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Abstract

We study combinatorial multi-armed bandit with probabilistically triggered arms
and semi-bandit feedback (CMAB-T). We resolve a serious issue in the prior
CMAB-T studies where the regret bounds contain a possibly exponentially large
factor of 1/p*, where p* is the minimum positive probability that an arm is trig-
gered by any action. We address this issue by introducing a triggering probability
modulated (TPM) bounded smoothness condition into the general CMAB-T frame-
work, and show that many applications such as influence maximization bandit and
combinatorial cascading bandit satisfy this TPM condition. As a result, we com-
pletely remove the factor of 1/p* from the regret bounds, achieving significantly
better regret bounds for influence maximization and cascading bandits than before.
Finally, we provide lower bound results showing that the factor 1/p* is unavoidable
for general CMAB-T problems, suggesting that the TPM condition is crucial in
removing this factor.

1 Introduction

Stochastic multi-armed bandit (MAB) is a classical online learning framework modeled as a game
between a player and the environment with m arms. In each round, the player selects one arm and
the environment generates a reward of the arm from a distribution unknown to the player. The player
observes the reward, and use it as the feedback to the player’s algorithm (or policy) to select arms in
future rounds. The goal of the player is to cumulate as much reward as possible over time. MAB
models the classical dilemma between exploration and exploitation: whether the player should keep
exploring arms in search for a better arm, or should stick to the best arm observed so far to collect
rewards. The standard performance measure of the player’s algorithm is the (expected) regret, which
is the difference in expected cumulative reward between always playing the best arm in expectation
and playing according to the player’s algorithm.

In recent years, stochastic combinatorial multi-armed bandit (CMAB) receives many attention (e.g.
[9, 7, 6, 10, 13, 15, 14, 16, 8]), because it has wide applications in wireless networking, online
advertising and recommendation, viral marketing in social networks, etc. In the typical setting of
CMAB, the player selects a combinatorial action to play in each round, which would trigger the
play of a set of arms, and the outcomes of these triggered arms are observed as the feedback (called

*This is the full version of the paper appearing at the 30th Annual Conference on Advances in Neural
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contains several typo fixes, and a new Appendix G that provides a slightly better regret bound for CMAB-T with
linear reward functions.

31st Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA, USA.



semi-bandit feedback). Besides the exploration and exploitation tradeoff, CMAB also needs to deal
with the exponential explosion of the possible actions that makes exploring all actions infeasible.

One class of the above CMAB problems involves probabilistically triggered arms [7, 14, 16], in
which actions may trigger arms probabilistically. We denote it as CMAB-T in this paper. Chen et al.
[7] provide such a general model and apply it to the influence maximization bandit, which models
stochastic influence diffusion in social networks and sequentially selecting seed sets to maximize
the cumulative influence spread over time. Kveton et al. [14, 16] study cascading bandits, in which
arms are probabilistically triggered following a sequential order selected by the player as the action.
However, in both studies, the regret bounds contain an undesirable factor of 1/p*, where p* is the
minimum positive probability that any arm can be triggered by any action,? and this factor could be
exponentially large for both influence maximization and cascading bandits.

In this paper, we adapt the general CMAB framework of [7] in a systematic way to completely remove
the factor of 1/p* for a large class of CMAB-T problems including both influence maximization and
combinatorial cascading bandits. The key observation is that for these problems, a harder-to-trigger
arm has less impact to the expected reward and thus we do not need to observe it as often. We turn
this key observation into a triggering probability modulated (TPM) bounded smoothness condition,
adapted from the original bounded smoothness condition in [7]. We eliminates the 1/p* factor
in the regret bounds for all CMAB-T problems with the TPM condition, and show that influence
maximization bandit and the conjunctive/disjunctive cascading bandits all satisfy the TPM condition.
Moreover, for general CMAB-T without the TPM condition, we show a lower bound result that 1 /p*
is unavoidable, because the hard-to-trigger arms are crucial in determining the best arm and have to
be observed enough times.

Besides removing the exponential factor, our analysis is also tighter in other regret factors or constants
comparing to the existing influence maximization bandit results [7, 25], combinatorial cascading
bandit [16], and linear bandits without probabilistically triggered arms [15]. Both the regret analysis
based on the TPM condition and the proof that influence maximization bandit satisfies the TPM
condition are technically involved and nontrivial, but due to the space constraint, we have to move
the complete proofs to the supplementary material. Instead we introduce the key techniques used in
the main text.

Related Work. Multi-armed bandit problem is originally formated by Robbins [20], and has been
extensively studied in the literature [cf. 3, 21, 4]. Our study belongs to the stochastic bandit research,
while there is another line of research on adversarial bandits [2], for which we refer to a survey
like [4] for further information. For stochastic MABs, an important approach is Upper Confidence
Bound (UCB) approach [1], on which most CMAB studies are based upon.

As already mentioned in the introduction, stochastic CMAB has received many attention in recent
years. Among the studies, we improve (a) the general framework with probabilistically triggered arms
of [7], (b) the influence maximization bandit results in [7] and [25], (c) the combinatorial cascading
bandit results in [16], and (d) the linear bandit results in [15]. We defer the technical comparison
with these studies to Section 4.3. Other CMAB studies do not deal with probabilistically triggered
arms. Among them, [9] is the first study on linear stochastic bandit, but its regret bound has since
been improved by Chen et al. [7], Kveton et al. [15]. Combes et al. [8] improve the regret bound of
[15] for linear bandits in a special case where arms are mutually independent. Most studies above
are based on the UCB-style CUCB algorithm or its minor variant, and differ on the assumptions and
regret analysis. Gopalan et al. [10] study Thompson sampling for complex actions, which is based on
the Thompson sample approach [22] and can be applied to CMAB, but their regret bound has a large
exponential constant term.

Influence maximization is first formulated as a discrete optimization problem by Kempe et al. [12],
and has been extensively studied since (cf. [5]). Variants of influence maximization bandit have also
been studied [18, 23, 24]. Lei et al. [18] use a different objective of maximizing the expected size of
the union of the influenced nodes over time. Vaswani et al. [23] discuss how to transfer node level
feedback to the edge level feedback, and then apply the result of [7]. Vaswani et al. [24] replace
the original maximization objective of influence spread with a heuristic surrogate function, avoiding
the issue of probabilistically triggered arms. But their regret is defined against a weaker benchmark

2The factor of 1/f* used for the combinatorial disjunctive cascading bandits in [16] is essentially 1/p*.



relaxed by the approximation ratio of the surrogate function, and thus their theoretical result is weaker
than ours.

2 General Framework

In this section we present the general framework of combinatorial multi-armed bandit with probabilis-
tically triggered arms originally proposed in [7] with a slight adaptation, and denote it as CMAB-T.
We illustrate that the influence maximization bandit [7] and combinatorial cascading bandits [14, 16]
are example instances of CMAB-T.

CMAB-T is described as a learning game between a learning agent (or player) and the environment.
The environment consists of m random variables X1, ..., X, called base arms (or arms) following
a joint distribution D over [0, 1]™. Distribution D is picked by the environment from a class of
distributions D before the game starts. The player knows D but not the actual distribution D.

The learning process proceeds in discrete rounds. In round ¢ > 1, the player selects an action .S; from
an action space S based on the feedback history from the previous rounds, and the environment draws
from the joint distribution D an independent sample X (V) = (X ft)7 e ,X,(T?). When action S; is
played on the environment outcome X (*), a random subset of arms 7, C [m] are triggered, and the
outcomes of X, i(t) for all 4 € 7 are observed as the feedback to the player. The player also obtains a
nonnegative reward R(S;, X(®), ;) fully determined by S;, X(*), and 7;. A learning algorithm aims
at properly selecting actions .S;’s over time based on the past feedback to cumulate as much reward
as possible. Different from [7], we allow the action space S to be infinite. In the supplementary
material, we discuss an example of continuous influence maximization [26] that uses continuous and
infinite action space while the number of base arms is still finite.

We now describe the triggered set 7; in more detail, which is not explicit in [7]. In general, 7, may
have additional randomness beyond the randomness of X (). Let D*i8(S X ) denote a distribution
of the triggered subset of [m] for a given action S and an environment outcome X . We assume that 7
is drawn independently from D'&(S;, X (t)). We refer D¢ as the probabilistic triggering function.

To summarize, a CMAB-T problem instance is a tuple ([m], S, D, D"& R), with elements already
described above. These elements are known to the player, and hence establishing the problem input
to the player. In contrast, the environment instance is the actual distribution D € D picked by the
environment, and is unknown to the player. The problem instance and the environment instance
together form the (learning) game instance, in which the learning process would unfold. In this paper,
we fix the environment instance D, unless we need to refer to more than one environment instances.

For each arm i, let yu; = Ex.p[X;]. Let vector g = (u1, . . ., ttr,) denote the expectation vector of
arms. Note that vector p is determined by D. Same as in [7], we assume that the expected reward
E[R(S, X, T)], where the expectation is taken over X ~ D and 7 ~ D'8(S, X), is a function of
action S and the expectation vector g of the arms. Henceforth, we denote r5(p) 2 E[R(S, X, 7)].
We remark that Chen et al. [6] relax the above assumption and consider the case where the entire
distribution D, not just the mean of D, is needed to determine the expected reward. However, they
need to assume that arm outcomes are mutually independent, and they do not consider probabilistically
triggered arms. It might be interesting to incorporate probabilistically triggered arms into their setting,
but this is out of the scope of the current paper. To allow algorithm to estimate y; directly from
samples, we assume the outcome of an arm does not depend on whether itself is triggered, i.e.
Ex~propuis(s x)[Xi |1 € 7] = Exp[X;].

The performance of a learning algorithm A is measured by its (expected) regret, which is the difference
in expected cumulative reward between always playing the best action and playing actions selected
by algorithm A. Formally, let opt,, = supgesrs(p), where p = Ex.p[X], and we assume
that opt,, is finite. Same as in [7], we assume that the learning algorithm has access to an offline
(v, B)-approximation oracle O, which takes gt = (pi1, . . ., fm) as input and outputs an action S©
such that Pr{r,(5°) > a - opt,} > S, where « is the approximation ratio and f is the success
probability. Under the («, 3)-approximation oracle, the benchmark cumulative reward should be the
a3 fraction of the optimal reward, and thus we use the following («, 3)-approximation regret:

Definition 1 ((«, 3)-approximation Regret). The T-round («, 8)-approximation regret of a learn-
ing algorithm A (using an (o, )-approximation oracle) for a CMAB-T game instance
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where S{‘ is the action A selects in round ¢, and the expectation is taken over the randomness of
the environment outcomes XV, ..., X(T) the triggered sets 71, ..., 7r, as well as the possible
randomness of algorithm A itself.

We remark that because probabilistically triggered arms may strongly impact the determination of
the best action, but they may be hard to trigger and observe, the regret could be worse and the regret
analysis is in general harder than CMAB without probabilistically triggered arms.

The above framework essentially follows [7], but we decouple actions from subsets of arms, allow
action space to be infinite, and explicitly model triggered set distribution, which makes the framework
more powerful in modeling certain applications (see supplementary material for more discussions).

2.1 Examples of CMAB-T: Influence Maximization and Cascading Bandits

In social influence maximization [12], we are given a weighted directed graph G = (V, E, p), where
V and E are sets of vertices and edges respectively, and each edge (u,v) is associated with a
probability p(u,v). Starting from a seed set S C V, influence propagates in G as follows: nodes
in S are activated at time 0, and at time ¢ > 1, a node u activated in step ¢ — 1 has one chance to
activate its inactive out-neighbor v with an independent probability p(u, v). The influence spread of
seed set S, o(.9), is the expected number of activated nodes after the propagation ends. The offline
problem of influence maximization is to find at most &k seed nodes in G such that the influence spread
is maximized. Kempe et al. [12] provide a greedy algorithm with approximation ratio 1 — 1/e — ¢
and success probability 1 — 1/|V|, for any £ > 0.

For the online influence maximization bandit [7], the edge probabilities p(u, v)’s are unknown and
need to be learned over time through repeated influence maximization tasks: in each round ¢, k seed
nodes .S; are selected, the influence propagation from S; is observed, the reward is the number of
nodes activated in this round, and one wants to repeat this process to cumulate as much reward as
possible. Putting it into the CMAB-T framework, the set of edges E is the set of arms [m], and their
outcome distribution D is the joint distribution of m independent Bernoulli distributions with means
p(u,v) for all (u,v) € E. Any seed set S C V with at most k nodes is an action. The triggered
arm set 7; is the set of edges (u, v) reached by the propagation, that is, u can be reached from S,

by passing through only edges e € E with Xét) = 1. In this case, the distribution D%8(S,, X (*))
degenerates to a deterministic triggered set. The reward R(S;, X(¥), 7,) equals to the number of nodes

in V that is reached from S through only edges e € E with X, ét) = 1, and the expected reward is
exactly the influence spread o (S;). The offline oracle is a (1 —1/e — e, 1/|V|)-approximation greedy
algorithm. We remark that the general triggered set distribution D8 (S, X (t)) (together with infinite
action space) can be used to model extended versions of influence maximization, such as randomly
selected seed sets in general marketing actions [12] and continuous influence maximization [26] (see
supplementary material).

Now let us consider combinatorial cascading bandits [14, 16]. In this case, we have m independent
Bernoulli random variables X1, ..., X,, as base arms. An action is to select an ordered sequence
from a subset of these arms satisfying certain constraint. Playing this action means that the player
reveals the outcomes of the arms one by one following the sequence order until certain stopping
condition is satisfied. The feedback is the outcomes of revealed arms and the reward is a function
form of these arms. In particular, in the disjunctive form the player stops when the first 1 is revealed
and she gains reward of 1, or she reaches the end and gains reward 0. In the conjunctive form, the
player stops when the first 0 is revealed (and receives reward 0) or she reaches the end with all 1
outcomes (and receives reward 1). Cascading bandits can be used to model online recommendation
and advertising (in the disjunctive form with outcome 1 as a click) or network routing reliability (in
the conjunctive form with outcome 0 as the routing edge being broken). It is straightforward to see
that cascading bandits fit into the CMAB-T framework: m variables are base arms, ordered sequences
are actions, and the triggered set is the prefix set of arms until the stopping condition holds.



Algorithm 1 CUCB with computation oracle.

Input: m, Oracle
1: For each arm 7, T; < 0 {maintain the total number of times arm 1 is played so far}
2: For each arm i, ji; <— 1 {maintain the empirical mean of X}
3. fort=1,2,3,...do

For each arm ¢ € [m], p; < 3Int

2T
For each arm ¢ € [m], fi; = min {/i; + p;, 1} {the upper confidence bound}
S + Oracle(fi1, - - -, fim)
Play action S, which triggers a set 7 C [m] of base arms with feedback X Z-(t) S, 1 ET
Forevery i € 7,update T; and ji;: T; = T; + 1, f1; = j1; + (Xi(t) — )/ T;

end for

{the confidence radius, p; = +oo if T; = 0}

W b

3 Triggering Probability Modulated Condition

Chen et al. [7] use two conditions to guarantee the theoretical regret bounds. The first one is
monotonicity, which we also use in this paper, and is restated below.

Condition 1 (Monotonicity). We say that a CMAB-T problem instance satisfies monotonicity, if for
any action S € S, for any two distributions D, D' € D with expectation vectors g = ({11, . - . , lim)
and p' = (@, ..., pl,), we have rs () < rg(p') if w; < wi for all i € [m).

The second condition is bounded smoothness. One key contribution of our paper is to properly
strengthen the original bounded smoothness condition in [7] so that we can both get rid of the
undesired 1/p* term in the regret bound and guarantee that many CMAB problems still satisfy the
conditions. Our important change is to use triggering probabilities to modulate the condition, and
thus we call such conditions triggering probability modulated (TPM) conditions. The key point of
TPM conditions is including the triggering probability in the condition. We use piD " to denote the
probability that action S' triggers arm ¢ when the environment instance is D. With this definition,

we can also technically define p* as p* = inf, €[m],S€8,pP 550 pZD’S. In this section, we further use

1-norm based conditions instead of the infinity-norm based condition in [7], since they lead to better
regret bounds for the influence maximization and cascading bandits.

Condition 2 (1-Norm TPM Bounded Smoothness). We say that a CMAB-T problem instance sat-
isfies 1-norm TPM bounded smoothness, if there exists B € R (referred as the bounded smoothness
constant) such that, for any two distributions D, D' € D with expectation vectors p and ', and any

action S, we have [rs(p) — rs(p')| < B e p?’smi — k.

Note that the corresponding non-TPM version of the above condition would remove piD’S in the
above condition, which is a generalization of the linear condition used in linear bandits [15]. Thus, the
TPM version is clearly stronger than the non-TPM version (when the bounded smoothness constants
are the same). The intuition of incorporating the triggering probability pZD " to modulate the 1-norm

condition is that, when an arm ¢ is unlikely triggered by action .S (small pZ-D ’S), the importance of
arm ¢ also diminishes in that a large change in u; only causes a small change in the expected reward
r5 (). This property sounds natural in many applications, and it is important for bandit learning —
although an arm ¢ may be difficult to observe when playing .S, it is also not important to the expected
reward of .S and thus does not need to be learned as accurately as others more easily triggered by .S.

4 CUCB Algorithm and Regret Bound with TPM Bounded Smoothness

We use the same CUCB algorithm as in [7] (Algorithm 1). The algorithm maintains the empirical
estimate ji; for the true mean p;, and feed the upper confidence bound fi; to the offline oracle to
obtain the next action S to play. The upper confidence bound ji; is large if arm ¢ is not triggered often
(T; is small), providing optimistic estimates for less observed arms. We next provide its regret bound.



Definition 2 (Gap). Fix a distribution D and its expectation vector p. For each action S, we define
the gap Ag = max(0, o - opt,, — 75(p)). For each arm i, we define
Al = inf Ag, Al = sup Ag.

min max

SGS:piD’S>O,As>O SES!p,L-D’S>0,As>0

As a convention, if there is no action S such that pZD’S > 0and Ag > 0, we define Afnin = +o0,
Al = 0. We define Ay, = MiN;¢[y,] Al and Ay = MaX;e ] Al s
Let S = {i € [m] | pf’s > 0} be the set of arms that could be triggered by S. Let K = maxges |S|.
For convenience, we use [z]g to denote max{[x],0} for any real number z.

Theorem 1. For the CUCB algorithm on a CMAB-T problem instance that satisfies monotonicity
(Condition 1) and 1-norm TPM bounded smoothness (Condition 2) with bounded smoothness constant
B, (1) if Amin > 0, we have distribution-dependent bound

576 B2K InT 2BK 2
Reguap(T) < Y 2=+ N Glogg Nﬂ +2) o Buax +4Bm; (1)
0

i€[m] min i€[m] min
(2) we have distribution-independent bound

T 2
Regp.ap(T) < 12BVmKTInT + qlog2 WW + 2) m- % Amax +2Bm. (2)
0

For the above theorem, we remark that the regret bounds are tight (up to a O(+/log T') factor in the
case of distribution-independent bound) base on a lower bound result in [15]. More specifically,
Kveton et al. [15] show that for linear bandits (a special class of CMAB-T without probabilis-

tic triggering), the distribution-dependent regret is lower bounded by Q(W logT'), and the

distribution-independent regret is lower bounded by Q(vmKT) when T' > m/K, for some in-
stance where A, = A forall ¢ € [m] and A} ; < oco. Comparing with our regret upper

bound in the above theorem, (a) for distribution-dependent bound, we have the regret upper bound
O(W log T') since for that instance B = 1 and there are K arms with A’ . = oo, so tight with

the lower bound in [15]; and (b) for distribution-independent bound, we have the regret upper bound
O(vmKTlogT), tight to the lower bound up to a O(+/log T') factor, same as the upper bound for
the linear bandits in [15]. This indicates that parameters m and K appeared in the above regret
bounds are all needed. As for parameter B, we can view it simply as a scaling parameter. If we
scale the reward of an instance to B times larger than before, certainly, the regret is B times larger.
Looking at the distribution-dependent regret bound (Eq. (1)), A’ ;, would also be scaled by a factor
of B, canceling one B factor from B2, and A, is also scaled by a factor of B, and thus the regret
bound in Eq. (1) is also scaled by a factor of B. In the distribution-independent regret bound (Eq. (2)),
the scaling of B is more direct. Therefore, we can see that all parameters m, K, and B appearing in
the above regret bounds are needed. Finally, we remark that the TPM Condition 2 can be refined such
that B is replaced by arm-dependent B; that is moved inside the summation, and B in Theorem 1 is

replaced with B; accordingly. See Appendix B.4 for details.

4.1 Novel Ideas in the Regret Analysis

Due to the space limit, the full proof of Theorem 1 is moved to the supplementary material. Here
we briefly explain the novel aspects of our analysis that allow us to achieve new regret bounds and
differentiate us from previous analyses such as the ones in [7] and [16, 15].

We first give an intuitive explanation on how to incorporate the TPM bounded smoothness condition
to remove the factor 1/p* in the regret bound. Consider a simple illustrative example of two actions
Sp and S, where Sy has a fixed reward ry as a reference action, and .S has a stochastic reward
depending on the outcomes of its triggered base arms. Let .S be the set of arms that can be triggered
by S. For i € S, suppose i can be triggered by action S with probability p7, and its true mean is y;
and its empirical mean at the end of round ¢ is fi; . The analysis in [7] would need a property that, if
foralli € S |f;,; — ps| < d; for some properly defined d;, then .S no longer generates regrets. The
analysis would conclude that arm i needs to be triggered O (log 7'/6%) times for the above condition



to happen. Since arm i is only triggered with probability p, it means action S may need to be played
O(log T/(p; 62)) times. This is the essential reason why the factor 1/p* appears in the regret bound.

Now with the TPM bounded smoothness, we know that the impact of |fi;; — p;| < d; to the
difference in the expected reward is only p;d;, or equivalently, we could relax the requirement to
| — i) <6/ pf to achieve the same effect as in the previous analysis. This translates to the result
that action S would generate regret in at most O(log T'/(p; (3;/p5)?)) = O(p$ log T//6?) rounds.

We then need to handle the case when we have multiple actions that could trigger arm ¢. The
simple addition of | S:pS>0 p? log T//6? is not feasible since we may have exponentially or even

infinitely many such actions. Instead, we introduce the key idea of triggering probability groups,
such that the above actions are divided into groups by putting their triggering probabilities pf
into geometrically separated bins: (1/2,1],(1/4,1/2]...,(277,277%1] .. The actions in the same
group would generate regret in at most O(277*!logT/§2) rounds with a similar argument, and
summing up together, they could generate regret in at most O(3=; 277+ 1log T/47) = O(log T/57)
rounds. Therefore, the factor of 1/p; or 1/p* is completely removed from the regret bound.

Next, we briefly explain our idea to achieve the improved bound over the linear bandit result
in [15]. The key step is to bound regret Ag, generated in round ¢. By a derivation similar to
[15, 7] together with the 1-norm TPM bounded smoothness condition, we would obtain that Ag, <
BY ics, plD’S" (fts,+ — p;) with high probability. The analysis in [15] would analyze the errors
|fi,+ — 1i| by a cascade of infinitely many sub-cases of whether there are =; arms with errors larger
than y; with decreasing y;, but it may still be loose. Instead we directly work on the above summation.
Naive bounding the about error summation would not give a O(log T") bound because there could
be too many arms with small errors. Our trick is to use a reverse amortization: we cumulate small
errors on many sufficiently sampled arms and treat them as errors of insufficiently sample arms, such
that an arm sampled O(log T') times would not contribute toward the regret. This trick tightens our
analysis and leads to significantly improved constant factors.

The reverse amortization trick can be seen in Appendix B.2 Eq.(8) and the derivation that follows
for the no triggered arm case, as well as in Appendix B.3, Eq. (11) in the proof of Lemma 5 for the
1-norm case.

4.2 Applications to Influence Maximization and Combinatorial Cascading Bandits

The following two lemmas show that both the cascading bandits and the influence maximization
bandit satisfy the TPM condition.

Lemma 1. For both disjunctive and conjunctive cascading bandit problem instances, 1-norm TPM
bounded smoothness (Condition 2) holds with bounded smoothness constant B = 1.

Lemma 2. For the influence maximization bandit problem instances, 1-norm TPM bounded smooth-
ness (Condition 2) holds with bounded smoothness constant B = C, where C' is the largest number
of nodes any node can reach in the directed graph G = (V, E).

The proof of Lemma 1 involves a technique called bottom-up modification. Each action in cascading
bandits can be viewed as a chain from top to bottom. When changing the means of arms below, the
triggering probability of arms above is not changed. Thus, if we change p to ' backwards, the
triggering probability of each arm is unaffected before its expectation is changed, and when changing

the mean of an arm i, the expected reward of the action is at most changed by p? ’S| i = i

The proof of Lemma 2 is more complex, since the bottom-up modification does not work directly
on graphs with cycles. To circumvent this problem, we develop an influence tree decomposition
technique as follows. First, we order all influence paths from the seed set S to a target v. Second,
each edge is independently sampled based on its edge probability to form a random live-edge graph.
Third, we divide the reward portion of activating v among all paths from .S to v: for each live-edge
graph L in which v is reachable from 5, assign the probability of L to the first path from S to v in L
according to the path total order. Finally, we compose all the paths from S to v into a tree with S
as the root and copies of v as the leaves, so that we can do bottom-up modification on this tree and
properly trace the reward changes based on the reward division we made among the paths.



4.3 Discussions and Comparisons

We now discuss the implications of Theorem 1 together with Lemmas 1 and 2 by comparing them
with several existing results.

Comparison with [7] and CMAB with co-norm bounded smoothness conditions. Our work is
a direct adaption of the study in [7]. Comparing with [7], we see that the regret bounds in Theorem 1
are not dependent on the inverse of triggering probabilities, which is the main issue in [7]. When
applied to influence maximization bandit, our result is strictly stronger than that of [7] in two aspects:
(a) we remove the factor of 1/p* by using the TPM condition; (b) we reduce a factor of |E| and
v/|E| in the dominant terms of distribution-dependent and -independent bounds, respectively, due
to our use of 1-norm instead of co-norm conditions used in Chen et al. [7]. In the supplementary
material, we further provide the corresponding co-norm TPM bounded smoothness conditions and
the regret bound results, since in general the two sets of results do not imply each other.

Comparison with [25] on influence maximization bandits. = Conceptually, our work deals with
the general CMAB-T framework with influence maximization and combinatorial cascading bandits
as applications, while Wen et al. [25] only work on influence maximization bandit. Wen et al. [25]
further study a generalization of linear transformation of edge probabilities, which is orthogonal
to our current study, and could be potentially incorporated into the general CMAB-T framework.
Technically, both studies eliminate the exponential factor 1/p* in the regret bound. Comparing the
rest terms in the regret bounds, our regret bound depends on a topology dependent term C' (Lemma 2),
while their bound depends on a complicated term C.., which is related to both topology and edge
probabilities. Although in general it is hard to compare the regret bounds, for the several graph
families for which Wen et al. [25] provide concrete topology-dependent regret bounds, our bounds
are always better by a factor from O(v/k) to O(|V|), where k is the number of seeds selected in each
round and V is the node set in the graph. This indicates that, in terms of characterizing the topology
effect on the regret bound, our simple complexity term C is more effective than their complicated
term C.. See Appendix D for the detailed table of comparison.

Comparison with [16] on combinatorial cascading bandits By Lemma 1, we can apply The-
orem 1 to combinatorial conjunctive and disjunctive cascading bandits with bounded smoothness

constant B = 1, achieving O(>_ Nl. KlogT) distribution-dependent, and O(v/mKT logT)

distribution-independent regret. In contrast, besides having exactly these terms, the results in [16] have
an extra factor of 1/f*, where f* =[], g. p(4) for conjunctive cascades, and f* = [[;.g- (1 —p(i))
for disjunctive cascades, with S* being the optimal solution and p(7) being the probability of success
for item (arm) 7. For conjunctive cascades, f* could be reasonably close to 1 in practice as argued in
[16], but for disjunctive cascades, f* could be exponentially small since items in optimal solutions
typically have large p(4) values. Therefore, our result completely removes the dependency on 1/ f*
and is better than their result. Moreover, we also have much smaller constant factors owing to the
new reverse amortization method described in Section 4.1.

Comparison with [15] on linear bandits. = When there is no probabilistically triggered arms
(i.e. p* = 1), Theorem 1 would have tighter bounds since some analysis dealing with probabilistic
triggering is not needed. In particular, in Eq. (1) the leading constant 624 would be reduced to 48, the
[log, 2] term is gone, and 6 B becomes 2Bm; in Eq. (2) the leading constant 50 is reduced to 14,
and the other changes are the same as above (see the supplementary material). The result itself is also
a new contribution, since it generalizes the linear bandit of [15] to general 1-norm conditions with
matching regret bounds, while significantly reducing the leading constants (their constants are 534
and 47 for distribution-dependent and independent bounds, respectively). This improvement comes
from the new reversed amortization method described in Section 4.1.

5 Lower Bound of the General CMAB-T Model

In this section, we show that there exists some CMAB-T problem instance such that the regret

bound in [7] is tight, i.e. the factor 1/p* in the distribution-dependent bound and /1/p* in the
distribution-independent bound are unavoidable, where p* is the minimum positive probability that



any base arm 1 is triggered by any action S. It also implies that the TPM bounded smoothness may
not be applied to all CMAB-T instances.

For our purpose, we only need a simplified version of the bounded smoothness condition of [7] as
below: There exists a bounded smoothness constant B such that, for every action S and every pair of
mean outcome vectors p and p’, we have [rs(p) —75(p')| < Bmax; g |p; — 5|, where S is the
set of arms that could possibly be triggered by .S.

We prove the lower bounds using the following CMAB-T problem instance ([m], S, D, D'"8, R). For
each base arm ¢ € [m], we define an action S;, with the set of actions S = {51, ..., S,,}. The family
of distributions D consists of distributions generated by every g € [0, 1]™ such that the arms are
independent Bernoulli variables. When playing action .S; in round ¢, with a fixed probability p, arm ¢

is triggered and its outcome X i(t) is observed, and the reward of playing S; is p~1 X i(t); otherwise
with probability 1 — p no arm is triggered, no feedback is observed and the reward is 0. Following the
CMAB-T framework, this means that D®"&(S;, X), as a distribution on the subsets of [m], is either
{i} with probability p or @ with probability 1 — p, and the reward R(S;, X, 7) = p~ 1 X; - I{7 = {i}}.
The expected reward rg, (1) = ;. So this instance satisfies the above bounded smoothness with
constant B = 1. We denote the above instance as FTP(p), standing for fixed triggering probability
instance. This instance is similar with position-based model [17] with only one position, while the
feedback is different. For the FTP(p) instance, we have p* = p and rg, () = p p iy =
Then applying the result in [7], we have distributed-dependent upper bound O( log T) and

distribution-independent upper bound O(+/p~tmT log T).
We first provide the distribution-independent lower bound result.

ZA’

Theorem 2. Let p be a real number with 0 < p < 1. Then for any CMAB-T algorithm A, if
T > 6p~ ", there exists a CMAB-T environment instance D with mean p such that on instance
FTP(p),
1 mT
Reg™(T) > — | —.
9n(T) 2 1750

The proof of the above and the next theorem are all based on the results for the classical MAB
problems. Comparing to the upper bound O(+/p~!mT log T). obtained from [7], Theorem 2 implies

that the regret upper bound of CUCB in [7] is tight up to a O(y/log T) factor. This means that the
1/p* factor in the regret bound of [7] cannot be avoided in the general class of CMAB-T problems.

Next we give the distribution-dependent lower bound. For a learning algorithm, we say that it is
consistent if, for every p, every non-optimal arm is played o(7'*) times in expectation, for any real
number a > 0. Then we have the following distribution-dependent lower bound.

Theorem 3. For any consistent algorithm A running on instance FTP(p) and p; < 1 for every arm
i, we have

Reg
lim inf —+F——~ ”
Tt Z kl (tta, 2
where 1* = max; p;, A; = pu* — pg, and K1(-, -) is the Kullback-Leibler divergence function.

Again we see that the distribution-dependent upper bound obtained from [7] asymptotically match the
lower bound above. Finally, we remark that even if we rescale the reward from [1, 1/p] back to [0, 1],
the corresponding scaling factor B would become p, and thus we would still obtain the conclusion
that the regret bounds in [7] is tight (up to a O(y/log T') factor), and thus 1/p* is in general needed in
those bounds.

6 Conclusion and Future Work

In this paper, we propose the TPM bounded smoothness condition, which conveys the intuition that
an arm difficult to trigger is also less important in determining the optimal solution. We show that this
condition is essential to guarantee low regret, and prove that important applications, such as influence
maximization bandits and combinatorial cascading bandits all satisfy this condition.



There are several directions one may further pursue. One is to improve the regret bound for some
specific problems. For example, for the influence maximization bandit, can we give a better algorithm
or analysis to achieve a better regret bound than the one provided by the general TPM condition?
Another direction is to look into other applications with probabilistically triggered arms that may not
satisfy the TPM condition or need other conditions to guarantee low regret. Combining the current
CMAB-T framework with the linear generalization as in [25] to achieve scalable learning result is
also an interesting direction.
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Supplementary Materials

A Model Discussions

A.1 Comparison with the framework of [7]

The CMAB-T framework described above essentially follows the framework of [7], but with the
following noticeable differences. First, we refer to .S as an abstract action from an action space
S, while in [7], S is referred to as a super arm, which is a subset of base arms [m]. In the case of
CMAB without probabilistically triggered arms, we can simply let every super arm .S be an action,
and 7(S, X) = S, meaning that playing super arm S deterministically triggers all and only base
arms in S C [m]. Second, we explicitly allows action space to be infinite or even continuous space,
while in [7], the action space is the subsets of base arms and thus is finite. We will see later that the
infinite action space does not make essential difference in the analysis. Third, for probabilistically
triggered arms, we explicitly use 7(.5, X) to model them, and allows 7(S, X) to have additional
randomness besides the randomness of X. In [7], probabilistic triggering is explained as further base
arms being triggered based on the outcomes of previously triggered base arms, and to model certain
triggering structure or additional randomness in triggering an arm, dummy base arms need to be
added. However, this may require introducing a large number of dummy base arms. For example,
for the cascading bandits, to specify the order of the cascade sequence, we need to add dummy base
arms corresponding to every possible order of the base arms. Moreover, 7(S, X ) cleanly separates
the randomness known to the player from the unknown randomness from the environment outcome.
For example, in the discount-based continuous influence maximization [26], 7(c, X ) includes the
randomness of activating the seed set from the discount vector ¢ given by n;’s, which are known to
the player. In contrast, the distribution of X, .y, namely probability p(u, v) on edges are unknown
and need to be learned. In this case, if we use dummy base arms to model such additional triggering
behavior from marketing actions to seed sets, these dummy base arms will be mixed together with
edge base arms for which the learning algorithm need to learn, unless further distinction is made.

Therefore, we believe that our current adaptation CMAB-T provides a cleaner framework and is more
easily to be applied to various problem instances. We remark that all the analysis and results in [7]
remain unchanged with our current adaptation.

A.2 Modeling general marketing actions in influence maximization

Note that we can also use randomized 7(S, X) to model some extended versions of influence
maximization. For example, general marketing actions are proposed in [12] and continuous discount
actions are proposed in [26], both allowing activating seed nodes with a probability depending on the
marketing intensity on the node. In particular, an action in the discount-based continuous influence
maximization in [26] is a vector ¢ = (c1, ¢a, . . ., ¢y, ), Where ¢; € [0, 1] is the discount to be given to
node 4. Discount ¢; is translated to probability n;(c;) that node i is activated as a seed, where 7;(-) is
a monotonically non-decreasing function with 7;(0) = 0 and 7;(1) = 1. In this case, the probabilistic
triggering function 7(¢, X ) includes the randomness from c to seed activations based on 7;’s, beyond
the randomness of X . That is, even when c and X are fixed, 7(c, X) is still a random set. We further
remark that in this case, the action space of all discount vectors is a continuous and infinite space,
which is allowed in our adapted CMAB-T model.

B Main Regret Analysis (Proofs Related to Theorem 1)

B.1 Basics of CMAB-T problems

We utilize the following well known tail bound in our analysis.

Fact 1 (Hoeffding’s Inequality [11]). Let X1, - - , X, be independent and identically distributed
random variables with common support [0, 1] and mean u. LetY = X1 + - -+ + X,,. Then for all
0>0,

Pr{lY —nu| >} < 2e=28%/n,
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Fact 2 (Multiplicative Chernoff Bound [19]). 3 Let X1, - , X,, be Bernoulli random variables
taking values from {0,1}, and B[ X;| X1, -+, Xi—1] > pforeveryt <n. LetY = X; + -+ + X,,.
Then for all 0 < 6 < 1,

52npu

Pr{Y <(1—-9d)nu} <e™ =

We introduce the following definition to assist our analysis.

Definition 3 (Event-Filtered Regret). For any series of events {€, }+>1 indexed by round number t,

we define Regly (T, {E}1>1) as the regret filtered by events {€;}y>1, that is, regret is only counted
in round t if £ happens in round t. Formally,

Regﬁ,a(Tv {gt }tzl) =E

T
S I(E) (- opt, — r(S7)

For convenience, A, o, p and/or T' can be omitted when the context is clear, and we simply use
Regia(T, &) instead ofReg;ia(T, {&}e>1)-

The following definition describes an unlikely event that /i; ;1 is not as accurate as expected.

Definition 4. We say that the sampling is nice at the beginning of round t if for every arm i € [m),

|fit—1 — pi| < pit, where p; = 2%1‘2: in round t. Let N} be such event.

Lemma 3. For each roundt > 1, Pr{-N}} < 2mt~2.
Proof. For each round ¢ > 1, we have

3Int
Pr{w:}Pr{az‘e[mLm,t_lwz - }
275 -1

R 3lnt
Z Pr< -1 — pil > .
. 27511
i€[m] ’

t—1
. 3lnt

DD PriTin =kl — il 2 : 3)
, 2T 41
i€[m] k=1 )

When T; ;1 = k, fi;,:—1 is the average of k i.i.d. random variables Xim7 - ,XZW, where Xim is

the outcome of arm ¢ when it is triggered for the j-th time during the execution. That is, fi; ;—1 =
Z§=1 Xim /k. Then we have

IN

3lnt

k
i 3lnt
PriTii1=Fk, |1 — pi| > =Pr{T;; 1=k E}(mk—i>\/7
r{ 5t 1 7|/"L St 1 /‘l’|7 27"7;,t_1} r ,t 1 )j:1 7 / lu’ e 2k

k
4 kint
<Pr{ |3 X7k, z\/?’; < 92t73,

j=1

“4)
where the last inequality uses the Hoeffding’s Inequality (Fact 1). Combining Inequalities (3) and (4),
we thus prove the lemma. O

Definition 5 (Triggering probability (TP) group). Let i be an arm and j be a positive natural
number, define the triggering probability group (of actions)

SP={Ses|277 <pP® <27t}

Notice {SP;}j>1 forms a partition of {S € S | P > 0.

3The result in the book by [19] (Theorem 4.5 together with Exercise 4.7) only covers the case where random
variables X;’s are independent. However the result can be easily generalized to our case with an almost

i—1 i—1
identical proof. The only main change is to replace E [et<zi:1 X-7+Xi)] =E [et =1 Xj] E [etxi] with

E [et(zz;i Xj+Xi):| - F [6t E;;} iR [etXi | X1,..., Xi—l]]-
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Definition 6 (Counter). For each TP group S; j, we define a corresponding counter N; ;. In a run
of a learning algorithm, the counters are maintained in the following manner. All the counters are
initialized to 0. In each round t, if the action Sy is chosen, then update N; j to N; j + 1 for every
(i,7) that Sy € S@%- Denote N; ; at the end of round t with N; ; ;. In other words, we can define the
counters with the recursive equation below:

0, ift=20
Niji=4 Niji1+1, ift>0,5 €85
Ni i1, otherwise.

Definition 7. Given a series of integers { jfnax}ie[m], we say that the triggering is nice at the begin-
ning of round t (with respect to ji . ), if for every TP group (Definition 5) identified by arm i and

% <1, thereis T; 11 > %Ni,j,tq - 273, We denote this

o 3Int < 3Int
Pit = 2T~ \ 2 %Ni,j,t—l .9—3"

Lemma 4. For a series of integers {ji . ticpm)p Pr{-N{} < >
t>1

Proof. We prove this lemma by showing Pr{N; j; 1 = 5,Ti4—1 < $N;js—1-277} < ¢73, for
any fixed s with 0 < s <t —1 and 6Int < 1 Tett be the round that N; ; is increased for

1<5< jfnax, as long as
event with N}. It implies

icim] G axt 2 for every round

%.3.2—.7‘ —
the k-th time, for 1 < k < s. Let Y, = I{i € 7, } be a Bernoulli variable, that is, ¢ is triggered
in round t;. When fixing the action Sy, , Y}, is independent from Y7,...,Y,_1. Since S;, € S; 5,

E[Y: | Y1,...,Ye 1] >277. Let Z = Y; + - - - + Y,. By multiplicative Chernoff bound (Fact 2), we
have

2 , 2
) _ _(2)%s.9 —(2)*181nt
Pr {Z < §S . 2_7} < exp <(‘3)8) < exp <(3)n> <exp(—3Int) =t73.

2 2

By the definition of 7; ;—; and the condition N; ; ;1 = s, we have T; ;1 > Z. Thus
1 .
Pr{N; i1 =35T1-1 < gNi,j,t—l <2774
1 .
S PI‘{NZ‘JJ_l =S, VA S 58 . 27j}

1 ,
<Pr{Z < 35 277}
<t

, Gt iaxs SOver 0, ...t — 1, the lemma holds. O

By taking i over [m], j over 1,. ..

B.2 The Case of No Probabilistically Triggered Arms

In this section, we state and prove a theorem for the case of no probabilistically triggered arms, i.e.
p* = 1, when the CMAB-T instance satisfies the 1-norm (non-TPM) bounded smoothness condition
below.

Condition 3 (1-Norm Bounded Smoothness). We say that a CMAB-T problem instance satisfies
1-norm bounded smoothness, if there exists a bounded smoothness constant B € RT such that, for
any two distributions D, D’ € D with expectation vectors p and p', and any action S, we have
[rs(p) —rs(p')] < BY .5l — wil|, where S is the set of arms that are triggered by S.

As discussed in the main text, this theorem provides better bounds than Theorem 1 with probabilis-
tically triggered arms. Its proof is also simpler, so the readers could choose to either get oneself
familiar with the analysis with this proof first, or directly jump to the next section for the proof of
Theorem 1.
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Theorem 4. For the CUCB algorithm on a CMAB (without triggering, i.e. p* = 1) problem that
satisfies 1-norm bounded smoothness (Condition 3) with bounded smoothness constant B,

1. if Amin > 0, we have distribution-dependent bound
48B?KInT 2
Regu,oz,ﬁ(T) < Z AL +2Bm + ER m - Amax; &)

i€[m] min

2. we have distribution-independent bound

2
Regu.ap(T) < 14BVEmTInT + 2Bm + % - Ao (6)

Proof of Theorem 4. To unify the proofs for distribution-dependent and distribution-independent
bounds, we introduce a positive real number M; for each arm i. Let F; be the event {rg, (t) <
a - opt(fx)}. In other words, F; means the oracle fails in round ¢. By assumption, Pr{F;} <1 — §.
Define Mg = max; s M; for each action S, specifically, Mg = 0 if S = @. Define

K2

2B, if s =0,
kr(M,s) = q2B/SL if1 < s < lp(M),
0, 1f32€T(M)+1,
where 252
24B2K2InT
MM):{MzJ'

We then show that if {Ag, > Mg, }, =F; and N} hold, we have
Ag, < Z kr(M;, T i—1). @)
i€S,
The right hand side of the inequality is non-negative, so it holds naturally if Ag, = 0. We only need
to consider Ag, > 0. By A} and —.F;, we have

rs, (i) > a-opt(py) > a-opt(p) = rs, (1) + As,,
Then by Condition 3,
Ast < TS, (p’t) —Ts, (H) <B Z(/_j’i,t - :U‘Z)
iES_t
We are going to bound Ag, by bounding fi;; — u;. But before doing so, we first perform a
transformation. As we have Ag, > Msg,, 50 B s (fit — pi) > As, > Mg,. We have

As, <BY (s — i)

ieét
< —Ms, +2B > (fiis — i)
iEgt
_ Ms,
=2B Z (fii — pi) — ——
i€S, L 2B|S;
. Ms,
<2B Z (e — i) — 2BK}
7;65;1, -
_ o
<2B Y |(fig — i) — 23%} : (®)
i€S~t -

By V¢, we have i; ; — p1; < min{2p;, 1}. So

M; . M; . 3InT M;
Lit — Hi) — 550 < 20i4, 1} — 5o < 2 Lo — :
(i = pa) = gppe < mind2pi0 1} = 550 mm{ \ 270, 5 } 9BK
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I Thy 1 < Cr(M;), we have (i, — 1) — 54 < min{Q SlnT 1} < k(M Tiy ). If

2T+ 1 — 2BK’
conclusion, we continue (8) with

Tit—1 > ET(MZ) + 1, then 2,/ SInT o M o (ﬂi,t — ,ui) - 21\‘5}{ <0= %HT(MiaTi,tfl)' In

®) < > wr(M;, Tig).
iEgt

Then in each run,

T T
STI({As, > Ms,} A-F ANG) - As, <305 k(M Tigoy)

t=1 t=1 ¢S,

= Z Z kr(M;, s)

i€[m] s=0
L (M;)

Z Z Kk (M;, s)

i€[m] s=0

tr (M) 6InT
— 9B N
m + Z Z 2B S
i€[m] s=1

tr (M:) T
<2Bm+ ) / opy /L 4
. =0 s

IA

i€[m]
<2Bm+ Y 4B\/6InTlr(M;)
i€[m]
24B2K2InT
<2Bm+ Y 4B,[6InT- Tn
i€[m)] v
48B2K InT
<2B =2 o
< 2Bm + _;} i,

So

ReQ({ASt 2> Mst}/\_‘ft/\'/\/;fs) =E ZH({ASt 2 MSt}/\_"Ft/\'/\/ts) 'Ast

t=1

<2Bm+ Y

1€[m]

48B%°KInT
M; ’

By Lemma 3, Pr{—A;} < 2mt~2. Then, as Reg(&;) < ZtT:l Pr{&:} Anmax by definition of filtered
regret,

7T2

2mt_2 : Amax S ?m : Ama)ﬁ

[M]=

Reg(-N}) <
t
Reg(]:t) < (1 - B)T : Ama,x-
The filtered regret with null event

Reg({}) < Reg(=N}) + Reg(Fi) + Reg(As, < Ms,) + Reg({As, > Ms,} N =Fi ANY)

72 A8B2KInT
< (1 - 6)T . Amax + ?m : Amax +2Bm + Z TZ

Il
-

+ Reg(Ag, < Mg,).
1€[m]
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By definition of filtered regret, Reg, .3(T) = Reg(T,{}) — (1 — B)T - Amax. 50

2 48B2KInT
Reg“}a’g(T) < Em - Apax +2Bm + Z T

i€[m]

+ Reg(Ags, < Msg,).

For distribution-dependent bound, take M; = A’ . . then Reg(As, < Mg,) = 0 and we have

min®

48B%K InT 2
Regu,a,ﬁ(T) < Z A + 2Bm + % - Amax-
icfm min

For distribution-independent bound, take M; = M = \/(48B>mK InT)/T, then Reg(Ag, <
Msg,) <TM and we have

48B*K InT 2

Regp,a8(T) < EE[:] e teBm %m - Amax + Reg(Ag, < Ms,)
3 m
48B*mK InT 2
<

m
< M + 2Bm + ?m Amax"’Tl]\4

2
— WARB2mKTInT + %m - Apax + 2Bm

2
< 14BVmKTInT + %m - Apax -+ 2Bm. O

B.3 Proof of Theorem 1 (1-Norm Case Regret Bound)

We first show the distribution-dependent upper bound (Eq. (1)) and the distribution-independent
upper bound below, which is a weaker version of Eq. (2):

KT 2
Regp.os(T) < 48BVmKTInT + ( {mgQ \/Ww n 2) m- % - Aax + 4Bm.
0
)

We show full proof of Eq. (2) later in Section B.3.1. The proof of Eq. (9) is based on the distribution-
dependent bound (Eq. (1)) similar to other analysis, and thus could be more familiar to readers and
easier to follow, while Eq. (2) has better constant and requires an independent proof as given in
Section B.3.1.

Let F; be the event {rg, (1) < « - opt(fz)}. In other words, F; means the oracle fails in round ¢. By
assumption, Pr{#;} <1 — 6.

To unify the proofs for distribution-dependent and distribution-independent bounds, we introduce a
positive real number M; for each arm i. Define Mg = max,_g M; for each action S, specifically,

Mg = 0if S = @. To prove the distribution-dependent bound, we will let M; = A%, . To

prove the distribution-independent bound, we will let M; = M = (:)(T_l/ 2) to balance bounds
for Reg({Ags, > Mg, } and Reg({As, < Mg, }). Implement definition of NV} (Definition 7) with

jrinax = ]max(Mz) = ’VIOgQ %—‘ 0. Define

4.279B, ifs=0,
wjr(M,s) = 2B/ 222IT 0 if ] < 5 < 4 7(M),
O, if s 2£j7T(M)+17

where

288 -279B2K2InT
(M) = { J ;

M2

and the following lemma explains that ~ is the contribution to regret.

17



Lemma 5. In every run of the CUCB algorithm on a problem instance that satisfies 1-norm TPM
bounded smoothness (Condition 2), for any vector { M };c[m) of positive real numbers and 1 <t < T,

if {As, > Mg, }, ~Fi, Ni and N} hold, we have
As, <Y Ry (Mi, Nyjii1),
iES’t
where j; is the index of the TP group with S; € S; ;, (See Definition 5).

Proof. The right hand side of the inequality is non-negative, so it holds naturally if Ag, = 0. We
only need to consider Ag, > 0. By A} and —F;, we have

rs, () = o - opt(fy) = - opt(p) =rs, (1) + As,,
Then by Condition 2,
As, <rs () = s, (1) < B Y7 (e — ). (10)
iegt
We are going to bound Ag, by bounding pZD’St (fi,c — pvi)- But before doing so, we first perform a
transformation. As we have Ag, > Mg,,s0 B} ;g piD’St (fs,0 — pi) > Ag, > Mg,. We have

As, <BY  p % ([ — i)

iES_t
< —Ms, +2B Y pP % (g — i)
i€§t
t( Mst
=2B Z Pl (i — i) — —
iEgt L 2B St
- M
<2B D (T — 1) —
€Sy
_ M
<2B DoSt (a4 — py) — ——1 . 11
= zg:pz (Rie — i) QBK] (11)
€S

Then we bound p?’st (it — i) By N3,

_ 3lnt
Pt — i < 2p;8 =2 ST

Both [i; ; and y; are in [0, 1], so f;  — p; < 1. We then bound pzp’st (fii,+ — p;) in different cases.

6Int i
3Nig; 12770

_ <9 3lnt < 6Int
it Hi = 2Ti,t—1 = %Ni,jj,t—l : 27]-1_’

6Ilnt
g Nigig—1 279

e Casel: 1< j5; < jfnax. Then we have piD’St < 2.2770 If <1,by N},

SO

i — My < min{
and

D.,S:
Py (i — i)

. 6lnt
<2.279 min{ |1
3Niji -1 - 2770

2.2=3iInT )
~omind (22T oL
Ni,ji,tfl
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2= M, D,S, /- M;
I N o1 = (M) + 1, then  J B2 < s and p;™ (Jus — 1) = 357 < 0.

If N;j,+—1 = 0, we use the bound plp’st (fie — pi) < 2-277i Otherwise, i.e. 1 <

Nij,1—1 < 4, v(M;), we use piD’St (i — i) < 7%\,2:% Recall the definition of

;1 (M, s), then, for 1 < j; < ji . we have

M, 1
5B < ﬁﬁji,T(MivNi,j“tfl)~ (12)

D.,S, /—
Py (i — i) —
o Casell: ji > jiyu +1 = [logy 2] +1. Then we have
10

D.,Sy /- D.,S —j.
P (i — pi) < py 7t < 2-277

_ _ M;
<9.g lem -1 i
- 2BK
So M )
PP (T — i) — 28;( <0< 55 K., 7(Mi, Niji t-1)- (13)

Combining Eq. (11), (12) and (13), we conclude the proof with

M,
St — 7
As, 2B |p % (fig — i) — SBK
iegt
< Dies, Kjom(Mi, Niji p—1). O

We remark that the proof of Lemma 5, in particular the derivation leading to Eq. (11) together with
the argument in the paragraph before Eq.(12), contains the reverse amortization trick we mentioned
in the main text. In particular, by the derivation of Eq. (11), the contribution of every arm ¢ to regret

Ag, is accounted as 2B [piD St (fiie — p0i) — 2]‘5—}{} . Then by the argument in the paragraph before

Eq.(12), if N; j, +—1 > £, 7(M;) + 1, meaning that 4 has been triggered by actions in group j; for at
least ¢;, 7(M;) + 1, its error |fi; ¢ — ;] would be small enough such that its contribution to the regret
Ag, is not positive. This trick eliminates the need of summing up small errors from many sufficiently
sampled arms, leading to a tighter regret bound. The same trick can be seen in Appendix B.2, Eq.(8)
and the derivation that follows for the no triggered arm case.

Lemma 6. For the CUCB algorithm on a problem instance that satisfies TPM bounded smoothness

with 1-norm (Condition 2),
576B2K InT
Reg({ASt ZMSt}/\“]:t AMSAM)S E Tn+4Bm

i€[m]
Proof. We bound Reg({Ag, > Mg, } A =Fy AN ANY) with Lemma 5. In every run,

T
D I({As, > Mg} A=Fy ANF ANDAs, <3N kg o(Mi, Niji 1)

t=1 t=1;¢c8,

=> Z wj (M, s), (14)

i€[m] j=1 s=0

where (14) is due to IV, ;; is increased if and only if ¢ € 5}. For every arm ¢ and j > 1,

> k(M) < > k(M s) (15)
s=0 s=0
L, (M;)
= rir(Mi,0)+ Y k(M s)
s=1
lj,T(J\/[i) =
’ [72-273iInT
= Iij’T(Mi,O) + Zl 2B —
< lij7T(Mi7 0) +4BVT72- 2=Ji In T\ / gj,T(Mi)a (16)
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where(15) is due to k; 7(s) = 0 when s > ¢; p(M) + 1, and (16) is due to the fact that, for every

natural number integer n,
/1 "o
> \[ < / \[ ds = 2¢/n.
s=1 § s=0 s

" 288-279i B2K?InT
By definition, ; r(M;) < =55—5"—2=, 50

k3

288 - 2- JzB2K21 T
(16) < k;.1(M,0) +4Bm\/ 88 -

576 -2 i B2KInT

=4.279B
+ 7

Then we continue (14) with

“+ o0 i D2
. 92 I B2KInT
aH< S (4-2—JB+576 7 - )

+oo
-y (43 576B2K1nT> ZQ ;

1€[m]

576B2K InT
= Z (4B + i )
i€[m]

576B2K InT

- Z T =~ +4Bm
1€[m]

By taking expectation over all possible runs,

Reg({ASt > Mst} N~Ft /\'/\/ts/\'/\[tt) = E[H({Ast > M} N ~Fy /\'/V’ts/\/\/‘t[)ASt]
2
< Z 576B*KInT

4B
07 +4Bm

i€[m]

Proof of Theorem 1. Recall Definition 3, the definition of event-filtered regret:

Reg“(T {&}iz1) = ZH (&)(a-opty, —rga(p))| =T a-opt, —E

T
D IE)rsa(n)

Then for filtered regret with null event (the event that is always true), we have Reg({}) = Regp a5+

(1-8)T «-opt - We divide this filtered regret into parts as

Reg({}) < Reg({As, < Mg, }) + Reg(F;) + Reg(—N7) + Reg(—N7)
+ Reg({As, > Mg, } A=F AN ANY).

By definition of filtered regret, Reg(&;) < 2?:1 I{& Ag, < Zthl Pr{&:} - Amax, then

T
Reg(ft) S ZPr{ft}AmaX - (]- - 6)T : Amaxa
t=1
T 71'2
REQ(_‘MS) < ZPT{_‘MS}Amax < —--m- Amaxa
t=1 3
T 7T2
Re _‘Nt < Pr _‘Nl Amax S —_ 'fnax . Amax~
9(-\}) < ; -V} o gﬂ:ﬂj

20
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By Lemma 6,

B2KInT
Reg({As, = Ms, } A =F ANSAN) < ) SIOBEINT . 4Bm

, M;
i€[m]

Take M; = Al . . If Ag, < Mg,, then Ag, = 0, since we have either S, = @ or Ag, < Mg, < M;

for some i € S;. So Reg({As, < Ms,}) = 0. Then we have
576 B2K InT 72 . )
Reg({}) S (1 - ﬁ)T : Amax + ;] W +4Bm+ E : ;] (]max(Afmin) + 2) : Amax7

2n

where we abuse the notation of jyax (M) = {log2 %—‘

On the other hand, take M; = M = /(576 B2mK InT)/T, then Ag, is also M for every action S,
that S; is non-empty. We bound Reg({As, < My) with
T T
Reg({As, < Mg,}) =Y {As, < Mg, }As, <Y {As, < Ms,}M < TM.

t=1 t=1

So the filtered regret with null event is bounded by

576B2mK In T 2
Reg({}) < (1 — B)T - Apax + # +4Bm+TM + %  Gmax(M) +2) - 1m0 - A
576 B2mK InT
= (1= B)T - Ay + + 4Bm +T+\/(576B2mK InT)/T
=8 ¥ /(576B2mK InT)/T VI )/
2
+ % : (jmax(M) + 2) -m - Amax
2
< (1= B)T - Amax + 48BVmKTIn T + 4Bm + %  Gmax(M) +2) -1+ Ammax.
(22)

Since Regp. a5 = Reg({}) — (1 = B)T - a-opt,, < Reg({}) — (1 — B)T - Apax, (21) implies (1)
and (22) implies (9). O]

B.3.1 Further improvement on distribution-independent upper bound

We now prove the tighter distribution-independent bound (Eq. (2)) without going through distribution-
dependent bound. We start with

_ . 3InT
B, < BY oD (e — ) < BY pP i {172\/ zT} W
= = iyt—
iESt iest

when events —F; and A} are true. Use jmax = |log, 181%% to define N}. When N},

/ 3InT 18-2=3i InT :¢ : e t D,S : / 3InT
2,1—,7;,% S ﬁ if Ji S Jmax by definition OfN, then D; " min {1,2 ﬁ} S

. . 9—Ji D 5. . . . D i
mln{2 Jitd, 73\;2]%} as p; St < 97 I §i > jimax. We still have D; St 9mditL

. Q= Ji . .
Because N, j, ;1 < T, we have 27:+1 > | /72270 InT 'The conclusion is

Nij,t—1
3InT ' 72.2-JiInT
D,Sy . . — i1
p;7tminq 1,2 <min{ 2777 ——— (23)
{ 2T 41 } { Nij,t—1
always holds, regardless j < jmax OF J > Jmax- S0 we define  as following in this proof:
. 7227 InT
nij(s)min{QBQJ,B n}
s
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According to (10) and (23),

(_‘ft /\'/\/f /\'A/tt)ASt

MH

Reg(~F: AN ANG) <

H
Il
—

Z K5, 7 (Niji1—1)

HMH

i€S,

+oo Nijr—1
Z Z /@j)T(S). (24)
3 m =1 s=0

In each round, there are at most K of the counters {N; ;};c[m) jen+ are increased by 1,
Zie (m)] ijl N; ;7 < KT. To maximize the right hand side of (24) is to choose KT’ largest

elements from the multiset {#; 7(5) }ic[m),jen+,sen, consider the continuous version below which is
more tractable than finding KT largest elements:

400 Nijr—1 max{O,Ni.j,T—l}
D2 D rurls Z 5 (000 > FTe
i€[m] j=1 s=0 i€[m] j=1 s=1
+°O i,§,T
<2Bm+ > > / kj1(s)ds
i€[m] j=1 5=
72.2=3InT
<9Bm+  max ZZ/ 202 707 4. 25
>0 T i SKT B

— —
To maximize the above sum of integral, we must have B, / 72296# =B,/ w for every
i, il g

i,7 € m, j,j’ € NT. The solution is z; ; = 277 KT /m. By taking the solution into (25), we have

27IKT/m 79.9-3InT
(25)—23m+22/ \/%ds

=2Bm+ » ZB\/144-2—J' -2=iKTInT/m
i€[m] j=1

=2Bm+ 12BVmKTInT. (26)

Combining with Lemmas 3 & 4, we have

T 2
Reg({}) < (1-P8)T -Apax+12BVmKT InT + ({log2 181nT—‘ + 2) -m- % -Apax +2Bm,
0
implying (2).

B.4 Refining Parameter B

We can refine 1-norm bounded smoothness (Condition 3) by replacing the parameter B with a
separate parameter B; for each arm i.

Condition 4 (Refined 1-Norm TPM Bounded Smoothness). We say that a CMAB-T problem in-
stance satisfies refined 1-norm TPM bounded smoothness, if there exists B; € R for every arm i
(referred as the bounded smoothness constant) such that, for any two distributions D, D’ € D with ex-

pectation vectors p and p/, and any action S, we have [rs(p) —rs(p')| < 3 icm) Biplp’smi — .

Then in Theorem 1, we may replace B with B; in distribution-dependent bound and replace B/m
with /> "o (m] B2 in distribution-independent bound, except that for the last constant term we replace
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Bm with Zie[m] B;. More specifically, we have (1) if A,;, > 0, we have distribution-dependent
bound

576B?K InT 2B;K T
Reguap(T) < D ———+ D ([lo& Ai] +2) o Bmax+4 Y By
] 0

i€[m] min i€lm min 1€[m]

[

27

(2) we have distribution-independent bound

T 2
Reguas(T) < 12 /Z B2KTInT + Glog2 18111T} +2> m- % “Amax +2 Z B;.
i€[m] 0 i€[m]

(28)

The proof of this refinement is almost straightforward replacement of B with B;, except a few points
that we want to highlight. The definition of x and ¢ will be

4.279B;, if s =0,
Kigr(M,s) = 2B; /22T - if 1 < 5 < {; ;7(M),
0, if s > Ei’j’T(M) + 1,
where
288 -277B?K?InT
é@j,T(M) = Ve .

72:2=3InT

Ti,j

By /22T for every i,i' € [m] and j,j' € N*. So z;; o< 277B2 and then z;; =
)

—ip2 2

I BEKT Sy B

To maximize the sum of integral in (25) (with B replaced by B;), we need B;

C Proofs for Applications of CMAB-T (Lemmas 1 and 2 in Section 4.2)

C.1 Proof of Lemma 1

Proof. Let S be an action. We regard S as a permutation of k of the arms. Without loss of generality,
we may assume S = (1,..., k) for some k < K. For convenience, we use D; “ instead of piD’S, as
arms are independent Bernoulli variables so that D can be determined by g. For an arm ¢ > k, ¢ will

not be triggered by action S, and thus p!* "5 = 0. The reward also does not depend on those arms. So
we may only consider the arms 1, .. ., k. For convenience, we only list the expectations of arms in S,

sothat g = (p1,...,p,) and p' = (pf, ..., 13,)-
Informally speaking, we can change the expectation of the arms from p; to 4, in the reverse order
from k to 1. Changing the expectation of an arm j does not affect the triggering probability of an arm

i ordered in front of j, i.e. 7 < j. And when changing an arm from p; to u}, the reward changes by at

most p¥|u; — p1}]. Therefore the total difference of reward is at most Ele P s — ).

Formally, for the conjunctive cascading bandit, rs(u) = H?:l tj, and pj - H;;ll p; for
i=1,...,k.Forevery j =0,1,...,k,let

H(]) = (.[‘L17"'7.uj7u;+1"“”u;€)’
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specifically, 1®) = p, 1(©) = /. Then,

W ﬁw—n
= H 1 ‘uj ub™ 1)‘

1,17£]

rs(p) ﬂs(uwl))’ =

) -
(@ _ M§J )’

-1

< H/%(‘j) i
=1
j—1

= [ i ls = 5]
=1

=t |y —

k
S AR
=1

For the digjunctive case, let \; = 1 — p; for ¢ € [m]. Then we have rg(p) = 1 — Hle i, and
pt - H;;ll A;. The rest analysis follows the same pattern as the conjunctive case. O

C.2 Proof of Lemma 2
C.2.1 Sufficient Condition

In influence maximization, there is a directed graph G = (V, E). For convenience, we use an edge e
as the index, e.g. p.. In this application, action S is a set of at most k£ nodes, so we also interpret S
as a set of nodes.

Recall TPM bounded smoothness (Condition 2). The formula that we need to satisfy is

Irs(p) = rs(u)| < B Y pkSue — i, (29)
eckE

where B = max,ecy [{v € V | v can be reached from u}| for influence maximization bandit, and
ptS stands for pP>° as D can be uniquely determined by p.

Let r¥(p) be the probability that v is activated. We claim that if for every node v and every p and p’
vectors, we have

g () = &) <Y P S e — (30)
eck

Then we have Inequality (29). The reason is as follows. First, we show that Inequality (30) holds for
all g and g is equivalent to |14 (1) — 75 (1) < 3o pc can reach » P25 |11e — pot.| for all g and g’ In
fact the direction from the above inequality to Inequality (30) is trivial. For the reverse direction, let

" be an expectation vector such that for every edge e that can reach v, u” = p, and for every edge
e that cannot reach v, pi/ = fi.. Since the 7% () is only affected by edges that can reach v, we have
r§(w') = rg(p”). Then, we have |rg(p) —rg(p)] = |rg(p) —r§(0") < Xecp pé*’slue pel =
ZeEE,e can reach v pg’SLu“e - .UJ,e‘- NeXt7 assuming |Tg (:u’) - Tg (/L/)| < ZEEE,E can reach v pIeL’ |,LLe :ue|
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holds for all v € V, we have

Irs(p) = rs(u) = 1D rg) — D r(w)]

veV vel(S)
<3 Irg(e) = rg(p)]
veV

<> D ke —

veV e€&FE,ecanreach v

=y > P e — pil|

ecEE veV,v can be reached from e

<BY pk5 e — pll.
eckE

Thus, Inequality (29) holds.

Furthermore, we argue that it is sufficient to show that Inequality (30) holds when (1) p < g/, i.e.
for every edge e, p < pl,; and (2) |S| = 1. The first condition is a straightforward conclusion from
the Monotonicity condition (Condition 1). For the second condition, we may assume the seed set .S
consists of only one node without loss of generality. Otherwise, we may add a super seed node s°
and add edges from s° to s and let p(s0 o) = ,uESO’S) = 1 for every node s in S.

Therefore, in the rest of the proof of Lemma 2, we prove that the influence maximization bandit
satisfies Inequality (30) for o < p/ and |S| = 1. Let s be the single seed node, and S = {s}.

C.2.2 Paths

In this subsection, we define an order of paths and assign the influence to the smallest path. Consider
all the paths from s to v. A path L from s to v is a sequence of edges (e; = (s,u1),eq =
(u1,uz),..., €] = (uL|-1,v)). A simple path is a path that s, v, uy, ..., u|r|—; are distinct.

We call each possible value of random vector X an outcome and denote it with vector z € {0, 1}™.
We say an edge e is live (with respect to x) if the corresponding component of x is 1, i.e. influence
can propagate through e with the propagation under x. Thus, connecting with the terminology in
the influence maximization literature [12, 5],  corresponds to a live-edge graph in G, while X
corresponds to a random live-edge graph. We say a path L is live (with respect to ) if every edge
of L is live. Then we have r¥(p) = Prg. x{there is a live path from s to v in «}. For each « that
contains a live path from s to v, we designate a path to « as follows. We first list all the edges in an
arbitrary order, and for every different edges e; and es, define e; < es if e; appears before es. To
compare two paths L and L', we first order the edges in L and L’ in the descending order, respectively,
and then compare them in the lexicographical order. In other words, to compare two paths, first
compare their largest edges, if there is a tie, compare their second largest edges, and so on. If two paths
continue to tie on edges and then one path ends with no more edges, then the shorter path is smaller.
For every outcome x such that there is a live path from s to v, we designate the smallest live path L
from s to v in « to . Then each path from s to v in the original graph G has a subset of outcome x’s
that are designated to L, which means all paths from s to v partition all outcomes x by which path x

is designated to. Thus, let rq’f‘LS = 2 is designated 1o . PT[X = ], namely the contribution of path L
through the outcome x designated to L, and we have rg(1) = 37 i 4 path from s 0 rﬁf . That is, we
w,Ss

decompose r% () by v >’s according to paths L from s to v.

v|L

Before going further, we first figure out some basic properties of the smallest live path. The smallest
live path must be simple, otherwise we can remove loops to get a smaller live path. Moreover, each
substring of the smallest live path in & must also be the smallest in x for its respective starting and
ending nodes. For a path L = (e; = (ug,u1),e2 = (u1,u2),... €] = (u||—1,U|r|)), a substring
is a consecutive subsequence L1 = (e;, €i41, . ..,€;). If L is the smallest live path from s to v in «,
any substring L; must also be the smallest live path from u to w in &, where u and w are the start
and the end of L, respectively. Otherwise, if Lo is a live path from u to w that smaller than L, then
we can replace L; with Ly in L to get a smaller live path.
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(a) A sample network (b) Search tree with Node marked in each node

Figure 1: A sample network and its search tree

C.2.3 Bypass

In this subsection, we define bypass, which is a tool for calculating the probability that a path is not
the smallest. For a path L = (ey = (uo,u1),e2 = (u1,u2),...,e/| = (u|r|—1,u|L|)), a bypass is a
path from u; to u; that

(1) shares no edges with L;
(2) is smaller than the substring of L between u; and u;.

A bypass is live (with respect to x) is defined in the same way as a path being live. For a live path
L in 2 from some node u( to some other node UL, if there is a live bypass of L, then L cannot be
the smallest live path from ug to uz,|. The reverse also holds: if a live path L has no live bypasses,
then L is the smallest live path from ug to ujz|- To prove the reverse direction, assume that there
is a live path L' from wug to u|z| smaller than L. Let e; be the largest edge in L that is not in L'.
Because L' < L, such e; must exist, and moreover e; must be larger than all edges in L’ but not L.
By breaking L at e;, we divide the nodes covered by L into two parts, the start part and the end part.
Let w be the first node in L’ that is in the end part of L. Such node w must exist because the end node
) is in the end part of L. Let u be the last node in L’ that appears before w in L’ and is in the start
part of L. Such node u must exist because the starting node v is in the start part. Then the substring
of L' between u and w must share no edges with L. Otherwise, if the substring of L’ between u and
w shares one edge (u;,u;41) with L, (u;,u,41) cannot be e;, so u cannot be u; and w cannot be
wj41. Then, (a) if u;; is in the end part of L, then w4 appearing before w in L’ contradicts to
w’s definition; and (b) if u;44 is in the start part of L, u;; appearing after v and before w in L’
contradicts to the definition of u. Therefore, the substring of L’ between u and w shares no edges
with L. Then since e; is larger than any edge in L’ and not in L, the substring of L’ between v and w
is indeed a bypass of L.

For a path L = (e = (ug,u1), e2 = (u1,uz),...,ejn] = (wnj-1, 1)), letpL’S be the probability
that L is the smallest live path from its start to its end. Note that if L is a path from s to v, then we
have ph® = rl‘)“f . With bypass, we have pt* = 2y fpg‘ ¥ where i % is the probability that L is

live and p’;’ LS is the probability that there is no live bypasses of L. It is clear that p‘i LS = Hlﬂl Less

and p; LS is the probability that some subset of edges in E \ L forming a live bypass of L does not
occur. These two events are independent, since they are about two disjoint subsets of E.

C.2.4 Bottom-up modification

We now describe the search tree formed from all simple paths from s to v. We use y, z to denote
nodes in this tree. Each node y is corresponding to a prefix of a path from s to v, which is also a
path denoted by Path(y). Denote the end node of Path(y) with Node(y). Denote the last edge
of Path(y) with Edge(y). Denote the root of the tree with root. Path(root) is the empty path &.
Specifically, Node(root) = s, as s is the start node of every path in our consideration. Edge(root)
is undefined. For every non-root node y in the tree, its parent is the node z such that Path(z) is the
(|Path(y)| — 1)-prefix of Path(y). Figure 1 shows a sample of this tree structure.
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For a node y in the tree, we simplify the notation ppath(y) to pg’s . Similarly, for a leaf node y

in the tree, we simplify the notation r* |P thy) © r:ﬁj Then we have rg(p) = 32, i jear 5‘; =
Zy isaleafpy’
We want to show that for all u < p’, we have
rs(e) = s = Y0 (65 S ) < oS 3 (L ), 31)
y is a leaf ecl

which is the same as Inequality (30) that we want to show.

Let 1) be the vector that

() _ [ e, if e € Path(y),
He™ = u,, if e & Path(y).

.8 =pl", p2 ys Since for all edges e & Path(y), p < u’e, the probability that

Thus we have pg(
there is no live bypasses of Path(y) is higher under p than under p’, that is, pf ; S < Ph 5 Therefore,
pg(y) o< p‘{jvs , which means that, to prove Inequality (31), it is enough to prove

Z (pf;/’s _p{;(y)ﬂ) < pg,S Z(:u/e _ Me)' (32)

y is a leaf ecE

We now consider the bottom-up modification of the expectations in Path(y).

(v) |Path(y)] ( ) (z4)
s v) g Zi—1) § Zi) §
PSS = Y (p;‘ 7 —ply ) (33)

i=1

where z; is the ancestor of y at depth 7. (Root has depth 0.) By switching summations and regrouping

(zi—1) (23)
the summands (pg LS pg 8 ) under z;, we have
.S W g (Parent(y)) .S (v) .S
> (p.if )= ) > (v -pS) (34
y is a leaf y is a non-root node z is a leaf under y

We generalize the definition of r* ol % to non-leaf nodes y by
.S _ w,S
Toly = Z P
z is a leaf under y
It is clear that this definition coincides the old one when y is a leaf. Now

(Pmrent(y)) (y)
Go= Y (s es) 39)

y is a non-root node

pmS
S E S _ § : .S p,S _ 1,z S
’/‘U‘y - D - plzp22 ply I_LSPQZ'
z is a leaf under y z is a leaf under y z is a leaf under y pl,y
TR
; spg‘z does not depend on . for every e € Path(y). So
Py
T
(Parent(y)) S H(y)7s o H(Parent(y))ﬁs _ H(y>,S Z plvz u',S
v\y vy - 1,y 1,y M/VSPQ,Z
zis aleaf under y 1,y
'S

S pl,z 'S
= (Iu‘;ﬂdgc(y) - MEdge(y)) piparent(y) Z H/75pl211z : (36)
1

z is a leaf under y Y
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Topology Bound in [25] Our bound
bar graphs 0] (|V|\/ﬁ>
star graphs ) (|V|2\/ﬁ)
ray graphs (|V| \/kT)

of
O (IVEVT)
(VIEVET) | O(VivT)
tree graphs O(\Vﬁ\/f) (\V\ \/T)
( O (IVEVT)
0(vevT)

grid graphs O (|VIsVT )

complete graphs <|V|4 ﬁ)

Table 1: Regret bound comparison with [25].

For each leaf z under y, the event that Path(z) is the smallest live path from s to v is exclusive from
each other. And that event is included in that Path(y) is the smallest live path from s to Node(y). So

!’ ’ !’ !/
p',S p,S p,S p',S
> P <t Tnh,

z is a leaf under y

and thus
pu’,S
1,2 ’,S 'S .S
Z u’,Spgz < pg,y < p;y )
zis aleaf under y 1
So
/ w,S
(36) < ('“Edge(y) - MEdgE(y)) P Parent(y)p2,y
Then
! ©n,S ©n,S /
(35) < Z (:uEdge(y) o ,uEdge(y)) pl,Parent(y)pQ,y - Z(:ue_:ue) Z pl pnent(y)pg y
y is a non-root node ecE Edge(y)=
(37)
We then show
Z pl Palent y)p2 y —= pe ’ (38)

Edge(y)=

for every edge e. If e is a directed edge from u to w , p*¥ > > Fdege(y)—c pﬁ;fem(y), since

pgﬁent(y) is the probability that the path Path(Parent(y)) is the smallest live path from s to
Node(Parent(y)) = u, and thus such events are mutually exclusive for different y with Edge(y) = e.

S w.S
Then pg 2 ZEdge =e pl Pa‘rent(y)p2 Y as p2 Parent(y) Thus we have (38).

Combining Inequalities (37) and (38), we prove the key Inequality (32), which in turn shows that
the influence maximization bandit satisfies the TPM bounded smoothness condition with B =
maxyey [{v € V| v can be reached from u }|.

D Detailed Comparison with [25] on the Regret Bounds for Influence
Maximization Bandits

Let G = (V, E) be the social graph we consider. By Lemma 2, our Theorem 1 can be applied to
the influence maximization bandit with B = C' < |V'|, which gives concrete O(log T') distribution-
dependent and O (/T log T') distribution-independent bounds for the influence maximization bandit.
Wen et al. [25] also study the influence maximization bandit and eliminate the exponential factor
1/p*. They use a complexity term C, to characterize their regret bound, where C, has complicated
relationship with network topology and edge probabilities. Wen et al. [25] list several families of
graphs with concrete regret bounds, ignoring the effect of edge probabilities on their complexity
term C,. Our regret bounds with complexity term C' can also be applied to these graph families,
and Table 1 list the comparison results between our regret bounds and their regret bounds. The
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MAB Instance
m i
| Algorithm 2 L
- ©
| CMAB-T Algorithm |
| |
| |
\ \
} MAB Algorithm }
| |
] ]

Figure 2: Reduction Structure

comparison shows that our regret bounds are always better than their bounds, with an improvement

factor from O(v/k) to O(|V'|), where V is the set of nodes in the graph, and k is the number of seeds
to be selected in each round. This indicates that, in terms of characterizing the topology effect on the

regret bound, our simple complexity term C' is more effective than their complicated term C,.

E Lower Bound Proofs (for Section 5)

E.1 Proof of Theorem 2

Algorithm 2 Reduce MAB to CMAB-T

Input: m,Tomab, p {m is the number of arms, Tonap is the number of rounds in CMAB, and p is
triggering probability. }

1: fort=1,...,Tomap do

2:  sample 7, i.i.d. from Bernoulli distribution B,

3: end for

4: H <+ T tya < 0

5. fort=1,...,Tcmap do

6: S;, + CMAB-Oracle(H) {Oracle decides the CMAB-T action based on the execution

history}

7. if v = 1 then

8: tMAB + tmaB + 1

9: In MAB, play arm 7, in round ;5 B, obtain feedback X Z-(fMAB)
10: In CMAB-T, i, is triggered with feedback X, l(f) =X i(fMAB), and set reward as p~1 X Z(ft)
11: H + Append(H, (S;,, {i}, Xi(tt)) {{é:} is the set of triggered arms}
12:  else
13: {y: = 0, and MAB is not played in this case}
14: In CMAB-T, no arm is triggered, and the reward is 0
15: H « Append(H, (S;,,d, —)) {triggering set is empty, so no feedback}
16:  end if

17: end for{In the end, T\iaB = tMmAB}

We prove the theorem by reducing classical MAB to this CMAB-T game instance by Algorithm 2.
For convenience, we define Bernoulli random variable v; = I{7;(S;,, X)) = {i;}}, where S;, is
the action played in round ¢, and thus +; is an indicator representing whether a base arm is triggered
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in round ¢. Moreover, to distinguish the environment outcome in MAB and CMAB-T in the reduction,

we use X (tMaB) o denote the environment outcome in round tmap of MAB, and X ®) to denote the
environment outcome in round ¢ of CMAB-T.

Figure 2 shows the structure of reduction. Algorithm 2 adapts the CMAB-T algorithm to an MAB
algorithm. Conversely, it also adapts the MAB instance to the corresponding CMAB-T instance.
Thus when Algorithm 2 runs, we have one MAB instance and one CMAB-T instance running
simultaneously. Let Tcyvap be the total number of rounds in the CMAB-T instance and Tyiap be
the total number of rounds in the MAB instance. For convenience, we use t to refer to the index of

rounds in CMAB-T, while ty1ap is the index of rounds in MAB. In Algorithm 2, we fix Tcypap and

thus Tyap is a random variable. We have Tyiap = tT:Ci’IAB vi- So E[Tyag] = pTomap and we

have following lemma about the distribution of Tyiap.
Lemma 7. If pTcvas > 6, then Pr [TMAB > %pTCMAB] > %

Proof. Tyias = zglAB ~¢. By multiplicative Chernoff bound (Fact 2),
L pTcMmaB
1 e 2 1
Pr[T\iag > §pTCMAB] >1- 25

(3)*

when pTcnag > 6.

9

1
Pr[Tvap > ipTCMAB] >1- (67%”TCMAB> >

N =

when pTovas > 6.

In the following, we overload the notation D to also represent a probabilistic distribution of the
environment instance (a.k.a. outcome distribution) D, and use D ~ D to represent a random
environment instance D drawn from the distribution D.

Lemma 8. Consider a random MAB environment instance D drawn from a distribution D. Assume
we have a lower bound L(Ty\iag) of expected regret, i.e. for every natural number Tyiag, any MAB
algorithm A has expected regret

E

DND[RegﬁAB,D(TMAB)] > L(TwvaB).

Then consider the corresponding CMAB-T environment instance D. For every natural number
Temag > 5p~ Y, any CMAB-T algorithm A has expected regret

1 4.1
DIED[RegéMAB,D(TCMAB)] 2 > 1L(§pTCMAB)~ (39)
Proof. Without loss of generality, we may assume L(T) is non-decreasing, as regret of any strategy
increases as 1’ increases.

We prove the lemma using the reduction described above. We run Algorithm 2 with A be the CMAB-T

oracle and D be the environment instance. Let -y be the vector (71,72, - - -, YTeaag ) EVEry possible
value of y parameterizes Algorithm 2 into an algorithm plays MAB problem for Tyap = tTZCi“B Vi

rounds. We denote this MAB algorithm with A.. By our assumption, Ep..p [Regﬁj\& p(Tvag)] >
L(TMAB ) .

Then we compare the regret in both cases. For a given distribution D, let y; p = Ex..p[X;] and
Wy = max; (; p. For MAB problem and every v,

N i TcmaB
B [Regring,p(Tvan)l = E 1 Tvap - pup —E ; %XitH
. Tocmas B
Tomas
= DIED E ; Y (KD —Mit,D)H )
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where the inner expectation is taken over the rest randomness, including the randomness of ¢;, which
is based on the random feedback history and the possible randomness of algorithm A.,. For CMAB-T,

we have
TcMmAB
gb Mm
t=1
TcmaB
E ]

A
LE_[Regemas,p(Temas)]

*
= E |TcMmaB - p4p — E
D~D ,YNBPCMAB

= E _|TcmaB - pp —

D~D ,YNBTCMAB
i Tcvmas
-1 % -1
= E |pTemap-p up— E E| > % 'wip
D~D ,YNBTCMAB
L P t=1

Toman TcmaB
= E _ 1 )
D~D VNBTC]\/IAB [ Z P MD‘| ,YNBTCMAB [ [ ; TP M“’Dll‘|
TcmaB
pil E lE l Z Y (" — Mz‘t,D)H ’

DN/D,"/NBZ‘CMAB =1

where the innermost expectation is taken over the rest randomness such as the randomness of ;.
Therefore

- A
DED[RegéMAB,D(TCMAB)] =p ! E T [RegMXB,D(TMAB)]-
~ DN'D,"YNBPCNIAB

Calculation above also shows Ep..p [Regﬁij’ p(Tavag)] > 0. And by monotonicity of L(T),

_ A,
%[RegéMAB,D(TCMAB)] =D ! DEW[RegMAB,D(TMAB)]

Y%

1
*pTCMAB}Regﬁl\B, p(Tvas)]

> p_1 DEW[H{TMAB 5

1
5PTCMAB}L( PTCMAB)]

Y

—1
D DFT’y[H{TMAB
=p! Pl" {TMAB > ipTCMAB}L(§pTCMAB)

1
> 2 _1L( pTCMAB) O

Lemma 9. Let m be the number of arms and T be the number of rounds. Let € = 1—10 /m/T. Then
define the family of MAB outcome distributions D = {D», ..., D,,} with

1 oo .
Pr{X_l}—{ yiz i
+¢e ifi=j
Let D be a random environment instance uniformly drawn from D, then for any MAB algorithm A,
eT 1
E & ] > == —VmT.
pep [RegMAB,D( )] —_ 60 m

Proof of Theorem 2. Let D be the family of outcome distributions defined in Lemma 9, and D is

uniformly drawn from D. Applying the result of Lemma 9 to Lemma 8, with L(T') = % mT in
Lemma 8, we have

DED [RegéMAB,D (T)] >

~
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Since D is uniformly drawn from D, then there must exists a D € D such that

1 mT
Regiyap.p(T) > T7o\/ e O

It is easy to show corresponding CMAB-T problem satisfies original bounded smoothness (Condi-
tion 5) with f(z) = . So the theorem above gives an example that the upper bound in [7] is tight up

to a O(+/logT') factor.

E.2 Proof of Theorem 3

Proof of Theorem 3. We regard this kind of CMAB-T problem instances as a variant of classical
MAB, that each arm gives three possible outcomes, 0, 1, and 1. Denote these arms with random
variables X7, ..., X/ . The reward is p~! times of the outcome if the outcome is 0 or 1, while the
reward is 0 if the outcome is L. This variant is equivalent to the CMAB-T instances: Outcome
X! =1 corresponds to Bernoulli base arm X; in CMAB-T not being triggered, outcome X/ =
or 0 corresponds to Bernoulli base arm X; being triggered and X; = 1 or 0, respectively. Thus
Pr[X/ =1]=1—-p, Pr[X] = 0] = p(1 — p;), and Pr[X] = 1] = pp;, where p is the triggering
probability and p; is the expectation of Xj;.

Let X and Y be random variables whose values are in the same finite set V. Define the KL-divergence

Pr{X =z}

KI(X,Y)=> Pr{X =z}In Pry =)

zeV
For example the KL-divergence between X and X} is
Pr{X| =1}
Pr{X, =1}
Pr{X| =1}
Pr{X}, =1}

Pr{X| =
+Pr{X;] = O}lnu

kI(X], X)) =Pr{X| =1}1
( 1» 2) I‘{ 1 }I’l PI‘{XéZO}

+Pr{X{=1}In

+ppr In P2
pl2

p p(1— )
+p(1 — In¥——"-¢
1_p p( ILLl) p(l—,ug)

L puy it
— M2 H2

1_
—p- (1= p)ln—L B
1—po o

=(1-ph

1—
:O—|—p(1—u1)ln1 a

=p-kl(X1, X2). O

Thus, intuitively it takes p‘1 times more rounds to differentiate X| and X} than X; and X, which
is stated formally in theorem below.

Proof. The analysis is generalized from the case that the arms are Bernoulli random variables. For
an arm %, we use V;(7) to denote the number of times the arm ¢ is played in T rounds. For each
non-optimal arm 4, i.e. pu; < p* < 1, we show

EN/(T)] . p" 1

lim inf > - . 40
Thise InT = K(X;,X-)  K(X],X0) 0

Then by formula
Reg(T) = > E[N:(T)]A,,
g <p*
the theorem holds.

Without loss of generality, we may assume arm 1 is an optimal arm and arm 2 is non-optimal. We
prove Eq. (40) for arm 2 and then the inequality holds for every arm. Consider that if we replace
arm 2 with a fictional arm 2/, which has an expectation uo slightly greater than yi1, then arm 1 will
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become non-optimal and strategy A will play arm 1 for o(n®) times for any a > 0. So strategy A
must play arm 2 for enough times, to differentiate from arm 2.

Formally, let € > 0 be any positive real number. Let j15/ be a real number such that po > 11 and

1
KI(Xz, Xp) = (1= o) In 5 P2 4 e 2 < (14 2)KI(Xa, X)). (41)

- p2r Har

There exists such 9/, because the left hand side of (41) is continuous as a function of uo/. We use E/
and P1’ to denote expectation and probability in the circumstance that arm X5 is replaced by arm
Xor.

We define the empirical KL-divergence after the first s samples of the arm 2/2/,

las = ZS:)/tv
t=1

where
In 1=k, if X}, =0,
Yo={lniz if X, =1,
0, if X5, =1 .

and X, is result of the ¢-th sample of arm 2/2’. Note that (Y;) are independent and E[Y;] =
k1(X5, X1%,).

First we prove

1-—
Pr< No(T . InTAK <(1—-=)InT 1). 42
r{ 2( )<k1(X§7X§,) n LA KN () ( )n } o(1) (42)
‘We use the shorthands
1
= - < —
Cr {NQ(T)<kl(Xé’Xé/)lnT/\klNg(T) (1 )lnT} (43)
and 1
fT:ilnT.

KI(X3, X)
If arm 2 is replaced by arm 2/, we have
E'[T — No(T)]

T— fr ’
where the second inequality is due to Markov’s inequality. Recall the definition of consistent
strategy, as 2’ is the only optimal arm, we have E'[T' — Ny(T)] = o(T'3). And by T — fr = Q(T),
Pr’'{Cr} = o(T'3~"). Then we use the property of KL-divergence

Pr{Cr} = E/ {]I{C’T} - exp (QNZ(T))] ,

PI‘/{CT} < PI‘I{NQ(T) < fT} <

then

Pr{Cr} =F {H{Cn} - exp (I?INQ(T))} < Pr'{Cr}-exp {(1 — 5) lnT} Pr'{Cr}-T'"5 = o(1).
Second, we prove

-~ g
Pr {NQ(T) < fr NRgy gy > (1 - 5) 1nT} = o(1). (44)
‘We have

Pr {NQ(T) < fr ARy, > (1 — %) 1nT} < Pr

< Pr {Q&}’T‘ﬁs > (1 — 7> lnT}

No(T A max K, (1—7)1T
2(T) < fr max kl, > 5 n}
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Recall the definition of ]le, which is a summation of independent random variables with the same
distribution over a finite support, whose expectation is k1( X%, X7,). So we apply the maximal version
of the strong law of large numbers, and then (44) holds, as fr - kI(X}, X%, ) = (1 —¢)InT.

In conclusion, combining Eq. (42) and (44), we have Pr{Ny(T") < fr} = o(1), implying

E[N2(T)] > (1 —0(1)) - fr
1—¢
e R
1—¢ InT
O g

InT
>(1-

Then (40) holds, as € can be any positive real number, and thus the theorem holds. O

F Results with co-norm TPM Conditions

F.1 TPM Conditions with the co-norm

We first restate the original bounded smoothness condition in [7] below, which is an co-norm based
condition.

Condition 5 (Bounded Smoothness). We say that a CMAB-T problem instance satisfies bounded
smoothness, if there exists a continuous, strictly increasing (and thus invertible) function f(-) with
f(0) = 0, such that for any two distributions D, D' € D with expectation vectors g = (i1, .- . , fim)
and p' = (p', ..., piy,), and for any A > 0, we have |, (S) =7 (S)] < f(A) ifmax, g |p:—pi| <
A forall S € S, where S = {i € [m] | Prx~p{i € 7(S,X)} > 0} is the set of arms that could
be triggered by action S.

Note that f(-) may depend on problem instance parameters such as m, but not on action .S or mean
vectors p, .

Similar to the 1-norm case, we use triggering probabilities to modulate the bounded smoothness
condition to obtain the following TPM version:

Condition 6. (co-Norm TPM Bounded Smoothness) We say a CMAB-T problem instance satisfies
the triggering-probability-modulated (TPM) bounded smoothness with bounded smoothness function
f(z), if for any two distributions D, D’ € D with expectation vectors wand p', any action S and

any A > 0, we have |rs (i) — rs(u')| < F(A) if masiei pP>5 | — ] < A.

Note that Condition 6 is stronger than Condition 5 under the same bounded smoothness function
f. This is because if we have max;e [, [ — | < A, then we have max; e, piD’Sll,Li — ] <A
Then if Condition 6 holds, we have |rg(p) — rs(p’)| < f(A). This means that if Condition 6 holds,
we have [rgs(p) — rs(p')] < f(A) if max;epn) [1: — pi| < A, which is exactly Condition 5.

F.2 Theorem and Proofs with co-norm TPM Conditions

Theorem 5. Suppose a CMAB-T problem instance (Im], S, D, D™& R) satisfies monotonicity (Con-
dition 1). For a fixed environment instance D € D with expectation vector p, the T-round («, 8)-
approximation regret bound using an («, 8)-approximation oracle in various cases are given below.

(1) For the CUCB algorithm on a problem instance that satisfies TPM bounded smoothness
(Condition 6) with bounded smoothness function f(x), together with A, > 0, the regret
is at most

Al

max

Amm 1
ZMT(f AL, 28 fl(w)zdx)

2 4 w2
+m- F+1 [_IOng (Amin)—‘O'f' ?"_1 'Amax;
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(2) For the CUCB algorithm on a problem instance that satisfies TPM bounded smoothness
(Condition 6) with bounded smoothness function f(x) = ax, the regret is at most

2 2
25avmITInT +m - Kﬂé + 1) [— logz(\/156mlnT/T)—‘0 + % + 1} - Apax;

We have several remarks on Theorem 5. First, the condition Ap,;, > 0 automatically holds if the
action space S is finite. Thus it is not an extra condition comparing to the result in [7] when actions
are set of base arms. If A, is zero due to infinite S, then we do not have regret bound as in (1),
but we still have regret bound as in (2). Second, the regret bound in (1) is distribution-dependent
bound, since it depends on A’ ; , which is determined by the distribution D; regret bounds in (2)
is distribution-independent bound, since A, can be easily replaced by a quantity only depending
on the problem instance, such as the maximum possible reward value. Third, when A’ . = +o0,
Al
FIAR Ty = 0.

min

F.2.1 Proof of Theorem 5

In this subsection, we focus on giving a roadmap to prove Theorem 5 and showing the new techniques
we invented to improve the regret bound. The remaining part of the proof is roughly the new
calculation based on the old techniques (c.f. [7]).

In this subsection, we omit («, 3)-approximation for clarity, in other words, we assume o = 8 = 1.
Generalization to accommodate («, 3) approximation can be found in the discussion section.

To exploit the advantage of TPM bounded smoothness condition (Conditions 6), for each arm 7, we
divide actions into groups according to piD’S.

D,S,

For convenience, we also allow to index the counters with g; > 0, such that NZ. D5 indicates

DS =27d,

i

the same counter as NV; ; with ¢

We use a shorthand as follows. For every arm 4 and action S, define

D,S 2_'77 lfSESZ?J,
%70, ipPS =o.

Definition 8.
0, ifq < 3f71A),
(A q) = LFoap) + L ifa=1,

Lf7_21q(12)tgj +1, otherwise.

To unify the proofs for distribution-dependent and distribution-independent bounds, we introduce
a positive real number M. To prove the distribution-dependent bound, we will let M = Ay,
or M = A’ in some circumstances. To prove the distribution-independent bound, we will
let M = O(T~'/?) to balance bounds for Reg({Ag, > M} and Reg({As, < M}). And we
implement AV} (Definition 7) with j% . = jimax(M) = [—log, f~1(M)]o The following are three
technical claims used in the main proof, and we define the proofs of these claims to Section F.2.2.

Claim 1 (Bound of insufficiently sampled regret). For any CMAB-T problem instance, any

bounded smoothness function f(x), any algorithm, any arm i, any natural number j and any
positive real number M,

. ) max{A} ..M} .
Reg({ASt > M, Sy € S@j, N,’7j7t_1 < ET(ASt,Qij)}) < ET(]\47 27J>M + / ET(I, 27J) dzx.
M
Claim 2 (Bound of sufficiently sampled regret for CUCB). For the CUCB algorithm on a prob-
lem instance that satisfies TPM bounded smoothness (Condition 6) with bounded smoothness function

f(=),

7.(.2

Reg({As, 2 MYi, N, o0,y 2 0r(As,,a¥)}) < m- ([=Togy /(M) ]o +2) - T+ Auma
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We continue the proof of Theorem 5. Fix a value M > 0, we have
Reg({}) = Reg({As, < M}) + Reg({As, = M})
= Reg({As, < M}) + Reg({As, > M, Vi, N, 5., > br(As,, )
+Reg({As, > M,3i, N, s, | < lr(As,,q0)})
< Reg({As, < M}) + Reg({As, > MVi N, s,y > r(Bs,.q5)})
+ Y Reg({As, > M, Nigst o1 < lr(As,, ¢7*)})

1€[m]

< Reg({As, < M}) + Reg({As, > M, Vi,N = ET(AS,,qz D)

+ Z ZRBQ({A& 2 Ma St € Si7j’Ni,qft,tfl < ET(ASt7qi t)})
i€[m] j >0

= Reg({As, < M})+ Reg({Ag, > M, Vi, Ni,q;st,t—l > lp(As,, qft)})
+ Z ZR@Q({ASt >M,S, € 81'7]',]\71'7]‘7,5_1 < fT(ASt,Q_j)}). 45)

i€[m] j>0

For the last part, if j > [—log, f~*(M)]o + 1, then 277 < § f~!(M) and

1 )
Lras) 2 St an 2 2
By Definition 8, £7(Ag,,277) = 0. Then N; j1—1 < 7 (As,,277) is impossible, so

Z Reg({Ast >M,S, € Si’j7 Ni’j’tfl < fT(ASt,2_j)}) =0.
j>[—logy f=H(M)]o+1

Lemma 10. For every arm i, the event-filtered regret
ZRGQ({Ast > M,S; €Sij,Niju—1 < lr(Asg,,277)}) (46)
j>0
<787 [ —2 +/maX{Am‘“ Yl ) b ) 1) A
- o ffl(M)Q M f71($)2 x Jmax max”

Proof. If M > A! _, itis impossible to have Ag, > M and S; € S, ; at the same time and then
(46) = 0. Then the lemma holds trivially. So we may assume that M < A‘ . By Claim 1,

jmax(j\/[)
46)= Y Reg({As, > M,S; € i, Niji1 < lr(As,,279)})
7=0
Jmax (M) de{Amdx! } )
< Z <£T (M, 2 J)M+/ €T(x,29)dx>
M
]max(]\/[) . A:rlax )
= > (zT(Ma—J)MJr/ zT(m,Q—J)dx>
=0 M
jmaX(M) i max ]max(M

= ETM2JM+/ Zfow 47)

=0

[

We then expand the notation /7 (A, ¢) (c.f. Definition 8) with

6lnT i
+1, ifg=1
tr(A,q) < { T2 7
7(A,q) < {Jj?gzzﬁ +1, otherwise.
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So forany = € [M, A% ],

max

Jmax (M) Jmax (M

Z€T$2 _gTJ?l Z

Jmax (M)

(e >+ s <72 )

i=1
max(M) —q
6lnT ’ 72279 InT
= — ———— + Jmax(M 1
F1(z)2 + ; F1(z)2 + Jmax (M) +

< 6InT n 2InT
T )2 N (2)?
78InT

= i DL

+jHlaX(M) + 1

Then we continue (47) with

78InT max (" 78In T
(47)< <n+jmax(M)+1) M"'/ <n+jmax(M)+1> dl‘
M

fi(M)? [ (x)?
78InT Dax 78InT
= T 1727190 M Jr r—_17/ . \9 dx Jr jmax M A;LII'IX
Fione M), FeE 4t UMD D
M Dax 1
=78InT | ——- +/ ———— dz | + (Jmax(M Al
(f—l(M)2 " F1(z)2 ) (Jmax (M) +1) -
Hence the lemma holds. O

Lemma 11. For event-filtered regret
Reg({As, < M})+ > > Reg({As, > M, S; € Sij,Niji1 < lr(As,,277)}),  (48)

i€[m] 7>0

(1) take M = A when Apnin > 0,

Afnm Bmax 1 : .
(48) S Z 78InT (f(Al) +/ ) de> +m'(]max<Amin)+1)'AmaX7

i€[m) min min

(2) if f(x) = ax, then take M = a\/156mInT/T,
48) < 25avVmT InT 4+ m - (Jmax(a\/156mInT/T) + 1) - Apax.

Proof. (1) IfAs, < M = Apin, then Ag, = 0. So Reg({Ag, < M}) <0. Forevery i € [m]
and every integer j, we may replace M with A’ . as below.

Reg({As, > M, Sy € 8 j, N ju—1 < r(As,,277)}) (49)
= Reg({As, > Amin, St € S j, Niji—1 < lr(As,,2” )})
= Reg({As, > AL, St € Sijy Niji—1 < lr(As,,27)}).
Then apply Lemma 10 with M = A’

min?

@8) = > > Reg({As, > M, S, € Sij, N ju-1 < lr(As,,277)})
i€[m] 7>0

Al max 1 . .
< 3 |t (e [ ] G (B + 1) Al
Z ( (Az ) :_nin f—l(x)Z ) (] ( ) )

min

we have

min

A;LAnm max 1 .
< Z 8InT (W + / . f_1<x)2dx> +m- (]maX(Amin) + 1) - Amax-
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(2) By Lemma 10, for every arm ¢,

S Reg({As, > M. S, € S, Nijuo < fr(As,, 279)})

j=0
M Alpax 1
S?SII’IT 7"‘/ —dr | + ‘max M Afnax
(fl(M)Q v TGP ) Umax (M) 1)
— 78T M+/A:m1d + (Gax (M) + 1) - AY
U@ Ty ) e mas

1 A:nax 1 . i
= 78 h’lT (CL_QJW + /M m dx) + (]max(M) ) Amaux

< 78T gy + gy ) + GO0 41 Bl

156l T

- a2M
Reg({As, < M}) < TM as the regret in each round is less than M. So by (50) and take

M = a\/156mInT/T,

(48) <TM +

+ (jmax(M) + 1) : Amax- (50)

156m InT
a 2M

= aV156mTInT + aV156mTIn T + m - (jmax(M) 4+ 1) - Amax

< 25avVmTInT 4+ m - (Jmax(a\/156mInT/T) + 1) - Apax. O

Proof of Theorem 5. (1) Since Api, > 0, we can take M = A;,. By Lemma 11(1) and
Claim 2, we continue Inequality (45) as below.

+m- (]max(M) + 1) : Amax

min

Al Bmax ] _
45) < Z 78InT <f(rAn;n) Jr/ W dI) +m- (]max(Amin) + 1) : Amax
i€[m] min i

7T2

+m- (jmax(Amin) + 2) . F : Amax

Al’l’llrl AZ:HVLX 1
=2 T (f ey, J”(:c)?d”“")

min

+m- |:(6 +1) I—_logz f_l(Amin)—‘0+ %2 +1:| 'Amax~

(2) Take M = a+/156mInT /T, by Lemma 11(2) and Claim 2, we continue Inequality (45) as
below.

45) < 25avVmTInT + m - (Jmax(ar/156mInT/T) + 1) - Apax
2

41 (G (ay/T56m I T/T) +2) - T - A

6
2 2
=25avVmT' InT +m - [(7T6 + 1) [—logQ(\/l56mlnT/T)—‘0 + % + 1} Al

F.2.2 Proof details

In this subsection, we finish the remaining part of the proof, i.e. the proofs of the claims. We first
prove the bound of sufficiently sampled part, namely Claims 2. To do so, we define two kinds of
niceness, that the difference between p; and ji; is small enough and that 7 is large enough comparing
with IV; ;, and then show that both kinds of niceness are satisfied with high probability and if so, it is
impossible to play a bad action. We then prove Claim 1. In this subsection we assume / is already
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defined as a positive real number as in the proof of Theorem 5. Notations fi,, f; ¢, [t,, [i; + denote the
values of i, fi;, i, fi; at the end of round ¢, respectively.

We now prove the claims.
Proof of Claim 2. Explicitly,

eg({As, = MViN, s,y > br(Bs 7))

T
Z [As, - H{As, > M,Vi,N, 50, | > tr(As,,q7")}]

<

MH i

Pr{As, > M.Vi,N, s,y > lr(Ds,,47)} - Amax. (51)

~
I
—

We only need to bound Pr{Ag, > M, Vi, Ni,qfﬁtfl > lp(Asg,, qf‘)}, i.e. the probability that for

every i, there is IV, St > ET(ASt,qiSt), but an action S; with Ag, > M is still played. Let
event & = {Ag, > M, Vi, N, $Sti1 > lr(Asg,, qf“)}. We now prove the claim that event & is not

empty only when =(N} A N}), or equivalently if both the sampling and triggering are nice at the
beginning of round ¢, then event &£, is empty. If the sampling is nice at the beginning of round ¢, then

Bit—1 = min{fl1—1 + pie, 1} > py.
By monotonicity, 75(f,_1) > 7s(p) for every action S, so opt;, > opt,. As action S; is

> opt,,, 50 7's, (1) —

1 =

rs, () > opt, —rs, (1) = Ag,. We are going to show the claim by assuming N} A N} and

chosen by Oracle with input fi,_;, it must be that rg, (f1,_;) = opt

showing Vi, pf i1 — i) < f71(Ag,), then by co-norm TPM bounded smoothness (Condition 6),
rs, (1) — s, (1) < Ag,, which is a contradiction. Note that here we do need strict inequality “<”
instead of “<” when applying Condition 6. This can be done because ¢ has at most m choices and the
bounded smoothness function f is continuous and strictly increasing, so we can use a small enough

e > O such that Vi, p{*|i; 1 —pi| < f~1(As, —¢), and thus g, (ft,_1) —7s, (1) < Ag, —¢ < Ag,.

Below we omit S; from Ag,, p5* and ¢, If f~1(A) > p, then p; |fii.r— 1 —pi| < pi1-0] < f~1(A)
without any dependency on sampling. If f=1(A) < p;, then ¢; < 2[~ 10821 (A)] < QJmax(M)
When the sampling is nice (Definition 4), fi; t—1 < fli 1—1 + pi,e < Wi + 2p;¢. On the other hand,

|fit—1 — pi| < |1 — 0] = 1. When the triggering is nice (Definition 7), if /lN_Glinttw < 1, then
3Viqg,t—1"4i
61lnt

6Int _
2pi4 < /m. So regardless whether m <1, | e—1 — ] <

Event & implies that IV; 4, 11 > {r(A, ¢;) > €(A, ¢;) (since t < T). So

I < 6Int 6lnt 6lnt
pilfit—1 — il <piy | o —
FNigii-1- o P\ Thd e @ 12eht g
A)2 1
=Di S Di = [ (A).
Hence, the claim holds.

The claim implies that Pr{&;} < Pr{—~(N; AN})} < Pr{-N;} + Pr{-N}}. By Lemmas 3 and 4,
we have Pr{€} < (2 + jmax(M))mt 2. Plugging it into Inequality (51), we have

6lnt
TNi g t-1i

T
Reg({ASt > Ma Viv N,»’q_st’t_l > gT(Aquz Z 2 +.7max )mt72 : Amax
t=1
1 m?
<m ([710g2f7 ( )—|0+2)'€'Amaxm
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Proof of Claim 1. Let x be any real number that x > M > 0. In any round when an action .S with
S € &;; is played, N; ; is increased by 1. So

T
ZPI’{St c Si,j; Ni_rjytfl < €T(m, 27])} < gT(.’E, 27])

t=1
If we add an additional restriction Ag: > x, the probability will not increase, so

T
ZPI‘{ASt > z, St S Si’j, Ni’j’tfl < A€T(.’E, 2_j)} < ET(ac, 2_j).
t=1

We use the shorthand 8153 to denote the event {S; € S; ;, N; j+—1 < r(z,277)}. Suppose X is a

non-negative random variable with Pr{X > M} = p and Pr{X = 0} = 1 — p. Then by the basic
principal on expectation, we have

M

E[X]:/O+mPr{X>m}dx:/o Pr{X>m}da;+/M:rooPr{X>x}dx

+oo
=pM +/ Pr{X > z}dz.
M

Applying the above, we have

Reg({As, > M} N Ef]’)

D E[I({As, = M}NEY) - Ag,]
t=1

—+o0

I
E

(PI"[{ASt >M}NEX] - M +/

Pr[{Ag, >z} N SZS;] dx)
M

H
l
—

+oo T
Pr{{As, 2 MYNEZ]- M+ | D Prl{As, 2z} nEj)de
t=1

I
E

~
Il
—

T max{Al M} T
=> Pri{As, > M}msf;.]-M+/ > Pri{As, > 2} nEXda
t=1 M t=1
) max{Afnax,J\I} ]
SET(M,Q_J)M—i—/ bp(z,277) da. O
M

F.3 Comparison between 1-norm and co-norm

In this paper, we give upper bounds of regret for CMAB-T problems that satisfy TPM bounded
smoothness with 1-norm or with oco-norm. We emphasis Theorem 1 and Theorem 5 do not imply
each other. For clarity, we use a; and a in place of a in bounded smoothness function f(z) = az.
If a CMAB-T problem instance satisfies TPM bounded smoothness with 1-norm with f(z) = a;x,
then it also satisfies TPM bounded smoothness with co-norm with f () = asox, where aso = Kaj.
Conversely, if a CMAB-T problem instance satisfies TPM bounded smoothness with co-norm with
f(z) = acox, then it also satisfies TPM bounded smoothness with 1-norm with f(z) = a;x, where

a1 = a. For distribution-dependent upper bound, according to Theorems 1 and 5, we have
2 2
O(G“EmIn Ty and O(%=212T) respectively. For a problem instance that satisfies TPM bounded

smoothness with 1-norm with f(z) = ajz, if we use the bound for co-norm with a., = Kay,

the result will be O(W). For a problem instance that satisfies TPM bounded smoothness
with co-norm with f(z) = axx, if we use the bound for 1-norm with a1 = ao, the result will be
O(%). Both give an additional K factor. It is similar for distribution-independent bound,

which will have an additional \/E factor in both cases.
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G Refined regret bounds for probabilistically triggered linear bandit

In this section, we present our new result that takes advantages from special properties on certain
instances of combinatorial semi-bandits, e.g. matroid bandits [13] and classical combinatorial semi-
bandits [15]. In Theorem 1, the regret bound is taking summation over all base arms. In those special
cases, the achieved regret bounds only take summation over the base arms that are not in the optimal
action.

We give a general condition to characterize this property and generalize to the case with probabilistic
triggering. In particular, it is satisfied by CMAB-T with linear reward, which are CMAB-T problem
instances such that, for each action S, the expected reward is linear with respect to the expectations
of arms and independent to the arms with pf = 0, i.e. there exists a vector ag € R™, such that

rs(p) = as - p, (52)
and p; = 0 implies (as); = 0. We show that our regret bounds given in this section implies
state-of-the-art regret bounds for classical combinatorial semi-bandits. We also show that the regret
bounds can asymptotically match the state-of-the-art regret bounds for matroid semi-bandits by
exploiting its special property.

G.1 Model

First, we make a natural assumption that there exists at least one optimal action S,p¢. This assumption
is always satisfied unless the action space S is infinite and the supremum of expected reward is not
achieved by any action.

Although the CUCB algorithm does not know the actual expectation vector p, we use p in the
analysis. For every action S, arbitrarily designate a reference optimal action ro(.S), which is an
optimal action under p.

The intuition of the following refined condition is as follows. For CMAB-T with linear reward,
although most regret comes from the over-estimation in CUCB algorithm, we notice that sometimes
over-estimation does not result in choosing a non-optimal action because it increases the expected
reward for both optimal actions and non-optimal actions. For any arm i, if (ag), < (am( S))i’ then
the over-estimation on arm ¢ favors the optimal action ro(S). So if S is played, it is due to the
over-estimation on other arms. And if (ag), > (am( S))i’ we can replace the bounded smoothness
factor with the relative factor ((as); — (ayo( S))i)' We characterize this property as the following
general condition.

Condition 7 (Relative 1-Norm TPM Bounded Smoothness). For a CMAB-T problem instance, a
distribution D € D with expectation vector p, and a reference optimal action mapping ro(-), we say
they satisfy relative 1-norm TPM bounded smoothness, if there exists a vector B € R™ such that, for
every distribution D' € D with expectation vector p' that u’ >, ifrs(p') > Tro(s) (1), then

Tro(s) () — ms(p) < Y Bip! S (4 — ). (53)
1€[m]
Lemma 12. For problem instance of CMAB-T with linear reward and a reference optimal action
mapping ro(-), let
Bim s fmae(s) — (o), .0 0P}

5e8|pP9>0
Then they satisfy relative 1-norm TPM bounded smoothness.
Proof. We need to show that p' > p and rs(p') > ry(s)(p') implies (53). Since rs(p') >

Tro(s) (1), we have (ag — ayo(s)) - ' > 0. Then we complete the proof by

Aro(s) = s+ 1 < (@5 — Grg(s)) - ( < 3 B (g — ).
i€[m] O

If the reference optimal action ro(S) are the same for all the actions, we can denote it as ro. For
linear bandit, the definition of B; can be simplified to B; = (amax)i — (@ro)i> Where (amax)i =

Supges(as)i-
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G.2 Results

Theorem 6 shows that the regret bounds given in Theorem 1 still holds when the CMAB-T problem
satisfies the relative 1-norm bounded smoothness.

Theorem 6. For the CUCB algorithm on a CMAB-T problem instance that satisfies monotonicity
(Condition 1), and a distribution and a reference optimal action mapping ro(-) that satisfy the relative
1-norm TPM bounded smoothness (Condition 7) with B, (1) if A, > 0, we have gap-dependent
bound

576B?K InT 2B;K w2
Reguap(T) < ) ——r——+ ) Ulogz N} +2> 5 Bumaxt Y 4B
0

1€[m] min 1€[m] min 1€[m]

(54)

(2) we have gap-independent bound (it is not distribution-independent, because it depends on ro(+))

T 2
Regua,p(T) <12 Z B2mTInT + <{10g2 18111T—‘ + 2) -m - % - Apax + Z 2B,.
i€[m) 0 i€[m]

(55)

Proof. The proof is mostly the same as the proof of Theorem 1 and its auxiliary lemmas. For Lemma
5, we use the definitions of x; ; (M, s) and ¢; ; (M) defined in Appendix B.4, where B is replaced
by B;. Then Lemma 5 still holds as follows. In the proof of Lemma 5, the 1-norm TPM bounded

smoothness is used to show bg

As, < B pl (fiie — pi). (10)

iES_t

Since As, = Tro(s,) (1) — 75, (1), the relative 1-norm TPM bounded smoothness implies

Ag, < Z Bz‘plp’st (fst — f1i)-

ieS]

Then the remaining proof of Lemma 5 still holds.
We replace B with B;, then the derivation of Lemma 6 still works.

One argument in the proof of Theorem 1 needs to be modified. When setting the maximal group

number j¢ . in the proof of Theorem 1, we now set ji ., = {log2 QAB?KZ,—‘ . Then the theorem
mind |

follows the proof of Theorem 1. O

G.3 Comparison

Matroid bandits [13] and classical linear combinatorial semi-bandits [15] are special cases of CMAB-
T with linear reward, where ag are a 0-1 vectors. We show that these kinds of bandits can be extended
to the case of probabilistically triggered arms while the regret bounds are asymptotically the same.

Let ro be the reference optimal action. Since the actions in matroid bandits and classical linear
combinatorial semi-bandits are virtually sets, we use ¢ € ro to denote arm ¢ is in action ro, i.e.
(aro)i = 1. Since ag is a 0-1 vector for every S, we have (amax); = 1 and

Bi = (amax)i - (aro)i = {
Theorem 6 gives regret bound

576B2K InT 576 K InT
Reguoap(T) < Y ————+0(1) =) ——+0(1).

i€[m) min i¢ro min

0, 1 € ro;
1, i¢&ro.

For the classical linear combinatorial semi-bandits, we make the following arguments. First, if
without probabilistically triggered arms, the adaptation used to prove Theorem 6 can be used in
Theorem 4, to get regret bound (see Eq.(5) for the detail of the constant O(1))
48K InT
> A o),
igro min
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which asymptotically matches the result in [15] and improves on the constant factor. Second,
this shows that the classical linear combinatorial semi-bandits can be generalized to the case with
probabilistically triggered arms while still enjoying the benefit that the regret bound takes summation
only over non-optimal arms. Recall the definition of A? . . which is the minimal gap for non-optimal
actions that might trigger arm i. If 4 is in the optimal action, then very likely A’ . = A,;,. That

shows why it is important to exclude arms in the optimal action from the regret bound.

For matroid bandits, the analysis for classic combinatorial semi-bandits gives a regret bound

48K InT
S =+ o),

%
igro min

with an extra O(K) factor comparing with [13]. That is because of the special property of matroid
that the error on each arm cannot accumulate. So if a non-optimal action is played, that must be
caused by the error on a single arm. That makes it valid to set the bound of sufficiently sampled

threshold to (7 (Al ) = O( (AIEIT)2) instead of {7 (Al ) = O (If, ln):'; ). Refining this part of

analysis is possible, but it would be too specific for the discussion in this paper.
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