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Abstract

We consider a sequential decision making problem where the
agent faces the environment characterized by the stochastic
discrete events and seeks an optimal intervention policy such
that its long-term reward is maximized. This problem exists
ubiquitously in social media, finance and health informatics
but is rarely investigated by the conventional research in re-
inforcement learning. To this end, we present a novel frame-
work of the model-based reinforcement learning where the
agent’s actions and observations are asynchronous stochas-
tic discrete events occurring in continuous-time. We model
the dynamics of the environment by Hawkes process with ex-
ternal intervention control term and develop an algorithm to
embed such process in the Bellman equation which guides
the direction of the value gradient. We demonstrate the supe-
riority of our method in both synthetic simulator and real-data
experiments.

Introduction
The last several years have witnessed the great success of re-
inforcement learning (RL) including the video game playing
(Mnih et al. 2015), robot manipulation (Gu et al. 2017), au-
tonomous driving (Shalev-Shwartz, Shammah, and Shashua
2016) and many others (Lazic et al. 2018; Dalal, Gilboa, and
Mannor 2016). Most of them focus on the problem where
the system of interest evolves continuously with time, e.g., a
trajectory of a robot arm.

However, the conventional research in RL may omit a cat-
egory of system that evolves continuously and may be in-
terrupted by stochastic events abruptly ( See the jumps at
t1, t2, t3 in Figure 1). Such system exists ubiquitously in the
social and information science and therefore necessitates the
research of reinforcement learning in these domains to ex-
tend its applicability in the real-world problems (Farajtabar
et al. 2017; Wang et al. 2018), in which the agent seeks
an optimal intervention policy so as to improve the future
course of events. Concrete examples may include:
• Social media. Social media website allows users to create

and share content. Retweet can form as users resharing
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and broadcasting others’ tweet to their friends and follow-
ers. Such stochastic events would steer the behaviors of
other tweet users (Rizoiu et al. 2017); the platform (agent)
may want to seek a policy to effectively mitigate the fake
news by optimizing the performance of real news propa-
gation over the network (Farajtabar et al. 2017).

• Medical events. The stream of medical events would in-
clude the blood test, diagnosis, treatment and so on. To
cure the patients, a doctor (the agent) often seeks the opti-
mal treatments based on the clinical conditions.
In the above problems, given the observed trajectories of

the event sequences in continuous-time, the agent can im-
pose the intervention on the environment to maximize the
long term reward. For instance, the platform can post the
valid news in the social media to steer the spontaneous user
mitigation activities of fake news. In the RL context, the ac-
tion is to post valid news and the observation is the users’
following behaviors such as retweet while the reward can be
quantified by event exposure counts. However, the following
characteristics of event sequences bring new challenges:
1. The inter-event time intervals are not constant while con-

ventional RL considers the synchronized action and ob-
servations. For instance, the healthy patient with less se-
vere symptoms would visit doctors occasionally, while
the unhealthy patients receive the test and treatment more
frequently. Thus it is crucial to predict both which events
are likely to happen next and when they will happen. Di-
rectly adapting conventional RL algorithm to its Semi-
MDP (SMDP) version can not address this issue well (see
our ablation study in Appendix. )

2. How to describe the dynamics of an abrupt event if the
agent imposes intervention? Note that these events may
help cause or prevent future events in a complex mecha-
nism, e.g., in Figure 1, the platform posts the valid news
to steer the spontaneous user activities. In general, the
valid news and fake news can inhibit each other. Specif-
ically, the dynamic system characterized by continuous
trajectories will be abruptly changed by discrete events.
However, the dynamic models of most model-based RL
methods are continuous without endogenous jumps (e.g.,
the jump corresponding to the spontaneous user activi-
ties), and therefore are not suitable for learning the con-
tinuous and discrete dynamics of such hybrid system.
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To this end, we propose a novel model-based reinforce-
ment learning, where the agent seeks the long term reward
by imposing the interventions (event) on this hybrid system.
In our setting, both the actions taken by the agent and the ob-
servations from the environment are asynchronous stochas-
tic event in continuous time. To describe the dynamics of the
environment, we adapt Neural Hawkes Process (Zhang et al.
2020; Zuo et al. 2020; Mei and Eisner 2017) to the case with
exogenous Interventions (i.e., the actions in RL) and name
it NHPI for short. Instead of discretizing time into fixed-
width intervals in conventional RL, we treat timestamps as
random variables. The latent representations of NHPI im-
plicitly describe when and which type of event will happen
in the future by learning the intensity function λ. We em-
bed the latent space of the learned dynamic model into the
Bellman equation and derive a stochastic value gradient al-
gorithm in the semi-Markov decision process to cope with
the challenge of irregular timestamps.

It is known that Hawkes process can be reformulated as
stochastic differential equations (SDEs) with endogenous
jumps caused by stochastic events inside the environment
itself. The dynamic model of most traditional model-based
RL methods can be described by SDEs or ODEs without en-
dogenous jumps (if we adapt them in the continuous-time
setting). Thus, it reveals the intrinsic difference between our
approach and the previous model-based RL methods, which
is evidenced by the experimental results showing that our al-
gorithm outperforms model-free and model-based RL base-
lines with a notable margin by considering the discontinuity
nature of the jumps. We discuss the connections to ODE ap-
proach and world model (Hafner et al. 2019a) thoroughly in
Appendix.

Contributions: We propose a model-based RL algorithm
to solve the problem that can evolve both continuously and
can be interrupted by the stochastic event abruptly. Our
method captures the jump and the irregular time-interval
property in the systems and extends the applicability of
RL in the area of social media, medical events and many
others. Empirically, we demonstrate that our method sur-
passes the performances of other state-of-the-art model-free
and model-based RL algorithms. We release our code at
https://github.com/WilliamBUG/Event driven rl/tree/main

Related Work
Temporal point processes are prevalent in modeling the se-
quences of events happening at irregular intervals and have
wide applications in e-commerce systems, social media, and
traffic prediction (Hawkes and Oakes 1974; Daley and Vere-
Jones 2007). Recent works combine temporal point process
with deep learning and design algorithms to learn complex
behavior from real-world data (Mei and Eisner 2017; Du
et al. 2016; Zuo et al. 2020; Zhang et al. 2020; Xue et al.
2021, 2022). However, these works just focus on the predic-
tion problem rather than the control problem, i.e., the agent
does not make any decision to impose the intervention on
the environment. The only exceptions are (Wang et al. 2018;
Zarezade et al. 2017; Upadhyay, De, and Gomez-Rodriguez
2018; Farajtabar et al. 2017). The problem is formulated
into SDEs in (Wang et al. 2018; Zarezade et al. 2017) and

solved with the optimal control theory. However they as-
sume that the dynamic are known, which is not applica-
ble in most real-world problems. TPPRL proposes a modi-
fied version of REINFORCE algorithm (Upadhyay, De, and
Gomez-Rodriguez 2018). In general, such simple model-
free algorithm suffers from high sample-complexity. The au-
thors in (Farajtabar et al. 2017) use linear least square tem-
poral difference (LSTD) learning to learn a policy to miti-
gate the fake news over the social media. However, it can
only apply to simple problem due to the limitation of LSTD.
Our work builds a flexible model to describe the underly-
ing dynamics of the event stream intervened with the action,
and then we propose a sample-efficient model-based RL al-
gorithm where the agent seeks the optimal policy to achieve
some desired states and to maximize the long-term reward.

There are a few works in literature on the Semi-MDPs and
the continuous-time reinforcement learning (Munos 2006;
Bradtke and Duff 1995), which are natural formalism for the
problem with irregular time intervals. However, these works
are generally model-free algorithm and have low sample ef-
ficiency. The problem in social science is partially observ-
able in the real-world, which made RNN and its variants
popular to summarize the long-term dependencies and de-
scribe the belief states in RL (Oh et al. 2015). In model-
based approaches (Ha and Schmidhuber 2018; Hafner et al.
2019a,b), a world model is often learned from the past expe-
rience and generates new imaginary data to feed the agent.
These algorithms also have downsides, i.e., they generally
discretize the time evenly. The authors in (Du, Futoma, and
Doshi-Velez 2020; Yıldız, Heinonen, and Lähdesmäki 2021)
use neural ODE to create the world model and hence can
cope with the continuous-time setting. However their work
can not handle the hybrid dynamic with jumps and therefore
their empirical results focus on the Openai gym (e.g., swim-
mer) (Brockman et al. 2016). As shown in Appendix, our
model can be thought of as SDEs with jumps. To the best of
our knowledge, none work mentioned above (except ours)
considers the dynamics with jumps sparked by the event,
which is essential in modeling real-world problems, since
such jump term related to the counting measure reflects the
nature in the social science, epidemic process and many oth-
ers (Cox and Isham 1980; Rasmussen 2018). In our exper-
imental result, we also demonstrate our algorithm outper-
forms the state of the arts.

Preliminary
As we discussed in the introduction, we need to properly
handle the problem with irregular time interval which is
caused by the abrupt event. To this end, we introduce tem-
poral point process and the Semi-MDPs, which are building
blocks of our work.

Temporal Point Process: A temporal point process
(TPP) is a random process whose realization consists of a list
of discrete events localized in time T = {t1, ..., tN}, where
ti < ti+1 (Daley and Vere-Jones 2007). The marked tem-
poral point process is a stochastic process whose realization
consists not only the event time but also event type k ∈ K,
where K := {1, ...,K}. Let Es = {(ti, ki)}Li=1 be an event
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Intensities
for User B

Figure 1: The figure in the left panel illustrates the fake new mitigation problem. The user B may follow the fake news from
user A and spread it to others. The moderator may expose valid news to user B to incentivize more spontaneous mitigation
events (e.g., valid news at t3). The right panel is the corresponding intensity function of valid news and the fake news modeled
by the Neural Hawkes Process with intervention. The probability that an event occurs in the infinitesimal interval [t, t + dt] is
determined by intensity times dt (i.e., λi(t)dt) as that in TPP. Events of valid news and fake news inhibit each other. When events
occur at time t1, t2, t3, there are immediate effects (the sudden jumps) and long-term effects (decay with time) in intensity. In
addition, the agent has two types of actions to intervene in the event stream: red action to inhibit fake news event and blue
one to excite valid news event, which cause instant effects on the intensity of events. In our setting, the agent takes actions at
timestamp ti or with a small delay (see the section of problem setup ).

sequence with length L, where ki is the i-th event of the se-
quence Es and ti is the timestamp of the i-th event. Then
the history is defined as Ht := {(ti, ki)|ti < t, ki ∈ K}.
In practice, ki can represent the messages posted in the so-
cial media, or the treatment given by the doctor while ti
is the corresponding occurring time of such event. We use
λk(t) to represent the rate of an event with type k and de-
note λ(t) =

∑K
k=1 λk(t) as the total intensity of all events.

Hawkes process captures the interactions between different
types of event, in which past events conspire to raise the in-
tensity of each type of event (Hawkes and Oakes 1974). In
particular, the intensity with type k is modeled as:λk(t) =
µk +

∑
h:th<t βkh,k exp(−ζ(t − th)) where µk is the base

intensity of event type k, βj,k ≥ 0 is the degree to which an
event of type j excites type k, and ζ > 0 is the decay rate of
that excitation. Random sequence can be generated from the
model by the thinning algorithm (Lewis and Shedler 1979).
Recent works (Mei and Eisner 2017; Zuo et al. 2020; Zhang
et al. 2020) combine the progress in deep learning to en-
hance the capacity of this process, e.g., using RNN or trans-
former to approximate the intensity function and can predict
online and off-line human actions accurately in social media.

Semi-MDPs: A semi-Markov decision process (SMDP)
is a tuple (S,A, P,R, T , F, ρ), where S is the state space,A
is the action space, T is a transition time space,P is the tran-
sition probability, and e−ρ is the discount factor with ρ >
0 (Bradtke and Duff 1995). A Semi-Markov process evolves
as follows. The next state s′ is chosen according to the tran-
sition probabilities P (s′|s, a). Conditioned on the event that
the next state is s′, the time interval τ ∈ T between the s to
s′ has the probability distribution of F (·|a, s, s′). The reward
function r(t) := R(s(t), a(t)). The objective of the agent
is to find a policy π(a|s) to maximize the expected infinite
horizon discounted reward E[

∫∞
0

e−ρtr(t)dt]. The Bellman
equation for the SMDPs is defined as follows (Bradtke and

Duff 1995).

V (s) =
∑
a,s′

π(a|s)P (s′|a, s)[
∫ ∞

0

∫ t

0

e−ρτr(τ)

dτdF (t|s, a, s′) +
∫ ∞

0

e−ρtV (s′)dF (t|s, a, s′)].
(1)

In contrast to the constant time interval in MDP, τ in
SMDP is stochastic (Sutton, Precup, and Singh 1999). Our
high level idea is to model such interval with the temporal
point processes so as to describe the dynamics of the con-
trol problem in SMDPs. We provide some concrete exam-
ples in the social media problem to relate these definitions to
the real world problems in the following. The state s is the
count of the events with different types, e.g., the numbers of
fakes and real news received by the users, or the embedding
of these events sequence in the hidden space of RNN. The
action a is the intervention, e.g., the network moderator ex-
poses different types of the real news (actions) to users to
match their exposure to fake news. The reward can be the
distance between the target frequency of the event and the
current frequency, and the cost of different actions can be
different.

Our Method
This section is organized as follows: we first describes the
setting of the problem. Then we modify the Hawkes process
to incorporate the effect of actions. Using NHPI, we derive
a model-based stochastic value gradient algorithm for RL in
the SMDPs setting. We relate this model to the SDEs with
jumps and discuss the key difference between our reinforce-
ment learning algorithm and traditional RL through our SDE
reformulation in Appendix.

Problem Setup
In many problems, including social media, medical events
and many others, the agent observes a steam of the asyn-
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chronous stochastic discrete events occurring in continuous-
time, such as the user’s posts, clicks or likes. We denote the
observations from the environment H≤ti up to ti (includ-
ing ti) as {(t1, k1), ..., (ti, ki)}. In our setting, the agent can
just intervene in the environment or change its actions ai at
timestamp ti. We denote its action sequence before time ti
(not including ti) as a<ti . At timestamp ti, the agent sam-
ples its action from a policy, i.e., ai ∼ π(·|H≤ti , a<ti). Un-
less otherwise specified, we assume A ⊆ K, i.e., the action
set is a subset of the total event set. After imposing the in-
tervention on the environment, the agent obtains a reward
r(t) and aims to maximize the discounted long-term reward,
E[
∫∞
0

e−ρtr(t)dt], where the expectation is over the ran-
domness of the transition, time interval and reward in the
SMDPs. In practice, the agent may apply the action ai af-
ter ti with a small delay δt (see the illustration in Figure 1).
For instance, after realizing that rumors spreads over the so-
cial media, the network moderator may need some response
time δt to apply the strategy to block the diffusion. The doc-
tor provide the treatment for the patient after the medical
test. This δt can be arbitrary predefined positive value in ac-
cordance with tasks. In our experiment, we impose the inter-
vention at the next coming clock tick for simplicity. To ease
our notion here, we simply assume ai occurs at time ti.

NHPI Model
Recall that our high level idea is to leverage the Hawkes pro-
cess to model time intervals τ in SMDPs so as to describe
the underlying dynamics of stochastic event. In the follow-
ing, we demonstrate how to modify the neural Hawkes pro-
cess to the RL setting. In particular, we build a dynamic
model following the recent progress in attention (Vaswani
et al. 2017) and neural Hawkes process (Mei and Eisner
2017; Zhang et al. 2020; Zuo et al. 2020). It is natural to ex-
tend the definition of the event stream in the section of pre-
liminary to the event-action stream Es = {(ti, ki, ai)} to
incorporate exogenous intervention a. The whole structure
is summarized in Figure 2, where the latent variable h(ti)
is a key vector which summarizes the history and decides
the intensity λ(ti) of the Hawkes process. Then the latent
state feeds into the agent as the state information. Besides
the policy function and value function, the agent builds the
transition and reward model over the latent state .

Encode observations to hidden state h: As the com-
mon practice in RL (Ha and Schmidhuber 2018) and
TPP (Mei and Eisner 2017), we encode the observations,
i.e. the sequence of event types, timestamps and actions
{(ti, ki, ai)}Li=1 into dense embedding X ∈ RL×N in fig-
ure 2. Then such embedding passes through Multi-head at-
tention, Λ = softmax(QKT

√
MK

)V where Q = XWQ,

K = XWK ,V = XWV are the query, key and value ma-
trix respectively as that in (Vaswani et al. 2017; Zuo et al.
2020). WQ,WK ∈ RN×MK , WV ∈ RN×MV are learned
weight matrix. To avoid observing the future, the attention is
equipped with masks. When computing the attention S(j, :),
we mask all the future position. Then we feed the self-
attention Λ into a feed-forward neural network to generate
the hidden representation H. The hidden representation at
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Figure 2: Structure of NHPI. We embed the (ti, ki, ai)
into a dense vector, and pass two multi-head atten-
tion+ feed forward modules with masks. The outputs are
h(ti),µ(ti),η(ti), ζ(ti),λ(ti). We then feed states, i.e., the
latent representation h̃ to our RL module.

time step ti is the i-th column of H, i.e., h(ti) = H(i, :).
We defer the description of how to construct embedding X
and parameterizations of neural networks to Appendix.

Construct intensity function λk(t): We follow the work in
(Zhang et al. 2020) to define the intensity function. λk(t) =
softplus(µk(ti) +

(
ηk(ti) − µk(ti)

)
× exp

(
− ζk(ti) ×

(t − ti)
)
, where µk(ti) = Relu(wT

µ,kh(ti)), ηk(ti) =

Relu(wT
η,kh(ti)), ζk(ti) = softplus(wT

ζ,kh(ti)) and
wT

µ,k,w
T
η,k,w

T
ζ,k are learned vectors. Notice that now the

intensity also depends on the historical action sequence.

Training NHPI Model
Given NHPI, the next step is to define the training ob-
jective. In the following, we provide the likelihood of the
model defined as the density function of (ti, ki) given the
intervention ai in the event stream {(ti, ki, ai)}Li=1 with
tL < T . The Hawkes process has a compact form of the
log-likelihood function which only depends on λ. The log-
likelihood of Hawkes process given observations in [0, T )

is
∑

i:ti<T log λki
(ti)−

∫ T

t=0
λ(t)dt, where λ(t) is the sum

intensity of all event types, i.e., λ(t) =
∑K

k=1 λk(t) (Ras-
mussen 2018). We show NHPI has the same form of the log-
likelihood function by adapting the proof in Hawkes process
to allow external action and include the proof in Appendix
for the completeness. The term

∑
i:ti<T log λki

(ti) is easy
to obtain from samples, since λk(ti), k ∈ {1, ...,K} are the
outputs from our model. Specifically, we need to conduct a
Monte-Carlo sampling to estimate the integral term and we
will defer the details to appendix. Thus the whole objective
function can be optimized by stochastic gradient descent.

Planning over the Latent Space of NHPI
State: Recall that h(ti) encodes the history of events and
actions {(tj , kj , aj)}j=1,..,i, e.g., the history of fakes/real
news retweeted by the user and mitigation valid news posted
by the platform, which is generally be used as belief state in
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RL (Hafner et al. 2019a). We define another vector h̃(ti),
which encodes the same history but toggle the last action
ai = 0. It is an embedding of history before an action at
timestamp ti (i.e.,H≤ti , a<ti ). In our current algorithm, we
directly treat h̃(ti) as our state s(ti), i.e., s(ti) := h̃(ti) but
other transformations on h̃ can also be accommodated.

Transition learning: Given NHPI, we can obtain state
s (i.e., h̃) at every timestamp. Then we use a neural
network g to learn the transition such that s(ti+1) ≈
g(s(ti), ai, ϵ(s(ti)), where ϵ is the noise term to represent
the stochasticity in the transition P (s(ti+1)|s(ti), ai) of
SMDP . In particular, we minimize the error

∥s(ti+1)− g(s(ti), ai, ϵ(sti))∥22, (2)

where g is a neural network with reparameterization trick
(Kingma and Welling 2013) to incorporate the noise term
ϵ(s(ti)). For instance, it generates the mean and standard
deviation of a Gaussian distribution.

Reward function learning: We minimize the error

∥r(ti)− κ
(
s(ti), ai, ξ(s(ti)

)
∥22, (3)

where r(ti) is the true reward at timestamp ti, e.g., the event
exposure counts. ξ is Gaussian noise and κ is a neural net-
work with reparameterization trick.

Value function learning: Let τi be the time interval be-
tween ti and ti+1, i.e., τi = ti+1 − ti. In SMDPs, the tar-
get function for V (s(ti)) is V̂

(
s(ti)

)
:= 1−e−ρτi

ρ r(ti) +

e−ρτiV
(
s(ti+1)

)
. Such target function can be derived from

(1), in particular, a sampled version of Bellman equation in
SMDPs. We defer derivations to Appendix. Comparing with
the temporal difference learning in MDPs (Sutton, Barto
et al. 1998), we have an additional stochastic term τ cor-
responding to the inter-event time interval. Recall that we
have already obtained the NHPI model, the transition and re-
ward model, and therefore we can generate imaginary state
s(ti+1) and reward r(ti) easily. The time interval τi can be
simulated by NHPI with Thinning algorithm (Ogata 1981),
and thus the target function defined above can be easily ob-
tained in practice. Remark that explicitly modelling of τ
with NHPI is one key advantage of our method over the con-
ventional RL approaches (Haarnoja et al. 2018; Heess et al.
2015). While conventional approach can encode the times-
tamp using RNN naively, we can capture the stochasticity of
the time interval τ much better by TPP. It is evidenced by
our experiment, where the inputs of all algorithms are the
same, i.e., the sequence of the observation {(ti, ki, ai)}Li=1,
while our method outperforms the conventional RL a lot.
The term (1 − e−ρτi)/ρ is the accumulated discount factor
of the interval. We approximate the value function V by a
neural network Vϕ and minimize the following error term
w.r.t ϕ.

∥Vϕ(s(ti))− V̂ϕ(s(ti))∥22. (4)
Please note that when we optimize above equation, the target
value V̂ϕ is fixed, as a common practice in RL community
(Haarnoja et al. 2018).

Policy learning: We apply the stochastic policy so that
the agent can explore the environment thoroughly (Haarnoja

et al. 2018). In particular, we parameterize the policy
π(s(ti)) by a neural network πθ(s(ti)). If the action space
is discrete, we reparameterize the output by the Gumbel-
softmax trick (Jang, Gu, and Poole 2016); If it is continuous,
we reparameterize the output by the Gaussian distribution
(Kingma and Welling 2013). Again, we sample the Bellman
equation (1) but with the learned dynamics and value func-
tion (see derivations in Appendix ) as that in SVG (Heess
et al. 2015) and Dreamer (Hafner et al. 2019a). Specifically,
we replace s(ti+1) by g(s(ti), π(s(ti)), ϵ(s(ti))), replace
r(ti) by learned reward κ(s(ti), π(si), ξ(s(ti))), replace ac-
tion by πθ(s(ti)) and rollout Bellman equation one step to
obtain
Vϕ,θ(s(ti)) = (1− e−ρτi)κ

(
s(ti), πθ(s(ti)), ξ(s(ti))

)
/ρ

+e−ρτiVϕ

(
g
(
s(ti), πθ(s(ti)), ϵ(s(ti))

))
.

(5)
We can see Vϕ,θ is a function of policy πθ. We do one

policy improvement step as that in SVG (Heess et al. 2015),

θ ← θ + α
∂Vϕ,θ

∂θ
, (6)

where α is the learning rate.
Algorithm: We combine all pieces discussed above and

propose the stochastic event driven reinforcement learning
(SEDRL) which consists of three parts: 1. The stochastic
agent collects the real data trajectory from the environment,
and train the NHPI by maximizing the likelihood of NHPI.
2. The agent learns the transition and reward model on h̃(ti)
(the state s(ti) in our algorithm). 3. The agent learns the
value function Vϕ and improves the policy using (6). The
pseducode of the algorithm is deferred to Appendix.

Experiment
In this section, we evaluate our algorithm SEDRL compre-
hensively in the synthetic simulation and experiments with
real data such as smart broadcasting and improving the en-
gagement of the social media platform. In the real-data ex-
periment, we follow the literature to build the simulator
with real-world data (Upadhyay, De, and Gomez-Rodriguez
2018; Zarezade et al. 2017), since directly deploying RL
agent in the scenarios like social media and healthcare is dif-
ficult and may cause safety and ethics issue. We compare our
algorithm with multiple state-of-the-art deep RL methods in-
cluding model-free algorithms such as Tpprl (Upadhyay, De,
and Gomez-Rodriguez 2018), SAC (Haarnoja et al. 2018),
TD3 (Fujimoto, Hoof, and Meger 2018), DDQN (Van Has-
selt, Guez, and Silver 2016) and model-based ones such as
Dreamer (Hafner et al. 2019a) and MBPO (Janner et al.
2019). Among them, Tpprl explicitly considers the stochas-
ticity of the time interval τ and devices a model-free policy
gradient algorithm. For the other conventional RL baselines,
the problem is formulated as MDP where timestamps are
just regular features for the neural networks. We conduct the
ablation study on the SMDP formulation in appendix.

The inputs for all algorithms are the sequences of the
observation, i.e., {(tj , kj , aj)}j=1,..,L. We equip aforemen-
tioned baselines with LSTM (Hochreiter and Schmidhuber
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(a) 8 events (SI ) (b) 16 events (SI ) (c) 8 events (USI )

(d) 16 events (USI ) (e) Smart broadcasting (f) Improving engagements

Figure 3: Performance of proposed methods and other baselines. The x-axis is the training step and the y-axis is the cumulative
reward. Each experiment is tested on ten trials using various random seeds and initialized parameters. The solid line is the mean
of the average return. The shaded region represents the standard deviation.

1997) or Transformer (Vaswani et al. 2017) in the value
function network and policy network to encode the observa-
tions into state rather than simple feed-forward neural net-
works as usual, since the environment is highly partially ob-
servable and the observation is in the form of sequence (Oh
et al. 2015). Notice that in our algorithm the hidden space
is obtained by the Transformer structure (multi-head atten-
tion+MLP). Therefore the performance gap between our SE-
DRL and baselines are only due to the performance of the
algorithm itself. Some details of the baselines are in the fol-
lowing: 1) Tpprl: Tpprl is a model-free RL algorithm tai-
lored for marked temporal point processes (Upadhyay, De,
and Gomez-Rodriguez 2018). 2) Transformer+SAC: SAC
is a strong baselines in RL and achieves robust perfor-
mance in almost all test environment (Haarnoja et al. 2018).
We implement Transformer to encode the event sequence
(Parisotto et al. 2020; Vaswani et al. 2017) . Specifically,
we stack two multi-head attention layers with head num-
ber equal two. Then we feed this embedding as the input
to discrete action SAC (Haarnoja et al. 2018; Christodoulou
2019). 3) Transformer+DDQN: This baseline is similar to
the Transformer+SAC, but we replace SAC by DDQN. 4)
Transformer+TD3: We replace SAC by discrete action ver-
sion of TD3. 5) Dreamer: Dreamer is a model-based algo-
rithm where the deterministic transition model is modeled
by LSTM. We replace the CNN in Dreamer by MLP since
the input is not image. 6) MBPO: MBPO applies the model
ensemble in the dynamic model learning to enhance the per-
formance. We replace the feed-forward neural network in
MBPO by LSTM. 7) LSTM+SAC: The sequence encoding
is obtained by the LSTM. Other details such as the hyperpa-
rameter tunnings in SEDRL and baselines are in Appendix.
Experimental Result
Synthetic simulation: we simulate the fake news mitigation
problem (Farajtabar et al. 2017). The recent proliferation of

malicious fake news in social media has been a source of
widespread concern. In this simulation, the platform is the
agent and the users are the environment. The social media
platform hopes to optimize the performance of real news
propagation. Intuitively, it wants to steer the spontaneous
user mitigation activities by exposing more valid news. The
action is an event that is selected from some predefined valid
news(event) set, which hopefully can distract the attention of
users on the rumor. We create the environment by construct-
ing a simulator of Hawkes process with exogenous inter-
vention (Wang et al. 2018) using Thinning algorithm (Ogata
1981). At time step ti, the input of the simulator is the action
ai taken by the agent. The k-th action type is encoded as a
one-hot vector where k-th entry is one. Zero vector means
no action taken. The simulator gets the action as an input
and generates the event vi+1 ∈ {1, ...,K} at ti+1 (K=8 or
16 in our simulation). The parameter such as βij in the sim-
ulator are some predefined values. The goal of the platform
is to find the best policy that can control the event (valid and
fake news) intensity vector such that it is close to a prede-
fined level λtarget. Hence, the reward of our simulation for
each time step rt = −∥λtarget −λt∥2 − 0.1 ∗ cost(at) pro-
vided by the simulator, where λt is the intensity at t. Cost of
action is 1 if the agent inserts an event and otherwise 0 if we
do nothing.

Two intervention settings are considered in our simula-
tion, i.e., synchronized intervention setting and unsynchro-
nized intervention setting. We use SI and USI for short re-
spectively. Notice that the events occur asynchronously in
both settings. The SI setting is straightforward, with the aim
to show that even if in an easy setting, the baselines can
not learn a good policy. Specifically, in the SI setting, the
agent can intervene in the sequence at evenly discretized
time interval, i.e., at timestamp {∆t, 2∆t, .., i∆, ...} (see
the illustration in Appendix of experiment setting. This set-
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ting is simpler than our original setting (USI) in the section
of problem setup, where the intervention can be applied at
{t1, t2, ..., ti, ..}, i.e., at the timestamps of event i. The simu-
lation is terminated when time t exceeds the maximum time
horizon (e.g., 100 time units.). In general, in this setting, the
agent has more chances to intervene with the environment
(in our simulation ∆ < (ti+1 − ti)). In addition, since time
is evenly discretized, this setting may be more friendly to
the baselines. Also note that our algorithm (and baselines)
can easily adapt to this setting, since our model can easily
accommodate by setting an additional null event occurring
at timestamp i∆. The USI setting is our setting in the prob-
lem setup section, which means the agent only makes deci-
sion when a specific event happens along the trajectory (see
Figure 1), which is more practical in real-world problems.
For instance, the doctor would change the treatment only
after the patient’s visit. In our simulation, the agent inserts
actions at the next coming clock tick following the occur-
rence of events. The simulation is terminated when the time
t exceeds the maximum time horizon. In both settings, we
conduct two simulations with K=8 and K=16 events respec-
tively. We use half of these events as our action set (i.e., 4
events and 8 events respectively). Details of the synthetic
simulation are deferred to the appendix of experiment set-
ting. All experiments in Figure 3 are repeated with ten trials
with various random seeds and initial parameters.

Figure 3 (a) and (b) demonstrate the results in the SI
setting. In (a), our method SEDRL has the best result fol-
lowed by Tpprl, Transformer+SAC, LSTM+ SAC, MBPO,
Transformer+TD3, Dreamer and then Transformer+DDQN
(Trans+Q). In (b), our SEDRL also achieves the best result.
The runner up is Dreamer, while other baselines have similar
results around -210. Figure 3 (c) and (d) present the results
in the USI setting. We can derive similar conclusion as that
in the SI setting. Our method outperforms conventional RL
algorithm since we consider the dynamics that can be inter-
rupted by the stochastic event. Comparing with Tpprl, our
method explicitly embeds the dynamic model into the Bell-
man equation of SMDPs and therefore it is much more sam-
ple efficient than the model-free policy gradient algorithm.

Smart broadcasting: In this problem, the user of the so-
cial media wants to decide what to post to elicit the attention
from her followers (Spasojevic et al. 2015). The user her-
self is the agent and she generates action event (post tweets).
The environment is formed by her followers and it generates
feedback events if her followers retweet. Since we cannot
make real interventions on the platform of twitter , we follow
the conventions in the literature (Upadhyay, De, and Gomez-
Rodriguez 2018; Zarezade et al. 2017) to train a simulator
with real-world data. In particular, we use Retweet dataset
(Zhao et al. 2015) to learn a model of follower. The Retweets
dataset contains sequences of tweets, where each sequence
contains origin tweets (i.e., some user initiates a tweet), and
some follow-up tweets. We group the post and retweet into
three categories event (i.e., K=3) following the work in (Zuo
et al. 2020). Then follower’s behavior is learned by a neu-
ral temporal point process (Zuo et al. 2020) with exogenous
excitation (i.e., the origin tweets) (Ding 2020). The users
should expose the predefined events (action set are three

kinds of post) to her followers to elicit attentions and then
observe the feedback event of the followers. Each kind of the
feedback event (retweet) and action event (post) corresponds
to a predefined reward and cost respectively( appendix G),
where the aim of action cost is to discourage too much in-
tervention over the environment. The goal of the agent is to
maximize the total reward minus the cost over the simulation
time [0,T]. Given the feedback model of the follower (gener-
ated by the simulator), we can do simulations through the in-
teractions over the environment. Some details of the experi-
ment setting are deferred to the appendix . In Figure 3 (e), we
demonstrate the performance of all algorithm. Our method
reaches asymptotic result after only 20k training steps and
achieves −10 long-term reward, while the performances of
baselines are below −40.

Improving the Engagement: The platforms of e-
commerce or social media sometimes award the users to
promote engagement in the community. In this problem,
we would design a policy to help the platform to hand out
awards. Take Stack-Overflow for instance, where users can
use post to ask questions or seek advises in various technical
areas while the other users can answer the questions freely
and the answer will be rated or awarded by other views. Un-
der our problem setting, the agent is the platform, while the
environment consist of the users in the website. The action
event correspond to badge types, e.g., Nice Question, Good
Answer, etc, and the event times correspond to the award
times. The platform can encourages user engagement by giv-
ing certain types of badges (action) to the user after he re-
ceives some other badge. For example, when a user receives
“Good Answer” badge, the agent awards a “Great Answer”
or “Guru” badge (as an action) to encourage his/her en-
gagement in the website. Then the platform can observe the
feedback event from the users. For instance, The user may
answer questions more frequently with higher quality (e.g.,
more useful answers). Each feedback event and action event
have a corresponding predefined reward or cost. We sum all
of them over a certain period to reflect the engagement rate
of the platform. The agent should learn a control policy to
maximize the long-term reward by manipulating the action
events. Since we can not deploy the policy in the Stack-
Overflow, we use the data gathered from Stack-Overflow
(Leskovec and Krevl 2014) to learn a feedback model of the
users. The data is collected in a two-year period, and we treat
each user’s reward history as a sequence following the work
(Zuo et al. 2020). We pick eleven types of the event in the
dataset as the exogenous excitation while the other half as
the endogenous one. Therefore, the size of the action set is
eleven and K = 22 (See more details in appendix). We can
learn a user feedback model using neural temporal process
with exogenous excitation (Ding 2020). Using this simulator
(feedback model) trained from the real data set, we can do
experiments through the interactions with the environment.
We report results in Figure 3 (f). Our method could achieve
−35 cumulative reward after 100k step training, while the
rewards of baselines are below −50.
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