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What is Stochastic Bandit?

reward

action

• Repeated game between agent and 
environment with random rewards

Complexity vs Optimality

• UCBoost connect the dots smoothly 

Gap to optimality
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Boosting!

UCBoost
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• UCB kernel is a distance function d
P (d) : max

q2⇥
q

s.t. d(p, q)  �
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• UCBoost ensemble a set D of 
distance functions (i.e. UCBs) by 
taking the minimum.

• For each d in D, P(d) closed-form

Why taking the minimum?
Philosophy of voting:
• If the ordering is known, follow the 

leader. No majority vote.
• UCBoost takes the minimum, thus 

the tightest UCB.
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Geometric view of UCBoost:
• The kernel of UCBoost is
• Take the minimum = solve

max

d2D
d
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Numerical Results
Table 1: Regret guarantee and computational complexity per arm per round of various algorithms
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low-complexity optimal UCB algorithm, which has remained
open till now. In this work, we make the following contri-
butions to this open problem. (Table 1 summarizes the main
results.)

• We propose a generic UCB algorithm. By plugging a
semi-distance function, one can obtain a specific UCB
algorithm with regret guarantee (Theorem 1). As a by-
product, we propose two new UCB algorithms that are
alternatives to UCB1 (Corollary 1 and 2).

• We propose a boosting algorithm, UCBoost, which can
obtain a strong (i.e., with regret guarantee close to the
lower bound) UCB algorithm from a set of weak (i.e.,
with regret guarantee far away from the lower bound)
generic UCB algorithms (Theorem 2). By boosting a
finite number of weak generic UCB algorithms, we find
a UCBoost algorithm that enjoys the same complexity
as UCB1 as well as a regret guarantee that is 1/e-close
to the kl-UCB algorithm (Corollary 3)1. That is to say,
such a UCBoost algorithm is low-complexity and near-
optimal under the Bernoulli case.

• We propose an approximation-based UCBoost algo-
rithm, UCBoost(✏), that enjoys ✏-optimal regret guaran-
tee under the Bernoulli case and O(log(1/✏)) computa-
tional complexity for each arm at each round for any
✏ > 0 (Theorem 3). This algorithm provides a non-
trivial trade-off between complexity and optimality.

Related Work. There are other asymptotically optimal
algorithms, such as Thompson Sampling [Agrawal and
Goyal, 2012], Bayes-UCB [Kaufmann et al., 2012] and
DMED [Honda and Takemura, 2010]. However, the com-
putations involved in these algorithms become non-trivial
in non-Bernoulli cases. First, Bayesian methods, including
Thompson Sampling, Information Directed Sampling [Russo
and Van Roy, 2014; Liu et al., 2017] and Bayes-UCB, require
updating and sampling from the posterior distribution, which
is computationally difficult for models other than exponen-
tial families [Korda et al., 2013]. Second, the computational
complexity of DMED policy is larger than UCB policies be-
cause the computation involved in DMED is formulated as
a univariate convex optimization problem. In contrast, our
algorithms are computationally efficient in general bounded
support models and don’t need the knowledge of prior infor-
mation on the distributions of the arms.

Our work is also related to DMED-M proposed by Honda
and Takemura [2012]. DMED-M uses the first d empirical
moments to construct a lower bound of the objective func-
tion involved in DMED. As d goes to infinity, the lower
bound converges to the objective function and DMED-M

1Note that e is the natural number

converges to DMED while the computational complexity in-
creases. However, DMED-M has no explicit form when
d > 4 and there is no guarantee on the regret gap to the op-
timality for any finite d. Unlike DEMD-M, our UCBoost al-
gorithms can provide guarantees on the complexity and regret
performance for arbitrary ✏, which offers a controlled tradeoff
between complexity and optimality.

Agarwal et al. [2017] proposed a boosting technique to ob-
tain a strong bandit algorithm from the existing algorithms,
that is adaptive to the environment. However, our boosting
technique is specifically designed for stochastic setting and
hence allows us to obtain near-optimal algorithms that have
better regret gurantees than those obtained using the boosting
technique by Agarwal et al. [2017].

2 Preliminaries
We consider a stochastic bandit problem with finitely many
arms indexed by a 2 K , {1, . . . ,K}, where K is a positive
integer. Each arm a is associated with an unknown probabil-
ity distribution va over the bounded support2 ⇥ = [0, 1]. At
each time step t = 1, 2, . . . , the agent chooses an action At

according to past observations (possibly using some indepen-
dent randomization) and receives a reward XAt,NAt (t)

inde-
pendently drawn from the distribution vAt , where Na(t) ,Pt

s=1

{As = a} denotes the number of times that arm a
was chosen up to time t. Note that the agent can only observe
the reward XAt,NAt (t)

at time t. Let ¯Xa(t) be the empirical
mean of arm a based on the observations up to time t.

For each arm a, we denote by µa the expectation of its
associated probability distribution va. Let a⇤ be any optimal
arm, that is a⇤ 2 argmaxa2K µa. We write µ⇤ as a shorthand
notation for the largest expectation µa⇤ and denote the gap of
the expected reward of arm a to µ⇤ as �a = µ⇤ � µa. The
performance of a policy ⇡ is evaluated through the standard
notion of expected regret, defined at time horizon T as

R⇡
(T ) =

X

a2K
�aE[Na(T )]. (1)

The goal of the agent is to minimize the expected regret.
Now, we introduce the concept of semi-distance functions,

which measure the distance between two expectations of ran-
dom variables over ⇥, and show several related properties.
Definition 1. (Candidate semi-distance) A function d : ⇥ ⇥
⇥ ! R is said to be a candidate semi-distance function if

1. d(p, p)  0, 8p 2 ⇥;

2. d(p, q)  d(p, q0), 8p  q  q0 2 ⇥;

3. d(p, q) � d(p0, q), 8p  p0  q 2 ⇥.

2If the supports are bounded in another interval, rescale to [0,1].
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Figure 1: Regret of the various algorithms as a function of time in three scenarios.

Table 2: Average computational time for each arm per round of various algorithms.

Scenario kl-UCB UCBoost(✏) UCBoost(✏) UCBoost(✏) UCBoost({dbq, dh, dlb}) UCB1
✏ = 0.01(0.001) ✏ = 0.05(0.005) ✏ = 0.08

Bernoulli 1 933µs 7.67µs 6.67µs 5.78µs 1.67µs 0.31µs
Bernoulli 2 986µs 8.76µs 7.96µs 6.27µs 1.60µs 0.30µs

Beta 907µs 8.33µs 6.89µs 5.89µs 2.01µs 0.33µs

because the Hellinger distance between µa and µ⇤ is much
larger than the l

2

distance in this scenario. So UCB(dh) en-
joys better regret performance than UCB1 in this scenario.

Second, UCBoost({dbq, dh, dlb}) performs as ex-
pected and is between UCB1 and kl-UCB. Although
the gap between UCB1 and kl-UCB becomes larger
when compared to Bernoulli scenario 1, the gap between
UCBoost({dbq, dh, dlb}) and kl-UCB remains. This ver-
ifies our result in Corollary 3 that the gap between the
constants in the regret guarantees is bounded by 1/e. This
result also demonstrates the power of boosting in that
UCBoost({dbq, dh, dlb}) performs no worse than UCB(dh)
and UCB(dbq) in all cases.

Third, UCBoost(✏) algorithm fills the gap between
UCBoost({dbq, dh, dlb}) and kl-UCB, which is consistent
with the results in Bernoulli scenario 1. The regret of
UCBoost(✏) matches with that of kl-UCB when ✏ = 0.001.
Compared to the results in Bernoulli scenario 1, we need
more accurate approximation for UCBoost when the expecta-
tions are lower. However, this accuracy is moderate compared
to the requirements in numerical methods for kl-UCB.
Beta Scenario. Our results in the previous sections hold for
any distributions with bounded support. In this scenario, we
consider K = 9 arms with Beta distributions. More precisely,
each arm 1  i  9 is associated with Beta(↵i,�i) distribu-
tion such that ↵i = i and �i = 2. Note that the expectation
of Beta(↵i,�i) is ↵i/(↵i + �i). The regret results shown in

Figure 1c are consistent with that of Bernoulli scenario 1.
Computational time. We obtain the average running time for
each arm per round by measuring the total computational time
of 10, 000 independent runs of each algorithms in each sce-
nario. Note that kl-UCB is implemented by the py/maBandits
package developed by Cappé et al. [2012], which sets accu-
racy to 10

�5 for the Newton method. The average computa-
tional time results are shown in Table 2. The average running
time of UCBoost(✏) that matches the regret of kl-UCB is no
more than 1% of the time of kl-UCB.

5 Conclusion
In this work, we introduce the generic UCB algorithm and
provide the regret guarantee for any UCB algorithm gener-
ated by a kl-dominated strong semi-distance function. Then,
we propose a boosting framework, UCBoost, to boost any set
of generic UCB algorithms. We find a specific finite set D,
such that UCBoost(D) enjoys O(1) complexity for each arm
per round as well as regret guarantee that is 1/e-close to the
kl-UCB algorithm. Finally, we propose an approximation-
based UCBoost algorithm, UCBoost(✏), that enjoys regret
guarantee ✏-close to that of kl-UCB as well as O(log(1/✏))
complexity for each arm per round. This algorithm bridges
the regret guarantee to the computational complexity, thus of-
fering an efficient trade-off between regret performance and
complexity for practitioners. By experiments, we show that
UCBoost(✏) can achieve the same regret performance as stan-

• Computation time




