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Abstract

In a wide variety of applications, humans interact with a complex environment
by means of asynchronous stochastic discrete events in continuous time. Can we
design online interventions that will help humans achieve certain goals in such asyn-
chronous setting? In this paper, we address the above problem from the perspective
of deep reinforcement learning of marked temporal point processes, where both
the actions taken by an agent and the feedback it receives from the environment
are asynchronous stochastic discrete events characterized using marked temporal
point processes. In doing so, we define the agent’s policy using the intensity and
mark distribution of the corresponding process and then derive a flexible policy
gradient method, which embeds the agent’s actions and the feedback it receives
into real-valued vectors using deep recurrent neural networks. Our method does not
make any assumptions on the functional form of the intensity and mark distribution
of the feedback and it allows for arbitrarily complex reward functions. We apply
our methodology to two different applications in personalized teaching and viral
marketing and, using data gathered from Duolingo and Twitter, we show that it
may be able to find interventions to help learners and marketers achieve their goals
more effectively than alternatives.

1 Introduction

In recent years, the framework of marked temporal point processes (MTPPs) [1] has become in-
creasingly popular for modeling asynchronous event data in continuous time, which is ubiquitous
in a wide range of application domains, from social and information networks to finance or health
informatics. For example, in social and information networks, events may represent users’ posts,
clicks or likes; in finance, they may represent buying and selling orders; or, in health informatics,
they may represent when a patient exhibits different symptoms or receives treatment. In most cases,
the development of a new model reduces to the problem of designing an appropriate functional form
for the conditional intensity (or intensities) of the events of interest as well as the distribution of the
corresponding mark(s).

In this context, a recent line of work [[13| 27, 29, 30, 133} 134] has exploited an alternative view
of MTPPs as stochastic differential equations (SDEs) with jumps [[10] to design online, adaptive
interventions using stochastic optimal control. While this line of work has shown promise at enhancing
the functioning of social and information systems, their wide spread use and deployment is precluded
mainly by two drawbacks. First, they make strong assumptions about the functional form of the
conditional intensities and mark distributions of the MTPPs, which in turn prevent them from using
state of the art MTPP models based on deep learning [5, (11} [17]. Second, the objective functions that
the interventions optimize upon, need to be carefully chosen to ensure that the underlying stochastic
optimal control problem remains tractable. As a consequence, the use of (more) meaningful objective
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Figure 1: Reinforcement learning setups. In the traditional discrete time setting [26], actions and
feedback occur in discrete time; in the continuous time setting [4], actions and feedback are real
value functions in continuous time; and, in the marked temporal point process setting (our work),
actions and feedback are asynchronous events localized in continuous time.

functions with clear semantics is often off limits. In our work, we overcome these drawbacks by
approaching the problem from the perspective of deep reinforcement learning of MTPPs.

More specifically, we first introduce a novel reinforcement learning problem where both the actions
taken by an agent and the feedback it receives from its environment are asynchronous stochastic
events in continuous time, which are characterized using MTPPs. Here, the goal is finding the
optimal intensity and mark distribution for the agent’s actions—the optimal policy—that maximize
an arbitrary reward function, which may depend on its actions and the feedback. Then, we derive
a novel policy gradient method, specially designed to solve the above problem, which embeds the
agent’s actions and the feedback from the environment into real-valued vectors using deep recurrent
neural networks (RNNs). In contrast with the literature on stochastic optimal control of SDEs with
jumps, our method does not make any assumptions on the functional form of the conditional intensity
(or intensities) and mark distribution(s) characterizing the feedback, and it allows for arbitrarily
complex reward functions. Moreover, it departs from previous work in the reinforcement learning
literature [4) 16} 18} 9} 115, 120} 261 128} [31]] in two key aspects, which are also illustrated in Figurem

I. The agent’s actions and environment’s feedback are asynchronous stochastic events in conti-
nuous time. In contrast, previous work has considered synchronous actions and (potentially
delayed) feedback in discrete time [6} [15} 20} 31]], with few notable exceptions [4!, (9} 28]
While these exceptions considered continuous time, they assumed actions and feedback to
be continuous and deterministic and the dynamics of the environment to be known

II. Our policy is a conditional intensity function (and a mark distribution), which is used to

sample the times (and marks) of the agent’s actions. Here, note that a sampled agent’s action
may need to be resampled due to the occurrence of new feedback events before the sampled
time. In contrast, previous works considered the policy to be a probability distribution or,
more rarely, a deterministic function [4, 9} 28]].

Finally, we apply our methodology to two different applications in personalized teaching [[14, 22 [27]
and viral marketing [12, 25| 29, 33| 34], respectively. For simple dynamics and objective fun-
ctions, which allow for stochastic optimal control approaches, our method achieves a comparable
performance even though it does not have access to the true underlying dynamics. For complex
dynamics and/or objective functions, which do not allow for stochastic optimal control approaches, our
method is able to successfully find interventions that optimize the corresponding objective function
and beat several competitive baselines. To facilitate research in temporal point processes within the
reinforcement learning community at large, we are releasing an open-source implementation of our
method in TensorFlow as well as synthetic and real-world data used in our experiments

2 Problem formulation

In this section, we first briefly revisit the theoretical framework of marked temporal point processes [[1]
and then use it to formally define our novel reinforcement learning problem, where an agent interacts
with a complex environment by means of asynchronous stochastic discrete events in continuous time.

1Our setting should not be confused with the asynchronous setting of Mnih et al. [20], where the gradient descent is asynchronous but the
action/observations are synchronous and the system evolves at discrete time steps.

2https ://github.com/Networks-Learning/tpprl
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Marked temporal point processes. A marked temporal point process (MTPP) is a random process
whose realization consists of an ordered sequence of events localized in time, i.e.,

H = {60 = (to,Zo),el = (tl,Zl), N (tn,Zn)},

where ¢t; € RT is the time of occurrence of event 7 € Z and z; € Z is the associated mark. The
actual meaning of the events varies across applications, e.g. in social networks, t; may represent
the time when a message is posted, clicked or liked, z; may represent the type of interaction, the
message content, or its polarity, and the domain of the marks Z is application dependent. Here,
we characterize the event times of a MTPP using a conditional intensity function \*(¢), which
is the probability of observing an event in the time window [¢,¢ + dt) given the events history
Hy = {ei = (ti,Zi) eH | t; < t}, ie.,

A*(t) :=P{eventin [t,t + dt) | H.}, (D)

where the sign * means that the intensity may depend on the history ;. Moreover, we characterize
the marks of the events using a distribution m(z | H;) = m*(z), which is the probability that mark z
is selected, if an event has occurred at time ¢. Then, we can compute the likelihood of a history of
events A C Hr as:

Prob. of no actions at t € [0,T']\{¢; }

Prob. of an action at t;

P(A7r) = | [] A (t;) m*(z;) exp (- /0 X‘(s)ds) . 2)

e €Ap Prob. of mark z;

In the remainder of the paper, whenever an intensity function and mark distribution are parametrized
by 6, we write A;(-), m}(-), Pg(Ar), and, for notational simplicity, use p;; = (A}, m}) as a short-
hand to denote the joint probability density of the MTPP. Recent literature [5,8}112} 113}, [17,/30L133] has
established that MTPPs outperform other models (e.g., exponential law) in their ability to accurately
predict online and off-line human actions.

Reinforcement learning of marked temporal point processes. Assume there is an agent who takes
actions in a complex environment and the environment also provides feedback to the agent over time.
Moreover, both the actions and the feedback are asynchronous stochastic events localized in time and
thus we characterize them using marked temporal point processes (MTPPs), i.e.,

— Action events: A = {e; = (t;,y:)}, where (t;,y;) ~ ply.g = (A5, m5)
— Feedback events: F = {f; = (t;, zi) }, where (t;, zi) ~ pFr., = (A, m})

In the above characterization, we allow the joint probability densities p’y ., and p. , to depend on
the joint history of events H; := A; U F;. Finally, after a cuz-off time T, we assume that the agent
receives an arbitrary (stochastic) reward R*(7T'), which may depend on the agent’s actions .47 and
the environment’s feedback Fr.

Given the above problem setting, we can formally define our reinforcement learning (RL) problem
for marked temporal point processes as follows:

Problem definition. Given an agent with py ., = (A\j,my), an environment with p%., = (A}, m})
and an arbitrary stochastic reward R*(T), the goal is to find the optimal action intensity and mark
distribution—the optimal policy—that maximize the expected reward. Formally,

maximize EATNPZ_Q(.)JTNP;_ ) [R*(T)], &)
ij;Q(') ! i®
where the expectation is taken over all possible realizations of the marked temporal point processes
associated to the agent’s action events and the environment’s feedback events. In the remainder of
the paper, we will denote the optimal policy using 7 (0) = argmax. () E[R*(T)).

Note that the above definition departs from previous work on reinforcement learning [4, 16} [9} [15] |20}
26, 28, 131]] in several ways. First, the agent’s actions and environment’s feedback are asynchronous
stochastic events in continuous time. Moreover, note that the agent may receive feedback from the
environment asynchronously at any time, not only after each of its actions. This is in contrast with
previous work in the literature, which has only considered synchronous actions (and potentially
delayed) feedback in discrete time (or, in some cases, continuous actions and feedback), as illustrated
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Figure 2: Reinforcement learning (RL) of of marked temporal point processes (MTPPs). Panel
(a) shows the type of data and representation used in RL of MTPPs. Panel (b) shows the policy
parametrization used by our policy gradient method.

in Figure 1. Second, our policy is defined by a conditional intensity function (and a mark distribution),
which is used to sample the times (and marks) of the agent’s actions. Here, note that a sampled agent’s
action may need to be resampled due to the occurrence of new feedback events before the sampled
time. In contrast, previous work has used probability distributions (or, in some cases, deterministic
functions) as policies.

Remarkably, the above problem definition naturally fits numerous problems in a wide variety of
application domains, particularly in the context of social and information online systems. For example,
in personalized teaching in online learning platforms, the platform that shows content items to learners
is the agent, the platform takes an action when it shows an item to a learner, the learners are the
environment, and the probability that the learner recalls an item defines the reward. In viral marketing
in social networks, a user who aims to increase the visibility of her posts is the agent, the user takes
an action when she posts a message, her followers’ feeds form the environment and the visibility (or
attention) she receives defines the reward. In all these cases, the environment distribution p*f; » May
be highly complex and thus our policy gradient method will only assume that it can sample from
p}; e In other words, the environment distribution will be considered a black box.

3 Proposed policy gradient method

In this section, we tackle the reinforcement learning problem defined by Eq. 3 using a novel policy
gradient method for marked temporal point processes. More specifically, we first leverage recurrent
neural networks (RNNs) to parametrize the policy p’y., and then use stochastic gradient descent

(SGD) to find the policy parameters  that maximizes the expected reward E [R*].

Policy parametrization. In many application domains, at any time ¢, the (optimal) policy p7 , that
maximizes the reward may depend on the previous history of the action events and the feedback
events, H; = A;UF;, in an unknown and complex way. To capture such dependence, we parametrize
the policy p’y ., using a recurrent neural network (RNN), where we embed both the actions events and
the feedback events into real-valued vectors h, similarly as in several recent state of the art MTPP
deep learning models [5, 11, 177. Next, we elaborate further on our architecture*, which we also
summarize in Figure 2, and then discuss how to efficiently sample action events from the (optimal)
policy.

— Input layer. After the i-th event occurs, be it an action event or a feedback event, the input
layer converts the associated information, i.e., the time ¢;, the marker z; (or y;), and the type of
event e; € {0, 1}, where e; = 0 denotes action and e; = 1 denotes feedback, into compact vectors.
Specifically, it computes:

= Wy(ti —ti—1) + by, Y =Wyy; + by ife; =0
b, = Wa(l — ei) + eri + by, zi=W_,zi+b, ife; =1

3Notf: that previous MTPP deep learning models aims to provide event predictions. This is contrast with the current work, which aims to
provide optimal event interventions.

4Depencling on the application domains, action events or feedback events may not contain marks and, thus, the architecture may be slightly
simpler.
























