forall x < 1, forallt = 1,2, ... we have

I Ne VZ er‘glt
Wi 1 Z, W
_ ( Pit — |C‘]l{|eC} &N ) ©)
Pit — Jl{|ec}
< ( |C\ <1+n9€,t+n29’5t>>
eP
< In <1+ 2 ’,Zt)>
n

< — 7
< Iz prltg|t 1 ylezipp.tg (7

where (6) follows form the definition of p;, and (7) holds by the inequality In(1+x) < x for all
x> -1

Next we bound the sums in (7). On the one hand,

> gy = Zp.tzget—;ggt > pit
ieP:eci

ieP icP ecl

= egEge;qat =0t +[EIB.
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On the other hand,

S gt = Y pie <det>2

ie?r ieP

< Z pltKdet

ieP

= K)» g Pit
; |€Te€| I

= KegEge,tqe,t
B+ Lieci,)Yet
- K
}qutget ™

K(1+pB) egEge,t

where the first inequality is due to the inequality between the arithmetic and quadratic mean, and
the second one holds because get < 1. Therefore,

IN

Wi N HZK(1+B) /
ne—e— < — E _— .
"W, S 17y(9h7t+\ IB)+ 1y eZEge,t

Summing fort =1,...,n, we obtain

W = 2K (1+
InVT;‘ < 1iy<Gn+nE|B)+n 1(_VB) EEvan
ec
2K(1+[3)

r] —~
< -
< 1_V<Gn+n\E|B)+ ClmaxG,

1-—

where the second inequality follows since ¥ ece Gen < Yicc Gi”n. Combining the upper bound with
the lower bound (5), we obtain

~

Gn> (1-y—nK(1+B)[C]) maxGl’n nyInN—n]E\B

Now using Lemma 2 and applying the union bound, for any & € (0, 1) we have that, with probability
at least 1 — 9,

~ E 1
an(1—v—nK(1+B)\CI)<maxG.n Bn’é') =i B,

where we used 1 —y—nK(1+B)[C| = 0 which follows from the assumptions of the theorem.
Since Gn =Kn-— Ln and Gj, = Kn—Lj, forall i € P, we have

~

L < Kn(v+ﬂ(1+B)K\C|)+(1—V—ﬂ(1+B)K|C|)f2i§DLi,n

+a-y-na+pKch gin e 2 Y nerg
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with probability at least 1 — &. This implies

Lh—minLi, < Kny+n(1+B)nK2|C|+EInE+1;yInN+n|E|[3
ie? B o n
< Kny+2nnK2|C|+Eln§|+mr:\l+n|EB

with probability at least 1 — 6, which is the first statement of the theorem. Setting

K E
B= —In' |

E" s and y=2nK|C]

results in the inequality

=~ . InN E
Ly —minL;n §4nnK2|C|+—+2\/nK\E|Inu
ie? n 0

which holds with probability at least 1 - & if n > (K/|E|) In(|E|/d) (to ensure B < 1). Finally, setting

B InN
= 4nK2|C|
yields the last statement of the theorem (n > 4InN|(]| is required to ensure y < 1/2). O

Next we analyze the computational complexity of the algorithm. The next result shows that the
algorithm is feasible as its complexity is linear in the size (number of edges) of the graph.

Theorem 3 The proposed algorithm can be implemented efficiently with time complexity O(n|E]|)
and space complexity O(|E|).

Proof The two complex steps of the algorithm are steps (a) and (b), both of which can be computed,
similarly to Takimoto and Warmuth (2003), using dynamic programming. To perform these steps
efficiently, first we order the vertices of the graph. Since we have an acyclic directed graph, its
vertices can be labeled (in O(|E|) time) from 1 to |V| such thatu =1, v= |V|, and if (v1,v2) € E,
then vy < vy. For any pair of vertices u; < vy let 7, \, denote the set of paths from u; to v, and for
any vertex s € V, let

Ht (S) = Z We7t
i€Psy €€l
and R
Ht(S) = Z I_|We7t .
i€P, s €€l

Given the edge weights {we¢ }, Hi(s) can be computed recursively for s = [V|—1,...,1, and e (s)
can be computed recursively for s = 2,...,|V| in O(|E|) time (letting H(v) = H(u) = 1 by defi-
nition). In step (a), first one has to decide with probability y whether 1; is generated according to
the graph weights, or it is chosen uniformly from C. If I, is to be drawn according to the graph
weights, it can be shown that its vertices can be chosen one by one such that if the first k vertices
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of I; are vo = u,vs,...,Vk_1, then the next vertex of I; can be chosen to be any vk > vk_1, satis-
fying (Vk-1,Vk) € E, with probability w,, , v,)t—1Ht-1(vk)/Ht-1(vk-1). The other computationally
demanding step, namely step (b), can be performed easily by noting that for any edge (v1,v2),

Fh—l(vlﬁN : ‘t—lkh—l(vz)
Quvt = (1=V) lgil;vaU)

{ie C:(v1,v2) €i}
|

+y

as desired. O

5. A Combination of the Label Efficient and Bandit Settings

In this section we investigate a combination of the multi-armed bandit and the label efficient prob-
lems. This means that the decision maker only has access to the losses of all the edges on the
chosen path upon request and the total number of requests must be bounded by a constant m. This
combination is motivated by some applications, in which feedback information is costly to obtain.

In the general label efficient decision problem, after taking an action, the decision maker has
the option to query the losses of all possible actions. For this problem, Cesa-Bianchi et al. (2005)
proved an upper bound on the normalized regret of order O(K/In(4N/3)/(m)) which holds with
probability at least 1 — o, where K is the length of the longest path in the graph.

Our model of the label-efficient bandit problem for shortest paths is motivated by an application
to a particular packet switched network model. This model, called the cognitive packet network,
was introduced by Gelenbe et al. (2004, 2001). In these networks a particular type of packets, called
smart packets, are used to explore the network (e.g., the delay of the chosen path). These packets
do not carry any useful data; they are merely used for exploring the network. The other type of
packets are the data packets, which do not collect any information about their paths. The task of
the decision maker is to send packets from the source to the destination over routes with minimum
average transmission delay (or packet loss). In this scenario, smart packets are used to query the
delay (or loss) of the chosen path. However, as these packets do not transport information, there
is a tradeoff between the number of queries and the usage of the network. If data packets are on
the average o times larger than smart packets (note that typically a > 1) and ¢ is the proportion
of time instances when smart packets are used to explore the network, then €/(€ 4+ a(1 —¢)) is the
proportion of the bandwidth sacrificed for well informed routing decisions.

We study a combined algorithm which, at each time slot t, queries the loss of the chosen path
with probability € (as in the solution of the label efficient problem proposed in Cesa-Bianchi et al.,
2005), and, similarly to the multi-armed bandit case, computes biased estimates g; , of the true gains
git. Just as in the previous section, it is assumed that each path of the graph is of the same length K.

The algorithm differs from our bandit algorithm of the previous section only in step (c), which
is modified in the spirit of Cesa-Bianchi et al. (2005). The modified step is given in Figure 3.

The performance of the algorithm is analyzed in the next theorem, which can be viewed as a
combination of Theorem 1 in the preceding section and Theorem 2 of Cesa-Bianchi et al. (2005).
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(c”) Draw a Bernoulli random variable S; with P(S; = 1) = €, and compute the esti-
mated gains

LSt Ifeélt .

€Qet

—+ .
;L g‘e%e_tﬁst ifecl;
ge,t - i

Figure 3: Modified step for the label efficient bandit algorithm for shortest paths

Theorem 4 For any d € (0,1), € € (0,1], parameters n = 4;2”2"\'&, y= Z”TC‘ <1/2,and B =
,/ﬁln@ < 1, and for all
1 K2In?(2|E|/8) |E|In(2|E|/S)
>
n_smax{ E|nN K ,4|C|InN}

the performance of the algorithm defined above can be bounded, with probability at least 1 — §, as

1/~
Z{Ls—minL;
n<”ri2|gr}"t)

K 2|E\/ 2\ 4K 2N
< /= [4VK|C]INN+54/|E|INn==+1/8KInZ | + — In—
- ns( |ClinN + \/‘ [In 0 + n6>+3nsn6

27K [|E[In&}
- 2 ne

If € is chosen as (m — /2mIn(1/3))/n then, with probability at least 1 — 9, the total number of
queries is bounded by m (Cesa-Bianchi and Lugosi, 2006, Lemma 6.1) and the performance bound
above is of the order of Ky/|E|In(N /&) /m.

Similarly to Theorem 1, we need a lemma which reveals the connection between the true and the
estimated cumulative losses. However, here we need a more careful analysis because the “shifting
term” Wﬂe,tst’ is a random variable.

Lemmab5 Forany0<d<1,0<e<1], forany

KZ21n?
15 Lmax{ KCIPQIEL/D) KIn@EE|/8))
|E|InN |E]|
parameters
2nK|C| elnN K . 2|E]
il il el Qg — = — ol el
e 7 " 4nK2?|C| and P n|E]sIn 0 =1
and e € E, we have
4 2[E| 5
P|G GL..+—In—"—| < —.
[ en = Pen T e 175 }—2|E|
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Proof Fix e € E. Using (1) withu = % In @ andc = % it suffices to prove for all n that

E [e°<Ge~n*G’e‘n>} <1.
Similarly to Lemma 2 we introduce Z; = e%Get=Cet) and we show that Zy,...,Zy is a supermartin-
gale, that is E;[Z;] < Z;_q for t > 2 where E; denotes E[-|(11,S1),...,(lt—1,St—1)]. Taking condi-
tional expectations, we obtain

_ Xeck) S0et TSP
Et[Ze] = Zi 4 ec<ge‘t dete )]
< Zeal [14-0 <get _ L{ec,} StGet +St[3>
. 7 Qet€

Lieci1S SR\ 2
12 (Qe,t_ {ech}St9et + tB> . @
Qet€
Since
L 59.+SB] B
{ecl}°tYet t
E — —_ "
t |:ge,t Qoct %o
and
E (g —]l{ee't}stge‘)Z <E (]%ewstgtf <t
! Oet€ = Oet€ " et
we get from (8) that
Et[Zy]
2 21 S 2
< ZiE [1_°B+ c +c2< (o) SGetP _ 20eiSB SJBZH
Qet  Qet® Ogr€ Oet€ Jet€
S (i)
< Zeg (14— -BH-+cB( -+ , 9
B t1< qe,t( B € B<s Qet€ )
Since ¢ = Be/4 we have
¢ 2 B 3B P2 B
_B+€+CB<€+qe¢8> = 4+ y 5+Qe,t€
_ 3B P P
a Z+?+4qe,t
B P
- 4 AQey
B, B
< _F
< 4+ 2y (10)
= 0 (12)
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where (10) follows from get > |C‘ and (11) holds since B < 1 and by

BZICI
vy = 2nK -

. I 2|n2 .
and the last inequality is ensured by n > %, the assumption of the lemma.

Combining (9) and (11) we get that E;[Z;] < Z;_;. Taking expectations on both sides of the
inequality, we get E[Z;] < E[Z;_1] and since E[Z;] < 1, we obtain E[Z,] < 1 asdesired. O

Proof of Theorem 4. The proof of the theorem is a generalization of that of Theorem 1, and
follows the same lines with some extra technicalities to handle the effects of the modified step (c’).
Therefore, in the following we emphasize only the differences. First note that (5) and (7) also hold
in this case. Bounding the sums in (7), one obtains

zpltgm_ gltt+‘E“3)

e

and

Zp.tg.t< TK(+p) }Eget

ieP
Plugging these bounds into (7) and summing fort =1,...,n, we obtain

2K(1+l3)
In— < ot C maxG
0 1_ yzl g| t ‘ ( ) ‘ ‘
Combining the upper bound with the lower bound (5), we obtain
n s nK(1+B)[C]| , InN
ikt > —y— 7 ro
2, ¢ OutER) = <1 Y . >rineagz<G.,n 0 (12)

To relate the left-hand side of the above inequality to the real gain 3, gy, +, notice that

X = X (@0 +EIB) ~ (@ + EIB

is a martingale difference sequence with respect to (11,S1), (12,S2),.... Now forallt =1,...,n, we
have the bound

E [XZ|(11,81),. .., (h-1,8-1)] < E[z(gh,ﬁr|E|B)2‘(|1,31),---7(|t1>St1)

(K + |E[B)?
3
4K? ger
— =0

£

< (13)

where (13) holds by n > w (to ensure B|E| < K). We know that

(2o
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for all t. Now apply Bernstein’s inequality for martingale differences (see Lemma 14 in the Ap-

pendix) to obtain
[zlxt > u] < 70 (14)

- () 5n ()

P[tis(gntHEIB) o+ Bl +-u

where

From (14) we get

(o4}

<35 (15)

Now Lemma 5, the union bound, and (15) combined with (12) yield, with probability at least
1-9,

~ K(1+B)|C 4K . 2|E
Gn > <1_y_r](8[3)’|) (rineaﬁz(GLn_Ben|6>

InN
—==—pnlE| —u
n
since the coefficient of Gi’7n is greater than zero by the assumptions of the theorem.

Since G = Kn— L, and G; , = Kn— L ,, we have

L < <1—y— W) minLi,n+Kn <y+K(l+f)mC|>
# (1my= SO S 25 e T

< minLj,+Kn <y_|_K(1+B)nC‘>
ier €

InN
+5[3n]E\+T+u,

where we used the fact that £ In 2El — pnlE|.
Substituting the value of [3 n and Yy, we have

+Kn

+5Bn|E|+u
S4K\/n|C|$|nr\|+5\/n|E|K|n£(2|E|/5)+u

g\/T(4\/K|C| InN +5+/|E[In(2]E|/3) + \/8Kln<2/5))

+%In(2/6)

2Kn|C] 2Kr]|C\+ nN
€ €

En —minLj, <Kn
iep

as desired. O
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6. A Bandit Algorithm for Tracking the Shortest Path

Our goal in this section is to extend the bandit algorithm so that it is able to compete with time-
varying paths under small computational complexity. This is a variant of the problem known as
tracking the best expert; see, for example, Herbster and Warmuth (1998), Vovk (1999), Auer and
Warmuth (1998), Bousquet and Warmuth (2002) and Herbster and Warmuth (2001).

To describe the loss the decision maker is compared to, consider the following “m-partition”
prediction scheme: the sequence of paths is partitioned into m -+ 1 contiguous segments, and on each
segment the scheme assigns exactly one of the N paths. Formally, an m-partition Part (n,m,t,i) of
the n paths is given by an m-tuple t = (t1,...,ty) suchthatty =1 <t < --- <tpm <n+4+1=tm1,
and an (m+ 1)-vector i = (io,...,im) where ij € . At each time instantt, tj <t <tj,q, pathij is
used to predict the best path. The cumulative loss of a partition Part (n,m,t,i) is

m tj+1-1 m tj1-1
L(Part (n,m,t,i)) = zo bt = Z) Leg.
= t;j J I= t;j e;J

The goal of the decision maker is to perform as well as the best time-varying path (partition),
that is, to keep the normalized regret

% <En —minL(Part (n, m,t,i)))
i

as small as possible (with high probability) for all possible outcome sequences.

In the “classical” tracking problem there is a relatively small number of “base” experts and the
goal of the decision maker is to predict as well as the best “compound” expert (i.e., time-varying
expert). However in our case, base experts correspond to all paths of the graph between source and
destination whose number is typically exponentially large in the number of edges, and therefore
we cannot directly apply the computationally efficient methods for tracking the best expert. Gyorgy
et al. (2005a) develop efficient algorithms for tracking the best expert for certain large and structured
classes of base experts, including the shortest path problem. The purpose of the following algorithm,
shown in Figure 4, is to extend the methods of Gyorgy et al. (2005a) to the bandit setting when the
forecaster only observes the losses of the edges on the chosen path.

The following performance bounds shows that the normalized regret with respect to the best
time-varying path which is allowed to switch paths m times is roughly of the order of

Ky/(m/n)|C|InN.

Theorem 6 For any 6 € (0,1) and parameters 0 <y < 1/2, a,B € [0,1], and n > 0 satisfying
2nK|C| <'y, the performance of the algorithm defined above can be bounded, with probability at
least 1 — 9, as

1/~ . .
- <Ln —min L(Part (n,m,t,l))>
i

< K(y+n(+BK|C)+ K(':B“) in EL0E D

1 Nm+1
+[3\E|+In( ) .
nn

C(m(l _ a)n—m—l
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Parameters: real numbers 3 >0,0<n,y<1,0<a <1
Initialization: Set weo = 1 for each e € E, Wi g = 1 for each i € 2, and W = N. For
eachroundt=1,2,...

(a) Choose a path I; according to the distribution p, defined by

. (1—y)W'/*‘*l+% ifie C;
§ ifigC.

(b) Compute the probability of choosing each edge e as

SieciWit—1 |{ie C:eci}
= o= (1— &<l
Jet i:ezei pit=(1-vy) WL +y i

(c) Calculate the estimated gains

) GetB  jfec,:
Oet = [?e" .
’ = otherwise.
et

(d) Compute the updated weights

/
Vit = W 1eM9:

o__
(1 — G)Vi’t + NWt

Wi t
where g ; = 3 eci et and Wy is the sum of the total weights of the paths, that is,

Wi = z Vit = z Wit.

ieP icP

Figure 4: A bandit algorithm for tracking shortest paths

In particular, choosing

B:\/K(:‘El) In‘E|(T_)+1), y=2nK|C|, a:%,
and
h \/(m+1)InN +min &0
4nK2|C|
we have, for all n > max{K(‘”gl) In ‘E‘(?l),4|C]D},

% (En—rrt]’iinL(Part (n,m,t,i))> < 2\/5( 4K!CD+\/\E|(m+1)|”|E’(m5H)> )
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where

D:(m+1)|nN+m<1+|n”;1>.

The proof of the theorem is a combination of that of our Theorem 1 and Theorem 1 of Gyorgy
et al. (2005a). We will need the following three lemmas.

Lemma?7 Foranyl<t<t'<nandanyiec P,

L Z enGiC[L,t/] (1 _ G)t/*t

Wit—1
/ ot /
where Gi,[tﬂ =Yrt0ir

Proof The proof is a straightforward modification of the one in Herbster and Warmuth (1998). From
the definitions of v;; and wi (see step (d) of the algorithm) it is clear that for any T > 1,

a_— /
Wi;[ == (1 - C()V“T + NWT 2 (1 — G)engi~‘Wi7T,1 .

Applying this equation iteratively for T =t,t +1,...,t" — 1, and the definition of v;; (step (d)) for
T =1/, we obtain

t'—1
/ / J/
Vipg = Wi:t,,le”gil’ > engiﬂ I_l <(1 — G)engi-T> Wit—1
1=

nG

=e (l- O‘)t/_tWi,tfl

which implies the statement of the lemma. DO

Lemma8 Foranyt>1landi,je€ P, we have

Wit > a
VLt N
Proof By the definition of w; ; we have
o _aoa__ _«a
Wlt—(l—O()Vn-i-N t > N t > ij’t

This completes the proof of the lemma. O
The next lemma is a simple corollary of Lemma 2.

Lemma9 Foranyd€ (0,1),0<B<1,t>1andec E we have

1 [E[(m+1) 5
P |G GLi+ =1 < .
et = Bett g 5 | S Eim+1)
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Proof of Theorem 6. Again, we upper bound InW /W the same way as in Theorem 1. Then we
get

Wn r] =
— < -
G < 1_V<Gn+n]E\B)+

2K( +B)

- IC]| maxG (16)

Let Part (n,m,t,i) be an arbitrary partition. Then the lower bound is obtained as

J— an

Wh Vim,n
In— =1In =In — > |n
Wo jEZT JEZQ, N N

z\é\

(recall that iy, denotes the path used in the last segment of the partition). Now v;_ , can be rewritten
in the form of the following telescoping product

1. m W ly2
oo Vioty—1 Wijti—1 Vijtia-1
Vlm,n - Wlo.to—lw_ I_l Vi Wi .
io,fo—1 = ij—1tj—1 Wijt -1

Therefore, applying Lemmas 7 and 8, we have

aym M .
Vipn > Wio,to—1<ﬁ> rt((l—o‘)t”llt'en e H)
J:

aym / ; e
— (N) enG(Part(n,m,t,l))(l_a)n m 1'

Combining the lower bound with the upper bound (16), we have

m1_ n—-m-1 :
In <G ( Nn?+)1 >+ma_xr|G'(Pal’t (n,m,t,i))

1L (Gn+n|E‘B) + 1o K 1+B |C| maxleiPG| N>

where we used the fact that Part (n,m,t,i) is an arbitrary partition. After rearranging and using

maxicp G| n< < maxt; G'(Part (n,m,t,i)) we get

Gn > (L-y-nK(1+B)|C|)maxG'(Part (n.m.t,i))
A

1—y N
—nlE|B— 0 In <am(1—a)nm1> .

Now since 1 —y—nK(1+B)|C| > 0, by the assumptions of the theorem and from Lemma 9 with
an application of the union bound we obtain that, with probability at least 1 — 9,

~

6o (1-y-NK(L+ B|C)  maxG(Part (n.m.v.1) -
1—-vy NmHL
0= (G g )
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Since G = Kn—L, and G(Part (n,m,t,i)) = Kn—L(Part (n,m,t,i)), we have
Lo < (L—y-nK@+B)|Cl)minL(Part (n,m,t,i))+Kn(y+n(L+B)K|C])

K(m+1) [E|m+1)
B 5

+(1—y=n(1+B)XKI[C])

1 Nm+1
Tl <am<1—a>n—m—1> |

This implies that, with probability at least 1 — 9,

+nlEB

~

Ln— nt1i_n L(Part (n,m,t,i))
i

K(m+1) _[E|(m+1)
B 5

1 Nm+1
+n]E\B+ﬁln <am(1—a)nm1> .

< Kn(y+n(1+B)KI[C|)+

A7)

To prove the second statement, let H(p) = —pInp— (1 —p)In(1—p) and D(p || q) = pIn g +

1—p)Ini=P. Optimizing the value of a in the last term of (17) gives
1-q

1 Nm+1
ol (amu—a)"ml)
1

= rll((m+1)|n(N)+mlni+(n—m—1)|n1)

_ rll(<m+1>|n<N>+<n—1>(Db(a* I o) + Hp(a)))

where a* = M. For o = o* we obtain

1I N1
n <am<1—a>n—m—1>

= Z((m+1)In(N)+ (n—1)(Hp(a*)))

(m-+1)In(N)+min((n—1)/m)
n—m—1)In(1+m/(n—m-—1)))
(M+1)In(N)+min((n—1)/m) +m)
e(n—1)Y def 1
)

(
(

Sl + S|k

1
= r]<(m+1)ln(N)+mIn 0
where the inequality follows since In(1+ x) < x for x > 0. Therefore
Ln— min L(Part (n,m,t,i))
7 K(m+1) [E|(m+1)
B )
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which is the first statement of the theorem. Setting

_ [K(m+41) |E[(m+1) B D
B\/ nE| In 5 ,Y=2nK|C|,andn = el

results in the second statement of the theorem, that is,

~

Ln—minL(Part (n,m,t,i))

t7l

< NR( 4K\C\D+\/\E|(m+1)|n’E‘(m6“)>.

Fort =1, choose I, uniformly from the set P. Fort > 2,
(a) Draw a Bernoulli random variable 't with P(I'y = 1) =Y.
(b) If 't = 1, then choose It uniformly from C.
(c) Ifry=0,

(c1) choose T1; randomly according to the distribution

(-0 "2 fort/ =1

P{Tt = t/} = W[tilt’*
a(l—a)" " WyZy; 4 r_
A fort! =2, t

where Zy 1 = Sico er‘Gi/-[t"*—H fort' =1,....t—1,and Z;;_1 =N;
(c2) given 1y =t’, choose I; randomly according to the probabilities
G

s - !/ .
P{l =it =t} =4 Zua fort' =1,...,t—1

1

N fort’ =t.

Figure 5: An alternative bandit algorithm for tracking shortest paths

Similarly to Gyorgy et al. (2005a), the proposed algorithm has an alternative version, shown in
Figure 5, which is efficiently computable. With a slight modification of the proof of Theorem 2 in
Gyorgy et al. (2005a), it can be shown that the alternative and the original algorithms are equivalent.
Moreover, in a way completely analogous to Gyorgy et al. (2005a), in this alternative formulation of
the algorithm one can compute the probabilities the normalization factors Zy ;_ efficiently, as the
baseline bandit algorithm for shortest paths has an O(n|E|) time complexity by Theorem 3. There-
fore the factors W and hence the probabilities P{l; = i|t; =t'} can also be computed efficiently as
in Gyorgy et al. (2005a). In particular, it follows from Theorem 3 of Gyorgy et al. (2005a) that the
time complexity of the alternative bandit algorithm for tracking the shortest path is O(n?|E ).
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7. An Algorithm for the Restricted Multi-Armed Bandit Problem

In this section we consider the situation where the decision maker receives information only about
the performance of the whole chosen path, but the individual edge losses are not available. That
is, the forecaster has access to the sum ¢, of losses over the chosen path I; but not to the losses
{let }eci, Of the edges belonging to I;.

This is the problem formulation considered by McMahan and Blum (2004) and Awerbuch and
Kleinberg (2004). McMahan and Blum provided a relatively simple algorithm whose regret is
at most of the order of n—1/4, while Awerbuch and Kleinberg gave a more complex algorithm to
achieve O(n~%/3) regret. In this section we combine the strengths of these papers, and propose a
simple algorithm with regret at most of the order of n—1/3. Moreover, our bound holds with high
probability, while the above-mentioned papers prove bounds for the expected regret only. The pro-
posed algorithm uses ideas very similar to those of McMahan and Blum (2004). The algorithm
alternates between choosing a path from a “basis” B to obtain unbiased estimates of the loss (explo-
ration step), and choosing a path according to exponential weighting based on these estimates.

A simple way to describe a path i € © is a binary row vector with |E| components which are
indexed by the edges of the graph such that, for each e € E, the eth entry of the vectoris 1 ife €i
and 0 otherwise. With a slight abuse of notation we will also denote by i the binary row vector
representing path i. In the previous sections, where the loss of each edge along the chosen path
is available to the decision maker, the complexity stemming from the large number of paths was
reduced by representing all information in terms of the edges, as the set of edges spans the set of
paths. That is, the vector corresponding to a given path can be expressed as the linear combination
of the unit vectors associated with the edges (the eth component of the unit vector representing edge
e is 1, while the other components are 0). While the losses corresponding to such a spanning set
are not observable in the restricted setting of this section, one can choose a subset of  that forms
a basis, that is, a collection of b paths which are linearly independent and each path in 2 can be
expressed as a linear combination of the paths in the basis. We denote by B the b x |E| matrix
whose rows b?, ..., b° represent the paths in the basis. Note that b is equal to the maximum number
of linearly independent vectors in {i: i€ ?},sob < |E|.

Let ét(E) denote the (column) vector of the edge losses {/et }ecE at timet, and let Et(B) =lprgs-- s
l»;)" be a b-dimensional column vector whose components are the losses of the paths in the basis
B at time t. If a(i’B),...,aS,;B) are the coefficients in the linear combination of the basis paths

)

expressing path i € P, that is, i = ZJ 10 (-1, then the loss of path i € P at time t is given by

b

b
ei,t=<i,zéE)>=Z a®pi (B Z )ty (18)
J:

where (-,-) denotes the standard inner product in RIEl. In the algorithm we obtain estimates 7, , of
the losses of the basis paths and use (18) to estimate the loss of any i € P as

b o

It is algorithmically advantageous to calculate the estimated path losses Zi,t from an intermediate
estimate of the individual edge losses. Let BT denote the Moore-Penrose inverse of B defined by
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Bt =BT(BBT)~1, where BT denotes the transpose of B and BB is invertible since the rows of B
are linearly independent. (Note that BB+ = Ip, the b x b identity matrix, and B* =B~ if b = |E|.)

Then letting Zt(B) = (Zbl,t’ e ,be,t)T and

zt(E) _ B*Zt(B)

it is easy to see that /i in (19) can be obtained as 7 = (i,7."), or equivalently

biy = zfe,t-
ecl
This form of the path losses allows for an efficient implementation of exponential weighting via
dynamic programming Takimoto and Warmuth (2003).

To analyze the algorithm we need an upper bound on the magnitude of the coefficients ak()'j’B).
For this, we invoke the definition of a barycentric spanner from Awerbuch and Kleinberg (2004):
the basis B is called a C-barycentric spanner if ]aé’;B)] <CforalliePand j=1,...,b. Awerbuch
and Kleinberg (2004) show that a 1-barycentric spanner exists if B is a square matrix (i.e., b = |E|)
and give a low-complexity algorithm which finds a C-barycentric spanner for C > 1. We use their
technique to show that a 1-barycentric spanner also exists in case of a non-square B, when the basis
is chosen to maximize the absolute value of the determinant of BBT. As before, b denotes the
maximum number of linearly independent vectors (paths) in P.

Lemma 10 For a directed acyclic graph, the set of paths P between two dedicated nodes has a 1-
barycentric spanner. Moreover, let B be a b x |E| matrix with rows from 2 such that det[BBT] # 0.
If B_; is the matrix obtained from B by replacing its jth row by i € 7 and

|det [B_j;BT;;]| <C?|det[BBT]] (20)

forall j=1,...,bandi e P, then B is a C-barycentric spanner.

Proof Let B be a basis of # with rows b?,...,b° € 2 that maximizes |det[BBT]|. Then, for any
path i € 2, we have i = 3°_; al?'b! for some coefficients {oy,®'}. Now for the matrix B_1; =
[iT,(03)7,...,(b")T]T we have

(i
b

|det [B_1;BT ;]|
—  |det [B_LiiT, B_1;(b2)T,B_i(b%)T,.. .,B_Li(bb)T} ‘

.
b _

— |det (Zang)B—l,ibj ,B_1i(b?)T,B_1;(b*)T7,....B_1;(b")T
J:

b .
= Zlagf‘) det [B_1i(b)),B-13(b?),B-1(b)T,....B_1i(6")T
J:

= |al;”||det [B_1;BT]|

_ <aS;B))2 det [BBT]|
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where last equality follows by the same argument the penultimate equality was obtained. Repeating
the same argument for B_; ;, j = 2,...,b we obtain

|det [B_;;BT; ]\_( >)2\det[BBT]\. (21)

Thus the maximal property of |det[BBT]| implies ]O(S;B)] <1forall j=1,...,b. The second state-
ment follows trivially from (20) and (21). O

Awerbuch and Kleinberg (2004, Proposition 2.4) also present an iterative algorithm to find a
C-barycentric spanner if B is a square matrix. Their algorithm has two parts. First, starting from the
identity matrix, the algorithm replaces sequentially the rows of the matrix in each step by maximiz-
ing the determinant with respect to the given row. This is done by calling b times an optimization
oracle, to compute argmaxic |det[B_;;]| for j =1,2,...,b. In the second part the algorithm re-
places an arbitrarily row j of the matrix in each iteration with some i € 2 if |det[B_j ;]| > C|det[B]|.
It is shown that the oracle is called in the second part O(blogc b) times for C > 1. In case B is not a
square matrix, the algorithm carries over if we have access to an alternative optimization oracle that
can compute argmaxico |det[B_;, .ij i||: In the first b steps, all the rows of the matrix are replaced
(first part), then we can iteratively replace one row in each step, using the oracle, to maximize the
determinant | det[B_; .ij ]| in i until (20) is satisfied for all j and i. By Lemma 10, this results is
a C-barycentric spanner. Similarly to Awerbuch and Kleinberg (2004, Lemma 2.5), it can be shown
that the alternative optimization oracle is called O(blog¢b) times for C > 1.

For simplicity (to avoid carrying the constant C), assume that we have a 2-barycentric spanner
B. Based on the ideas of label efficient prediction, the next algorithm, shown in Figure 6, gives a
simple solution to the restricted shortest path problem. The algorithm is very similar to that of the
algorithm in the label efficient case, but here we cannot estimate the edge losses directly. Therefore,
we query the loss of a (random) basis vector from time to time, and create unbiased estimates Zb,- 1
of the losses of basis paths /,; ;, which are then transformed into edge-loss estimates. '

The performance of the algorithm is analyzed in the next theorem. The proof follows the ar-
gument of Cesa-Bianchi et al. (2005), but we also have to deal with some additional technical
difficulties. Note that in the theorem we do not assume that all paths between u and v have equal
length.

Theorem 11 LetK denote the length of the longest path in the graph. For any d € (0,1), parameters
0<e< &andn>O0satisfyingn <2 andn > 2 In4¥ the performance of the algorithm defined
above can be bounded, with probability at least 1 0, as

—~ 2nein4
Ln—mijrjl—i,nﬁK Kn+\/T+ns+ 5 2n 9| 4bN '“N
IS

In particular, choosing

1/3
<Kbl 4b6N> and n=¢?

we obtain R
Lo —minLin < 9.1K2b (KbIn(4bN /3))Y/3n?/3 .
le
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Parameters: 0 <g,n <1
Initialization: Set weo = 1 for each e € E, Wi o = 1 for each i € ?, Wy = N. Fix a
basis B, which is a 2-barycentric spanner. For each roundt =1,2,...

(a) Draw a Bernoulli random variable S; such that P(S; = 1) =¢;

(b) If S¢ =1, then choose the path I; uniformly from the basis B. If S; = 0, then
choose It according to the distribution {p;}, defined by
Wit—1

Pit = W,

(c) Calculate the estimated loss of all edges according to

W e,
where Zt(a = {Zg?}egE, and Zt(B) = (Zf)??t, e ,Zé?t) is the vector of the estimated
losses

- S
boiy = 5 boiLi—pipP
forj=1,...,h.

(d) Compute the updated weights

—n¢,
Wet = Wet—1€ Mfer,

]

- _ NS
Wiy = |_| Wet = Wig_qe N2ecifet,
ecl

and the sum of the total weights of the paths

t= Zwi,t-

ieP

=

Figure 6: A bandit algorithm for the restricted shortest path problem

The theorem is proved using the following two lemmas. The first one is an easy consequence of

Bernstein’s inequality:

Lemma 12 Under the assumptions of Theorem 11, the probability that the algorithm queries the

basis more than ne + y/2neln 3 times is at most 3/4.

Using the estimated loss of a path i € P given in (19), we can estimate the cumulative loss of i

up totime n as

~ n ~
Lin Zglfi,t -

The next lemma demonstrates the quality of these estimates.
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Lemma 13 Let0 < &< 1and assumen > 82In 4N For any i € 2, with probability at least 1 — &/4,

n o
t;igp Pi tfit —tZ Z pitliy < bm'

ieP

Furthermore, with probability at least 1 —&/(4N),

bK?2 4bN
< -
L —Lin< b\/Z . In N

Proof We may write

Z > Pidliz— Zl > picliy =

ieP ieP

=}
o

,_.
Il

o
m
=] r-eM
o
Q
T =
o= T m
—
[
O_'
f\
U_
_

0
py
S

IS,
e
T
i
5
M>s
x
<
T

(=

(22)

Note that for any b, Xpip, t=1,2,... is a martingale difference sequence with respect to (I,St),
t=1,2,...as el =l ;. Also,

g0= (gpet?) 2[00 oo LS

iep ieP

and

<zp.t\ af®| " <2 (24)

‘Xbl t‘ < ‘ﬂbj ﬁbj

z Pi tubl

where the last inequalities in both cases follow from the fact that B is a 2-barycentric spanner. Then,
using Bernstein’s inequality for martingale differences (Lemma 14), we have, for any fixed b’,

€

bK2 4b
(3 0 0

where we used (23), (24) and the assumption of the lemma on n. The proof of the first statement is
finished with an application of the union bound and its combination with (22).
For the second statement we use a similar argument, that is,

ZJ
ZJZ

<8
4b

b n

n
(Gi—t) =S a"® S (T — L)
2, (et ;&w ;;bJ bl

IN

— Ly ,t)

(25)

IN

n
Zﬁw-%w
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Now applying Lemma 14 for a fixed b’ we get

n o 4 bi 4bN 3
P 1S (Byig—Lyiy) > 71/20—1In < (26)
t; bt 3 d ] 4bN

because of Ex[(Zyi  — £ ;)?] < K% and —K < Cpi ¢ — Loy < K (2—1). The proof is completed by
applying the union bound to (26) and combining the result with (25). O

Proof of Theorem 11. Similarly to earlier proofs, we follow the evolution of the term In W” . Inthe
same way as we obtained (5) and (7), we have

Invﬁ > —nminLjn—InN
WO ieP '
and
Wh n n?
In— < n pltglt‘f‘ Pi t4; t> .
W() t= < IEET 2 Igl) |

Combining these bounds, we obtain

InN
—minLjn—— < lig+— ?
MM Lin 0 tZ( |ezzppltlt IEZTPH )
< ( 1+> Zpltglta
icP

because 0 < E.t < %b. Applying the results of Lemma 13 and the union bound, we have, with
probability 1 — /2,

8 K2b  4bN
~minLin—gby/2n==In =5
n 2
< (—1—|—Kb> Zl p|t€i’t—§b 2nK—bIn4—b +M
€ &i&% 37V € o) n
Kb} I K2b. 4b InN
< <—1+>Zl Piclict 5 8 2n=—In~ ML 27)
€ t=licP 6 r]

Introduce the sets

‘Indff{t 1<t<nandS; =0} and ?ndff{t 1<t<nandS;=1}

of “exploitation” and “exploration” steps, respectively. Then, by the Hoeffding-Azuma inequality
(Hoeffding, 1963) we obtain that, with probability at least 1 — 8/4,

Tn|K?2
zputfut zﬁht— |n| Ing.

tednie?
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Note that for the exploration stepst € T p,, as the algorithm plays according to a uniform distribution
instead of p;j ¢, we can only use the trivial lower bound zero on the losses, that is,

Z Z Pi; tflt Z glt,t _K’?n| .

teT,i€P teTh
The last two inequalities imply

n ~ |Ta|K2 4
tzlz Pitlit = Ln—1/ , N3

ie?

T (28)

Then, by (27), (28) and Lemma 12 we obtain, with probability at least 1 — 9,

Ln—minL;
ieP

,/2nsln 4bN | N
< K Kn—H/fIn +ng4+ +——— 6 \/2 EI L n

where we used L, < Kn and || < n. Substituting the values of € and n gives

- 1 1 16
Ln mlﬂr)L.n < bine+ZKns+ Kns+§ns+§b\/Kns+ns
le

< 9.1K?bne

where we used |/91In$ < Ine, \/2nein < ing, \/n2 In4 =ne, and '”TN < ne (from the assump-

tions of the theorem). O

8. Simulation Results

To further investigate our new algorithms, we have conducted some simple simulations. As the main
motivation of this work is to improve earlier algorithms in case the number of paths is exponentially
large in the number of edges, we tested the algorithms on the small graph shown in Figure 1 (b),
which has one of the simplest structures with exponentially many (namely 2/El/2) paths.

The losses on the edges were generated by a sequence of independent and uniform random
variables, with values from [0, 1] on the upper edges, and from [0.32, 1] on the lower edges, resulting
in a (long-term) optimal path consisting of the upper edges. We ran the tests for n = 10000 steps,
with confidence value & = 0.001. To establish baseline performance, we also tested the EXP3
algorithm of Auer et al. (2002) (note that this algorithm does not need edge losses, only the loss
of the chosen path). For the version of our bandit algorithm that is informed of the individual
edge losses (edge-bandit), we used the simple 2-element cover set of the paths consisting of the
upper and lower edges, respectively (other 2-element cover sets give similar performance). For our
restricted shortest path algorithm (path-bandit) the basis {uuuuu, uuuul, uuull, uulll, ullll; 111} was
used, where u (resp. 1) in the kth position denotes the upper (resp. lower) edge connecting vi_1 and
vk. Inthis example the performance of the algorithm appeared to be independent of the actual choice
of the basis; however, in general we do not expect this behavior. Two versions of the algorithm of
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Awerbuch and Kleinberg (2004) were also simulated. With its original parameter setting (AwKI),
the algorithm did not perform well. However, after optimizing its parameters off-line (AwKI tuned),
substantially better performance was achieved. The normalized regret of the above algorithms,
averaged over 30 runs, as well as the regret of the fixed paths in the graph are shown in Figure 7.

2 ; ' ' .
edge-bandit =—tm—
path-bandit —»—

AwKI
AwKI tun
EXP3 ---&---
- bound for edge-bandit_--------

Normalized regret

0 i i i i
0 2000 4000 6000 8000 10000

Number of packets

Figure 7: Normalized regret of several algorithms for the shortest path problem. The gray dotted
lines show the normalized regret of fixed paths in the graph.

Although all algorithms showed better performance than the bound for the edge-bandit algo-
rithm, the latter showed the expected superior performance in the simulations. Furthermore, our
algorithm for the restricted shortest path problem outperformed Awerbuch and Kleinberg’s (AwKI)
algorithm, while being inferior to its off-line tuned version (AwKI tuned). It must be noted that sim-
ilar parameter optimization did not improve the performance of our path-bandit algorithm, which
showed robust behavior with respect to parameter tuning.

9. Conclusions

We considered different versions of the on-line shortest path problem with limited feedback. These
problems are motivated by realistic scenarios, such as routing in communication networks, where
the vertices do not have all the information about the state of the network. We have addressed the
problem in the adversarial setting where the edge losses may vary in an arbitrary way; in particular,
they may depend on previous routing decisions of the algorithm. Although this assumption may
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neglect natural correlation in the loss sequence, it suits applications in mobile ad-hoc networks,
where the network topology changes dynamically in time, and also in certain secure networks that
has to be able to handle denial of service attacks.

Efficient algorithms have been provided for the multi-armed bandit setting and in a combined
label efficient multi-armed bandit setting, provided the individual edge losses along the chosen
path are revealed to the algorithms. The normalized regrets of the algorithms, compared to the
performance of the best fixed path, converge to zero at an O(1/,/n) rate as the time horizon n
grows to infinity, and increases only polynomially in the number of edges (and vertices) of the
graph. Earlier methods for the multi-armed bandit problem either do not have the right O(1//n)
convergence rate, or their regret increase exponentially in the number of edges for typical graphs.
The algorithm has also been extended so that it can compete with time varying paths, that is, to
handle situations when the best path can change from time to time (for consistency, the number of
changes must be sublinear in n).

In the restricted version of the shortest path problem, where only the losses of the whole paths
are revealed, an algorithm with a worse O(n~%/3) normalized regret was provided. This algorithm
has comparable performance to that of the best earlier algorithm for this problem Awerbuch and
Kleinberg (2004), however, our algorithm is significantly simpler. Simulation results are also given
to assess the practical performance and compare it to the theoretical bounds as well as other com-
peting algorithms.

It should be noted that the results are not entirely satisfactory in the restricted version of the
problem, as it remains an open question whether the O(1//n) regret can be achieved without the
exponential dependence on the size of the graph. Although we expect that this is the case, we have
not been able to construct an algorithm with such a proven performance bound.
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Appendix A.

First we describe a simple algorithm that, given a directed acyclic graph (V,E) with a source vertex
u and destination vertex v, constructs a graph by adding at most (K —2)(|V| —2) + 1 vertices and
edges (with constant weight zero) to the graph without modifying the weights of the paths between
u and v such that each path from u to v is of length K, where K denotes the length of the longest
path of the original graph.

Order the vertices v;, i = 1,...,|V| of the graph such that if (v;,v;) € E then i < j. Replace
the destination vertex v = v), with a chain of K vertices vy g,...,Vy| k-1 and vertices v, i =
3,...,|V| —1 with a chain of K — 1 vertices v, ...,Vik—2 such that in the chains the only edges
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are of the form (vjx+1,Vik) (for each possible value of k), and these edges are of constant weight
zero. Furthermore, if (vi,v;j) € E is such that the length of the longest path from v; (resp. v;) to the
destination is K; (resp. Kj), then this edge is replaced in the new graph by (Vvio,Vjk;—k;—1) Whose
weight equals that of the original at each time instant. (Note that here vip =vi =uand voo = V»
and Kj < K;.) It is easy to see that each path from source to destination is of length K in the new
graph and the weights of the new paths are the same as those of the corresponding originals.

Next we recall a martingale inequality used in the proofs:

Lemma 14 (Bernstein’s inequality for martingale differences (Freedman, 1975).) Let Xy, ..., X, be
a martingale difference sequence such that X; € [a,b] with probability one (t = 1,...,n). Assume

that, for all t,
E [XZ[X;-1,...,X1] < 0% as.

{ th > E} e2n02+28 (b—a)/3

n
P{let > \/2n02In61+2In6‘1(ba)/3} <3d.
t=

Then, for all € > 0,

and therefore
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