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Abstract—We consider the problem of estimating and ranking
a set of self-excited point processes when an action must be
taken to observe the events of each process. This situation
arises in a number of real-world applications, for example, when
crime goes unreported in some regions, or COVID-19 cases are
undetected due to a lack of testing resources. Often times, such
self-excited events may bear implicit causality. Therefore, we
start with Hawkes Processes to model how one event triggers
the other. In the scenario of undersampling, we propose Hawkes
Process Multi-armed Bandits for learning such point processes
to quickly learn the riskiest point processes, while carefully
balancing exploitation of known (observed) point processes and
exploration of unknown processes. By considering the cumulative
number of events of each process as a reward, we derive an upper
confidence bound on the counting process to inform actions in the
form of which processes to observe in upcoming MAB rounds,
based on the history of the partially observed point processes. We
then derive a regret bound that scales logarithmically with the
number of rounds of observation. We test our model on simulated
datasets, crime report data in Vancouver and Los Angeles, and
earthquake event data from Alaska, California, and worldwide.
Our model outperforms several state-of-the-art MAB algorithms
that can be adapted to non-stationary point process estimation
across the datasets and performance metrics.

Index Terms—Hawkes processes, Multi-armed bandit, Upper
confidence bound, Reinforcement learning

I. INTRODUCTION

A Multi-armed Bandit problem (MAB) is a sequential
decision problem in which a set of resources is allocated
between choices by a set of actions. After each action, rewards
are observed and collected. Our goal is to maximize the total
rewards after a sequence of allocations. Given the nature of
maximizing payoffs with limited actions, MAB algorithms
are designed to address the fundamental trade-off between
exploitation and exploration. An enormous body of literature
exists on MABs in a variety of settings [1]. These include, but
are not limited to, traditional stochastic bandits, non-stationary
bandits [2], adversarial bandits [3], contextual bandits [4], and
bandits with knapsacks [5]. MABs are applied to a variety of
problems, such as clinical trials [6], adaptive routing [7] and
financial portfolio design [8].

In this manuscript, we extend the Multi-armed Bandit
problem to a new setting, namely that of ranking and selecting
a set of point processes when an action must be taken to
observe the events of each process. Such a scenario could
arise in a number of applications, for example during a disaster
event when emergencies may occur in space and time, but are
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unobserved by first responders due to a power outage. In this
setting, there is a tradeoff between exploring regions where the
power is out and exploiting information on emergency calls in
regions where events have been observed.

We address this problem by learning Hawkes point pro-
cesses through a Multi-armed Bandit approach. Hawkes pro-
cesses are non-stationary models for the intensity of events,
and are applied to a wide range of phenomena including
social media cascades [9], crime patterns [10], earthquake
aftershocks [11], financial contagion [12]. disease transmission
[13] and disasters [14]. Neural network based point processes
can also be used to model high-dimensional event sequence
data on graphs [15], hypergraphs [16], knowledge graphs [17],
and text [18] [19]. Given that a such model is motivated
through modeling self-excited events, it is often times used
for causality discovery [20], [21] and it is a good fit for our
inference problem. However, existing Hawkes process estima-
tion algorithms require events to be observed, whereas in this
work we require an action to be taken in order for events to
be observed in a region of space. The goal of Hawkes Process
Multi-armed Bandits is to quickly learn the most risky point
processes out of a set, while carefully balancing exploitation of
known (observed) point processes and exploration of unknown
processes. By considering the cumulative number of events
of each process as a reward, we derive an upper confidence
bound on the counting process to inform actions in the form of
which processes to observe in upcoming MAB rounds, based
on the history of the partially observed point processes. We
then derive a regret bound that scales logarithmically with the
number of rounds of observation. A schematic of our Hawkes
MAB algorithm, denoted as HpUCB, is shown in Figure 1.

We note that there is related work on non-stationary bandits.
One typical problem setting is to assume that the reward
distribution is piece-wise stationary. The rewards abruptly
change at unknown time points, but stay stationary for a
short period [22]. One strategy is to discount the previous
reward observations. In the work of [23], the authors approach
this problem by detecting the changing point and resetting
the reward estimation accordingly. In another scenario where
the environment is slowly-varying, Cheung et al.[24] build an
upper confidence bound for the reward distribution within a
sliding window. Zhao et al. [2] eliminate the distortion from
outdated observations and restart the estimation periodically
to address this problem. However, most non-stationary multi-
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Fig. 1. Schematic diagram of HpUCB where Hawkes process intensities are estimated at each round, in both regions where events were observed through
bandit actions and in unobserved regions. An upper confidence bound is then constructed for the expected number of events for each process in the next

round, informing the next action.

armed bandit algorithms assume that the reward distribution
is bounded. Furthermore, to our knowledge no existing algo-
rithms have been developed to learn non-stationary contagion
event processes where the reward is the cumulative number
of events observed. We show in both synthetic and real-world
experiments that Hawkes MABs achieve state-of-the-art results
for learning unobserved point processes compared to existing
non-stationary MAB algorithms.

The manuscript is organized as follows. In Section II, we
introduce the Hawkes MAB methodology and we analyze its
regret bound in Section III. We then present our experiments
on synthetic data and several real-world datasets, including
crime report data in Vancouver and Los Angeles, and earth-
quake event data from Alaska, California, and worldwide in
Section IV.

II. METHODOLOGY

In this section, we introduce the Hawkes process based UCB
algorithm, denoted as HpUCB. First, we define the problem
setting and the rewards. We then derive the expected number of
events given the Hawkes process parameters within a specific
time period and analyze the regret bound of the algorithm.

A. Problem Formulation

Given a spatial domain, we first divide it into a set of sub-
regions, where self-exciting events take place. We then divide
the time span 7' into several time intervals of length d¢. At the
round d, the MAB algorithm recommends a shortlist of sub-
regions to visit and the events that happen in the visited regions
are observed. We then consider the number of observed events
as the reward. We assume that the events in each subregion
are generated through an independent Hawkes process. Each
Hawkes process k is defined through its conditional intensity:

)\k(t) =V + Z Olke_ﬁk(t_ti)7

t>1t;
ti €Tk

(1

where 7 is the set of timestamps for events in arm k,
vy represents the background (Poisson) rate of spontaneous
events, o = 710k, Where 7 is the expected number of
offspring generated by one single event and [; determines
the time scale between parent and offspring events in the
branching process. We utilize the parametric Hawkes processes
because the model needs to be learned from only a few
events, given that data is unobserved until actions are taken
(preventing deep Hawkes processes from being utilized). In
our implementation of HpUCB, the Hawkes process parameters
are inferred through the maximum likelihood estimation a
quasi-Newton method .

We denote these Hawkes process parameters as 60, =
(v, g, Br). The reward of action k is then defined as the
number of events in round d, that is |7,%|. Each round lasts
for 6t. Our goal is to maximize the total reward over rounds,
i.e., the total number of observed events in the visited sub-
regions after a total of D rounds.

B. Theoretical Expected Number of Events

During each visit of the MAB Hawkes process, we observe
a set of self-exciting events. Based on the observed events, we
can estimate a set of Hawkes process parameters. For example,
in the round d, we visit the subregion k& and observe events
’Ecd. We then estimate the parameters based on T4, denoted
as 0¢ = (v, af, BE). Given the estimated parameters, we can
infer the expected number of events for the future and build an
upper confidence bound. The key ingredient of such a strategy
is the derivation of the theoretical closed-form expression for
the expected number of events for Hawkes processes.

In the work of [25], an elementary approach is introduced
to obtain moments of Hawkes processes and the intensity
of a number of marked Hawkes processes. Following the
framework in [25], we can obtain the expected number of

Thttps://github.com/omitakahiro/Hawkes



events for a Hawkes process accumulated up to any time ¢
given the parameter 6 as the following:

E[N(1)]6] =
{ t+ (aa” [exp{

vt + 5 Lyat?

ﬁ)t}—q a;«éﬂ}. )
a=f

For simplicity, we use 6 to represent the parameters esti-
mated at round d from region k (i.e., 0%). In the MAB setting,
we are more interested in the expected number of events during
the time period/rounds when we visit the sub-region instead
of an accumulation up to any given time. Given the estimated
parameter 6, the expected number of events during round d,
denoted as ¥(d)|6, can be calculated as:

W(d)|0 = B[N (5t x d) — N(5t x (d—1))]0] =
E[N(5t x d)] = E[N (5t x (d —1))|6] =
75”(5754— )Qexp{(a B)ot x d}| N 3)
exp{(a — )t} — 1] 78
v6 + sva(dt)*(2d + 1) a=4

C. Construction of Upper Confidence Bound on Future Ex-
pectation Number of Events

Suppose that after several rounds we have visited region
k non-consecutively with n; times and estimated nj sets
of parameters, i.e., Oy {617 = 1,2,---ny}. Using
Equation 3, for any given round d in the future, we can
calculate the expected number of events for each ¢} in ©.
We denote the estimate of the expected number of events
as U7 (d) = ¥(d)|6, where j = 1,--- ,ng. We can then
construct an upper confidence bound based on the estimation.

Given that the Poisson distribution can be approximated
with a Normal distribution when A is large, we approximate
U (d) with a normal distribution assuming that the number of
events in round d are sufficiently large.

Many UCB algorithms require the reward distribution to
be bounded for the guaranteed regret bound [26]. However,
the UCB-normal algorithm [27], only requires the reward
distribution to be a normal distribution. Since the number of
events in the Hawkes process cannot be bounded, UCB-normal
is a good choice for us to analyze the regret bound. Under the
assumption of i 1.(d) approximately following a normal distri-
bution, we can bu11d the upper confidence bound for 22 7.(d) at
round d following a similar form to UCB-normal, ‘Ilk(d) +
Z:ﬁl [‘I’i(d)] 2_"k [W(d)] 2+€ In(d-1)

Nk

nkfl

\/1677 where Wp(d) =
nlk Z”k W7 (d). Hyper-parameter 7 is used to adjust the
trade- off between the exploration and exploitation. A small
number of e can prevent the case when the first several rounds
have no events and the model stops exploring. The overall
Hawkes process MAB is given in Algorithm 1.

ITII. REGRET ANALYSIS OF HpUCB

In this section, we derive a regret bound for the HpUCB
model. To make the regret analysis tractable, we consider the
case where 7 is set to 1 and € is set to 0. Following the

Algorithm 1 Hawkes Processes Multi-armed Bandit Algo-
rithm (HpUCB)

Input K, n, € ‘

Output Hawkes process parameters 9%

1: ford=1,2,--- ;D do
2:  If there exists an arm that is played less then [8In(d)],
play the arm.

3 Otherwise play k = argmaxy Ur(d) +
2 — 2
SR W) i [ Tk(d)]| Fe€ -1
n*16 [ lk—l [ ] ;k )

4 np=mn;+1 _

5. Estimate Hawkes process parameter % based on ob-
served events 7. ‘

6:  Update Uy (d) = - Z;L’Cl Wi (d). ny =ng +1

7. Estimate Hawkes process parameter 93 based on ob-
served eventS’Td

8:  Update U (d) =

9: end for

e 20 W (d).

work of UCB-Normal in [27], we analyze the regret analysis
of HpUCB. One key difference is that the reward distribution
is assumed to be constant in UCB-Normal. However, in a
real-world application, the reward distribution is usually non-
stationary. Our main contribution is to show the regret analysis
of HpUCB when the rewards are generated through Hawkes
processes stochastically.

Firstly, the regret bound of HpUCB is based on two conjec-
tures which are verified numerically.

Conjecture 1: Given a Student random variable X with s
degrees of freedom, for all 0 < a < /2(s + 1),

P(X >a) ge_TZ. €]

Conjecture 2: Given a random variable X following a Chi-
squared distribution with s degrees of freedom,

(s+1)
2 .

P(X >4s) <e 5)

Such conjectures were proposed in [27], where the authors
stated that it can be only verified numerically:

Here, we show that an index-based policy called
UCB1-NORMAL ... However, our proof is based on
certain bounds on the tails of the 2 and the Student
distribution that we could only verify numerically.

We carefully examined the verification and included the results
in Appendix A.
We then define Qp(d) = >0,
— 2
\/ 16Qk(d)7::_[fk(d)] l”f:). The expected regret can be cal-
culated as the following:

(W] ()] and Ux(d) =




where Ay is the random variable that represents the action
at round d; Ag is the difference between the optimal action
and action k, that is, A{ = ¢?(k*) — ¢%(k). Note that ¢?(k)
is a function that returns the expected reward at region k at
round d and k* represents the optimal action. To bound the
regret, we take the maximal value of Ad across all the rounds
and denote it as A, = maxy Ak, where 0 < d < D. The
regret can then be bounded as follows:

<ZETk

where T}, (D) is the number of times arm ay, is played in the
first D trials. Our goal is now to bound E[T}(D)]. We start
with the initialization process in which we play all the arms
one time and the bound can be further loosed by assuming
that the arm aj, has been played [ times:

Aka (7)

< 1+ Z Ad—k
d=K+1
b (8)
I+ Y HAg=k Ti(d-1)>1}.

d=K+1
After the initialization, we select the arm with a higher upper

confidence bound. In specific, the event A; = k means that at
the previous time step, the upper confidence bound of action
k was greater than that of the optimal one k*:

)<+ Z {\I/k* —1) 4 Upe(d—1) <

d=K+1 ©)
Up(d—1) +Up(d—1),Ti(d—1) > 1
where ny« in Ug=(d—1) is T« (d—1) and ny, in Ux(d—1) is

Ti(d —1). Following the Equation 9, the regret bound can be
loosed by the fact that the minimum of the upper bounds of
the optimal arm for 0 < s < d must be less than the maximum
of the upper bounds on the arm % for [ < b < d.

D
Ti(D) <1+ Y 1{ orggd\lfk*(S)JrUs(d—l) <
d=K+1
lI%leE(d Uy (b) + Ub(d — 1)},
(10)

where n in Ug(d — 1) is Ts(d — 1) and nyp in Up(d — 1) is
Ty(d — 1). Since the particular indices for which they occur
are unknown, we consider all possible pairs of indices to loose
this bound further.

d—1d—1
N+ 3D P (s)+
d b=l

—1 s=

s—1 (11)
Us(d) < T (b) + Ui(d) }).
To make sure the event Wy (s) + Us(d) < W (b) + Uy(d)

happens, one of the following three must also occur: (1.)
Ui (5) + Us(d) < ¢ (K); (2) Wi (b) = ¢" (k) + Up(d); and

(3. ¢*(k*) < ¢"(k) + 2U(d).

We can loosen the bound through a union of three events.

b) = ¢ (k) + Up(d) |+

(12)
T (b) —q" (k)
Qe (b)—ny, [ﬁ(b)} :

np(np—1)
has a Student distribution with ny — 1 degrees of freedom.

Given conjecture 1, we bound the probability by letting s =

ng — 1 and a = 44/In(d):

It is shown in [27] that the random variable

P({\Tk(b) > ¢ (k) + Ub(d)})
P({ Uy (b) — ¢"(k)

— 2
Qi () —ny [T (0)]

ny(np—1)

for ng > 8In(d). We can then bound {Tw(s) + Us(d) <
q‘(k*)} through a similar fashion. It is also shown in [27] that

— 2
the random variable w follows a chi-squared
d1str1but10n with ng — 1 degree of freedom. Note that here
Jk is the variance of the estimation at round b. By letting
s =ns — 1 and a = 4s in Conjecture 2 with s = ng — 1 and
a = 4s, we have

P({a* (k) < ¢ () + 20(a) }) =

Qr(b) — ny [Py,
7 [oh]? > (m = D) 641n(d)
< P({Q’“(b) b LZA0) T nh e <at,
[o}]?
. (14)
as long as b > max{256W, 8}ln(d). This

means that as long as we play for no less than [ =
b2

[max{256w,8}ln(dﬂ times, we can guarantee

that E[Ty(D)] in Equation 12 can be bounded as the follow-

ing:

(%) d d [e%)
E[T, +ZZZ3d*4:Z+ZSd*2
=1 s=1 b=l d=1
W’ ™ _ (15)
<1+ 256 —<
[ *(k 2

Uk:
2
Ak
where 6, =

q°(k*)

[0
S (2)] In(D) + 8In(D) +

2561(D) 3 + (1+ 5+ 8in(D))

maxy[0?]2,1 < b < D and A, =

ming | —q¢"(k)] , 1 < s,b < D. Given the Equation



7 and Equation 15, the regret bound of HpUCB takes the
following form:

K K ~
E[R(D)] <Y E[TW(D)]A, <> [256 1n(D)g’2; Ap+
k=1 k=1 k

2 ~
(1+ 5+ 8In(D)) Ay,

(16)
where 6 can be seen as the estimation variance for arm
k (i.e., %) and Ak is the maximal difference between the
optimal arm and the arm k in all rounds. In UCB-Normal, the
mean and standard deviation of the reward distribution remain
constant across the rounds. In the setting of Hawkes Processes
MAB problem, these properties are dynamic. In specific, the
expectation and standard deviation vary at each round. In
our regret analysis, we show that the regret can be bounded
by O(KIn(d)) under the assumption that the estimation of
the expected number of events at round d follows a normal
distribution. In our regret analysis, we connect the regret with
the precision of the Hawkes process estimation instead of the
Hawkes process parameters. In specific, the regret depends
on the variance of the estimation (i.e., ;) and the difference
between the optimal arm and the arm k (i.e., Ak). The larger
the variance is, or the less precise the estimation is, the larger
the regret bound grows. This also suggests that as long as we
can precisely infer the Hawkes processes, we can minimize the
regret by exploiting the best choice. Another factor to govern
the regret is Ay, the difference between the optimal action
and action k. The smaller Ak is, which means it is harder to
differentiate the optimal arm from the others, the larger the
regret bound will become.

IV. EXPERIMENTS
A. Baseline Methods

We compare our model HpUCB with several Multi-armed
Bandit baselines that are tailored to handle non-stationary
reward distributions. The source code and dataset are included
in a anonymous repository > for reproducibility. We start with
algorithms that update the reward observation with exponential
weights, exp3, and its variation exp3S [28]. The name exp3
stands for “Exponential-weight algorithm for Exploration and
Exploitation.” Essentially, this type of algorithm tracks a
weighted list of estimators. The arms are then randomly
selected as a function of their weight. After the rewards are
received, the weights are updated with respect to the observed
value of the payoff. The standard UCB algorithm UCB1 [27]
has also been extended to non-stationary settings. In the work
of [29], discounted UCB dUCB and sliding-window UCB
s11deUCB are proposed to deal with changes in the distribution
over time. In the dUCB algorithm, the contribution of each
observation to the mean and upper bound estimates decays
exponentially in time. In the related s1ideUCB algorithm, a
local empirical average of the observed rewards in used to
select arms. In more recent work, the monitored-UCB mUCB

Zhttps://anonymous.4open.science/r/HawkesMAB-43CB/

algorithm was proposed in [23], which introduces a change-
point detection component into a classic Upper Confidence
Bound (UCB) algorithm. Once the change-point of the reward
distribution is detected, mUCB resets and learns the new optimal
arm.

B. Datasets

1) Temporal Synthetic Data (Dspy):: We first test our
methodology on a synthetic Hawkes process dataset generated
through thinning [30]. We denote this dataset as Dgyy. In total,
we simulate 40 nodes of independent Hawkes Processes with
similar properties (e.g. similar background rates and triggering
kernels). We sample the background rate g uniformly from
the range 0.023 to 0.025 across the 40 nodes, the branching
parameter r from the range 0.80 to 0.85, and the decay rate
B from the range 0.005 to 0.009. In the experiments, we
only observe events that happen in the timeframe when we
play the arm and only the observed events are considered as
rewards. Otherwise, the events are unobserved. The idea of
simulating Hawkes processes with similar parameters is to
make sure one or several arms do not dominate the others
and make estimation trivial. Given the similar parameters,
each process has a comparable expected number of events
against the others. Such a characteristic makes it difficult
for the optimal arm to be identified by standard, stationary
MAB algorithms. However, events cluster in different arms at
different points in time in this example, which non-stationary
MABs can take advantage. We use this example to test our
model’s ability to track the fluctuation of event numbers and
switch between arms to get optimal performance.

2) Records of Earthquakes (Dgagw):: In the next example,
we use a dataset consisting of the spatial and temporal records
of worldwide earthquakes from the United States Geological
Survey [31] from 1990 to present which has magnitude above
zero. We first categorize these events into subregions and then
we consider each subregion as an arm. One way to categorize
each earthquake record into different subregions is clustering
based on its geolocation. We apply a k-nearest neighbors
algorithm to the earthquake dataset and categorize them into
200 subregions, and we retain 40 subregions with the most
earthquake events. We denote the dataset as Dgarw-

3) Records of Earthquakes in Alaska and California
(DEgaca):: To validate our model on a dataset that has a more
fine-grained scale, we also test the model on the subset of
records from Alaska and California, states that are situated
between the Pacific and North American Plates and are the
most earthquake-prone areas in the U.S. We map each earth-
quake record to the closest county or county equivalent. Since
most of the earthquakes happen in the coastal areas, we only
keep the top-18 subregions with the most earthquake records.
The pruned dataset is then denoted as Dgaca.

4) Records of Crime Incidents (Dyay):: We apply the
Hawkes MAB to crime incident reports, which also exhibit
space-time clustering. We collect crime reports from the
Vancouver Open Data Catalogue 3. These crime types include

3http://data.vancouver.ca/datacatalogue/crime-data.htm



theft, break and enter, assault, robbery, arson, etc. In this
dataset, the events are separated into 24 subregions/beats
by the local police department. We then remove the top-2
subregions with the most crimes, which have substantially
more reports compared to other subregions by a large margin.
We remove these two subregions since they can be easily
learned by MAB algorithms. Therefore, the algorithms may
result in similar performances. The dataset is then denoted as
Dyan.

5) Records of Crime Activities in Los Angeles (Dya)::
We also test the algorithms on crime report data from Los
Angeles *, containing incidents of crime in the City of Los
Angeles dating back to 2010. The events are categorized into
21 divisions. We also removed the top-2 subregions with the
most crimes. We then denote this dataset as Dy a.

C. Reward Performances

In the simulation dataset, we separate the time horizon
into 2000 rounds and 350 of them are used to tune the
hyperparameters for all the models. In the real-world datasets,
we separate the time horizon into 500 rounds, and 150 of
them are used in searching the hyper-parameters. For each
model, we repeat the multi-armed bandit process for 50 times
with different regions to start, and we report the average
performance. Experimental results on the earthquake event
data from Alaska and California and the crime report data
in Los Angeles are presented in the supplementary material
due to the page limit of the manuscript.

In table I, table II and table III, we present the performances
of all models in various datasets. We evaluate performance
through accumulated rewards. Each round, we visit 1, 3, and
5 regions and record the rewards, respectively. We then denote
the metrics as rewd @1, rewd @3, and rewd @5. Overall,
the proposed method HpUCB consistently outperforms all the
other baseline methods in all rewd @1, rewd @3, and rewd
@5. The only exceptions are rewd @1 in the dataset. In
this exception, our model HpUCB maintains a competitive
performance compared to the best model UCB1. It could
be because in this dataset, the best region has a lot more
events of interest than the others, and the event occurrence
remains at a constant rate throughout time. Therefore, the
simple stationary model UCB1 can easily find the best choice.
However, our model HpUCB can also learn stationary arms
via the background rate component in the Hawkes process.
When the Hawkes MAB is used in situations where the top
arm changes dynamically, by having more events (i.e., rewd
@3, and rewd @5), the advantage of HpUCB starts to show.
That is, the improvements in performance against the baseline
methods start to increase as we visit more regions each time.
This trend can be observed across all the datasets. In general,
the experiments show that HpUCB performs well on both the
simulated and the real-world datasets. Given the nature of self-
exciting properties in criminal activities and earthquakes, the
proposed model HpUCB can leverage the temporal information
between the events and make good choices for future actions.

“https://www.kaggle.com/cityof LA/crime-in-los-angeles

In Figure 2 and 3, we show the cumulative rewards for
all models from Dgarw and Dgaca. In Figure 2 and 3, our
model HpUCB learns the optimal arm in the first 200 rounds
and consistently chooses the optimal ones. Selection strategies,
such as exp3 and exp3S do not perform well in general.
One possible explanation is that the probability of sampling
the arms grows exponentially based on the rewards. As the
rewards grow larger, the probability for multiple competitive
arms to be sampled may be saturated. Thus, the algorithms
may fail to distinguish those arms. Overall, mUCB and UCB1
are competitive algorithms when the number of the pulled
arms is small. Our model, HpUCB, has better performance
when multiple competing arms with different event spikes are
present.

V. CONCLUSION

In this paper, we extended Multi-armed Bandits (MAB) to
the problem of learning and ranking a set of Hawkes processes
when the self-excited events are unobserved until an action is
taken. We used the theoretical closed-form expression for the
expected number of events of a Hawkes process to estimate
future rewards in the MAB problem setting. Following that,
we constructed an upper confidence bound as a criterion
to pull the arms optimistically. By fusing the self-exciting
Hawkes process and Multi-armed bandit framework together,
we created a novel Hawkes MAB algorithm that optimizes
the tradeoff between exploring regions where Hawkes pro-
cess events are unobserved and exploiting regions where the
Hawkes processes are already learned.

We investigate the factors that affect regret through a regret
bound analysis, under an assumption of normality. The regret
is bounded by O(KIn(d)) and it is proportional to the Hawkes
counting process variance. The model shows promising results
for a simulated dataset in which all arms have similar Hawks
process parameters but different temporal clustering patterns.
This shows that HpUCB can switch between the arms effec-
tively. The performance on crime report and earthquake data
demonstrates how our proposed model can be applied to real
data, especially when events are self-exciting.
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APPENDIX

In Fig. 4 and 5, we show the numerical results to verify
the conjectures proposed in [27]. These conjectures provide

certain bounds on the tails of the ¥? and the Student’s t-
distribution. In Figure 4, we show that given a Student’s t-
distribution with the degree of freedg)m s, the tail probability
of P(X > a) is bounded by e~ as long as 0 < a <
v/2(s + 1). We show that the conjecture holds under different
scenarios ( i.e., s = 5,10,50,100 ). Given the cumulative
distribution function of a Student’s t-distribution F,(a), we
plug in all different a and get P(X > a) = 1 — F,(a).
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Fig. 4. Numerical verification for conjecture 1. Given a Student random
variable X with s degrees of freedom, for all 0 < a < /2(s + 1), P(X >
2

a) <e T.
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Fig. 5. Numerical verification for conjecture 2. Given a random variable

X following a Chi-squared distribution with s degrees of freedom, P(X >
(s+1)
4s) <e” 2z .

Cg)mparing it with e*%, we can find out the P(X > a) <
e~ T . This holds for all s. In Figure 5, we show that the tail
probability of a Chi-squared distribution P(X > 4s) can be
bounded by e~ 5" This can be simply verified by plugging
different s into the cumulative distribution function of the Chi-
squared distribution.



