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ABSTRACT

Disaster response operations typically involve multiple decision-makers, and each decision-maker needs
to make its decisions given only incomplete information on the current situation. To account for these
characteristics - decision making by multiple decision-makers with partial observations to achieve a
shared objective -, we formulate the decision problem as a decentralized-partially observable Markov de-
cision process (dec-POMDP) model. To tackle a well-known difficulty of optimally solving a dec-POMDP
model, multi-agent reinforcement learning (MARL) has been used as a solution technique. However, typ-
ical MARL algorithms are not always effective to solve dec-POMDP models. Motivated by evidence in
single-agent RL cases, we propose a MARL algorithm augmented by pretraining. Specifically, we use be-
havioral cloning (BC) as a means to pretrain a neural network. We verify the effectiveness of the proposed
method by solving a dec-POMDP model for a decentralized selective patient admission problem. Experi-
mental results of three disaster scenarios show that the proposed method is a viable solution approach
to solving dec-POMDP problems and that augmenting MARL with BC for its pretraining seems to offer

advantages over plain MARL in terms of solution quality and computation time.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

In the aftermath of a disaster, response operations typically
involve a large number of responders of different functions at
multiple locations. These responders are required to make various
decisions in a highly resource-constrained environment (Timbie
et al, 2013). On site, first responders and emergency medical
technicians triage casualties to determine priority for providing
treatment and transportation. Triage decisions are based on the
victim’s injury severity and current resource level (Jenkins et al.,
2008; Sacco et al., 2005; 2007). At hospitals, doctors and nurses
may invoke a contingency plan to secure necessary resources
for impending surge demand from disaster sites. A contingency
plan typically includes canceling elective admissions, rescheduling
surgeries, or discharging relatively less serious patients from
an intensive care unit (Hick, Hanfling, & Cantrill, 2012; Peleg &
Kellermann, 2009). An emergency department (ED) may selectively
admit patients and transfer some of the arriving patients to other
hospitals for better use of limited resources available at the ED.

In such environments, information available to each decision-
maker is often incomplete, and decision-makers need to make
various decisions based on partial, fragmented pieces of informa-
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tion (der Heide, 2006). For example, ambulance dispatchers may
send ambulances to a disaster site without knowing the scale
of the full incident or other dispatchers’ decisions. While ad-
vanced communication systems can potentially alleviate this prob-
lem (Chan, Killeen, Griswold, & Lenert, 2004; Park, Jeong, Seo, &
Kim, 2015; Seo, Jeong, Park, Kim, & Lim, 2015), there remain many
communication challenges in disaster response situations (Fischer,
Posegga, & Fischbach, 2016; Manoj & Baker, 2007; Sokat, Dolin-
skaya, Smilowitz, & Bank, 2018); damages in the communication
infrastructure, lack of technology interoperability among various
organizations and other technical and organizational barriers are
commonly experienced during a disaster response phase, all of
which can cause communication failures. Given all these chal-
lenges, it is unlikely that decision-makers in a disaster response
system have access to complete information and knowledge about
the current situation and other decision-makers’ responses.

In the literature on disaster response decision making problems,
most of the previous studies consider a single (or centralized)
decision-maker environment and assume that the decision-maker
has full access to necessary information. As such, it is often the
case in those studies that a decision model focuses on a specific
target decision problem while treating other elements as external
factors, and given inputs to the model. See, for example, models
based on Markov Decision Process (MDP) (e.g., Jacobson, Ar-
gon, & Ziya, 2012; Lee & Lee, 2018), integer programming (e.g.,
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Repoussis, Paraskevopoulos, Vazacopoulos, & Hupert, 2016; Sung
& Lee, 2016; Wilson, Hawe, Coates, & Crouch, 2013), and fluid or
queuing model (e.g., Cohen, Mandelbaum, & Zychlinski, 2014; Kilic,
Dincer, & Gokce, 2014; Mills, Argon, & Ziya, 2013). As mentioned
above, however, it is rather ideal to assume a fully observable en-
vironment and to isolate a single decision problem from the mul-
titude and complexity of the entire decision making environment
of disaster response; in reality, multiple decision-makers strive to
maximize the number of survivors by deciding on their individual
actions while provided only with limited, partial information.

Modeling wise, these disaster response decision making prob-
lems can be cast as a Decentralized-Partially Observable Markov
Decision Process (dec-POMDP) model. Agents in a dec-POMDP
model partially observe the system state and make decisions at
each step to maximize the overall reward for all agents. Optimally
solving a dec-POMDP model is well known to be a challenging
problem (Bernstein, Givan, Immerman, & Zilberstein, 2002). Be-
cause agents in a dec-POMDP model do not have the true state in-
formation, agents must use all of previous observations history and
actions chosen therein to determine optimal actions. This makes a
dec-POMDP model computationally very expensive to solve.

In recent years, deep multi-agent reinforcement learning (deep-
MARL) algorithms using deep neural networks (DNN) have been
recognized as a promising approximate solution technique for dec-
POMDP models. Yet, even with deep-MARL algorithms, multi-agent
problems are still much harder to solve than single-agent prob-
lems; learning a well-coordinated policy for multi-agents is diffi-
cult because the quality of an individual agent’s policy depends on
other agents’ policies and also because multiple agents are simul-
taneously learning an individual policy in MARL algorithms. Due
to this difficulty, MARL algorithms require extensive exploration in
learning, making them computationally very expensive (Foerster,
Farquhar, Afouras, Nardelli, & Whiteson, 2018; Lowe et al., 2017;
Tampuu et al., 2017). This problem is pronounced especially when
we model a decision problem in a practical, real-world application
environment, such as in this study, because such applications re-
quire significant complexity represented in a dec-POMDP model.

We tackle this challenge by, in the learning process, taking
advantage of available knowledge or known decision rules rele-
vant to the problem. This is motivated by evidence from single-
agent RL literature (Cruz Jr, Du, & Taylor, 2018; Rajeswaran et al.,
2018). In a standard MARL approach to obtain a policy solution for
a dec-POMDP problem, an MARL algorithm learns a policy from
scratch (i.e., initial policy). Our proposed method intends to fa-
cilitate MARL algorithm’s early exploration by providing demon-
strations that it can use as an initial reference. In our context,
demonstrations are sample decisions —observations given to the
agents and their chosen actions corresponding to those observa-
tions. These demonstrations can be obtained based on relevant do-
main knowledge or from existing decision rules for the dec-POMDP
problem at hand. For example, for a patient prioritization problem,
it is shown in the literature that when response resources are ex-
tremely limited, assigning higher priority to less severe patients is
superior to prioritizing more severe patients (Jacobson et al., 2012;
Lee & Lee, 2018; Mills et al., 2013; Sung & Lee, 2016).

As a means to incorporate reference demonstrations into an
MARL algorithm, we use a behavioral cloning (BC) method. BC uses
supervised learning to construct a policy from demonstration sam-
ples. Hence, BC is referred to as an imitation learning technique
in that the resulting policy imitates the decision principles behind
the demonstrations (i.e., reference policy). In our proposed method,
we use BC with demonstration samples and construct an imitation
policy to feed to an MARL algorithm as its initial policy. Note that
the need to construct an imitation policy is relevant because a ref-
erence policy may not be explicitly known (e.g., human expert’s
knowledge) or its form is not implementable in a multi-agent par-
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tially observable environment (e.g., Multi-agent Markov Decision
Process solution).

To demonstrate the proposed method, we consider a de-
centralized selective patient admission problem under partial-
observation. Selective patient admission refers to a strategy where
an ED diverts some of the arriving patients to other EDs to
preserve its medical resources for future arrivals of severe pa-
tients (Einav et al., 2006; der Heide, 2006; Lee & Lee, 2018). In
a selective patient admission problem, multiple emergency depart-
ments (ED’s) respond to a multiple casualty incident (MCI), and
these EDs share a common goal of maximizing the overall number
of survivors from the MCI. Each ED makes an admission decision
for sequentially arriving patients. In its decision making, EDs need
various pieces of information including the severity of a currently
arriving patient, number of available beds, elapsed time from the
incident, and so on. Motivated by the potential difficulties in com-
munication under a disaster situation, we assume a partially ob-
servable decision making environment.

Our contribution is twofold. First, formulating a decision prob-
lem as a dec-POMDP model is new to the disaster response op-
erations research literature. Although a vast array of real-world
emergency medical service (EMS) operations decisions are made
in a multi-agent, partially-observable environment, a dec-POMDP
model has not received much attention as a major modeling
method. Thus, our work offers promising evidence for solving
disaster operations decision problems with a dec-POMDP model.
Second, to resolve the computational difficulty of a dec-POMDP
model, we propose a novel solution method. Our proposed solu-
tion method uses demonstration samples from a reference policy
to boost the early exploration of a standard MARL algorithm. The
proposed solution method pretrains neural networks through BC
and then updates an initial dec-POMDP policy with an MARL al-
gorithm. Combining imitation learning and RL algorithm has been
shown to be effective in single-agent environments, but its effec-
tiveness has not been demonstrated in multi-agent environments.
Our work serves as an example of the effectiveness of the inte-
grated method in a multi-agent case. A practical benefit of this
method is that we can take advantage of domain knowledge in
an MARL algorithm by incorporating relevant heuristics or other
decent policies, e.g., human experts decisions or triage rules in a
disaster response protocols.

This paper is structured as follows. Related literature on disaster
response and solution algorithms for dec-POMDP models is sum-
marized in Section 2. In Section 3, we provide a brief background
on dec-POMDP and describe our proposed method in detail. The
proposed solution method is applied to a decentralized selective
patient admission problem at multiple EDs under surge demand. A
dec-POMDP model and the method to obtain demonstration sam-
ples for this problem are described in Section 4, followed by com-
putational experiments in Section 5. Then we conclude our work
in Section 6.

2. Related literature

MDP model expresses a decision making environment where an
agent has a full observation of a system’s state and chooses an ac-
tion at each state. MDP has been widely used to model dynamic
decision-making problems in diverse problem domains. For exam-
ple, in healthcare operations management, there exist many exam-
ples of MDP applications to obtain a policy solution for better use
of medical resources: resource allocation in a hospital (Gerchak,
Gupta, & Henig, 1996; Green, Savin, & Wang, 2006; Huh, Liu, &
Truong, 2013; Thompson, Nunez, Garfinkel, & Dean, 2009), patient
admission management at a hospital (Chan, Farias, Bambos, & Es-
cobar, 2012; Helm, AhmadBeygi, & Van Oyen, 2011), ambulance
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diversion (Ramirez-Nafarrate, Hafizoglu, Gel, & Fowler, 2014), and
many more.

In the operations research literature on emergency medical ser-
vices (EMS) system’s disaster response, MDP is also one of the
popular modeling techniques. A patient prioritization problem is
a prime example. In a patient prioritization problem, the goal is
to determine the priority of patient transport and treatment when
there are a greater number of patients than medical resources can
provide care at once. Patient prioritization problems have often
been modeled as a stochastic scheduling problem by considering
patients as impatient jobs (Argon, Ziya, & Righter, 2008; Jacob-
son et al., 2012; Li & Glazebrook, 2010; 2011). Other examples of
MDP applications in this area include a selective admission deci-
sion at an ED under surge demand (Lee & Lee, 2018) and ambu-
lance dispatching and hospital selection problem for patient evac-
uation from MCI sites (Mills, Argon, & Ziya, 2018).

While MDP has been demonstrated to be an effective model-
ing tool for the EMS system operations research, we need a more
sophisticated model to describe the full complexity of disaster re-
sponse operations. In particular, we need a model to be able to
represent multi-agents and incomplete information environment.
To that end, a dec-POMDP model is a suitable model for modeling
decision problems in a multi-agent, partially observable environ-
ment, and, to our best knowledge, there is no prior study in dis-
aster response applications that formulates a decision problem as
a dec-POMDP model. In this work, we study a multi-agent, partial
observation problem in disaster response, formulate a dec-POMDP
model and investigate a solution technique.

A dec-POMDP model is well known to be very difficult to
solve. For a finite-horizon dec-POMDP model, various solution ap-
proaches have been proposed in the literature. In its early devel-
opment, a dec-POMDP solution is represented as a policy tree, and
dynamic programming and heuristic search techniques are used
to identify and prune suboptimal trees in the policy tree (Amato,
Dibangoye, & Zilberstein, 2009; Hansen, Bernstein, & Zilberstein,
2004; Oliehoek, Spaan, & Vlassis, 2008; Szer, Charpillet, & Zilber-
stein, 2005). More recently, sufficient statistics of past joint policies
are used to compactly express a value function of a dec-POMDP
model (Dibangoye, Amato, Buffet, & Charpillet, 2016; Oliehoek,
2013). Perhaps, the most recent, state-of-the-art dec-POMDP algo-
rithm is a feature-based heuristic search value iteration (FB-HSVI)
method (Dibangoye et al., 2016). It transforms a dec-POMDP model
into a continuous state MDP using occupancy state as sufficient
statistics. While these methods are exact, optimal algorithms, these
approaches face a scalability problem. For an infinite-horizon or
indefinite-horizon dec-POMDP, an optimal solution is unexpress-
ible and hence its complexity is undecidable (Bernstein et al.,
2002). As such, solution techniques to solve these problems are
based on approximate, heuristic approaches. With recent advances
in reinforcement learning algorithms, MARL! has drawn large at-
tention as a viable approach to solving dec-POMDP problems.

Using MARL algorithms to compute an approximate policy so-
lution is a relatively recent topic in the dec-POMDP literature, and
various MARL algorithms have been reported to produce decent
policies on many challenging dec-POMDP problems (Foerster et al.,
2018; Gupta, Egorov, & Kochenderfer, 2017; Omidshafiei, Pazis, Am-
ato, How, & Vian, 2017). For example, Omidshafiei et al. (2017) and
Tampuu et al. (2017) use an independent learning approach where
a policy solution for each agent is updated solely based on their
individual experiences. Foerster, Assael, de Freitas, and Whiteson
(2016) and Gupta et al. (2017) focus on developing a shared policy
network, as opposed to individual policy networks for each agent,

1 To be precise, MARL algorithms discussed in this paper are deep-MARL, which
adopts DNN to approximate policy function and value function.
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by sharing network parameters for all agents. Another stream of
work is multi-agent actor-critic (AC) algorithms (Foerster et al.,
2018; Lowe et al., 2017). In multi-agent AC, full state information
(i.e., full observation or centralized environment) is used during
the training phase, which is a standard approach in classical dec-
POMDP algorithms (Oliehoek et al., 2008). A value network, re-
ferred to as a centralized critic, is trained with full state informa-
tion to estimate state values under the current joint policy, and
each agent learns its individual policy guided by the centralized
critic. Recent studies show that a centralized critic that uses global
information, improves the performance of RL in a decentralized en-
vironment (Foerster et al., 2018; Lowe et al., 2017). As multi-agent
AC with a centralized critic is the latest development, we also use
it as an MARL algorithm in our solution method.

To improve the performance of the multi-agent AC algorithm,
we propose to integrate imitation learning and the multi-agent AC
algorithm. Imitation learning is a method to obtain a decent policy
solution by imitating a target, reference policy, or its demonstra-
tions. Recent literature on single-agent RL suggests that the per-
formance of RL algorithms can be improved by integrating imita-
tion learning and RL, and its advantages of such an approach have
been well demonstrated in single-agent problems. Expert demon-
strations introduced by imitation learning can enhance the explo-
ration in RL, thereby improving learning speed (Gao et al., 2018;
Hester et al., 2018; Kang, Jie, & Feng, 2018; Lakshminarayanan,
Ozair, & Bengio, 2016; Nair, McGrew, Andrychowicz, Zaremba, &
Abbeel, 2018; Rajeswaran et al.,, 2018; Subramanian, Isbell Jr, &
Thomaz, 2016; Vecerik et al., 2017), and augmenting an imitation
learning by reinforcement learning helps overcome a limitation of
imitation learning - i.e., quality of the policy solution from imita-
tion learning is bounded by the quality of expert demonstrations
used - (Cheng, Yan, Wagener, & Boots, 2018; Sun, Bagnell, & Boots,
2018; Sun, Venkatraman, Gordon, Boots, & Bagnell, 2017). Integrat-
ing imitation learning and RL can be implemented in a few ways.
For example, one can use imitation learning to pretrain a network
for a subsequent RL, or expert demonstrations can be mixed into
training samples in an RL algorithm. While all of the above stud-
ies demonstrate the effectiveness of the integrated approach, it has
not been sufficiently investigated in MARL applications (Lee & Lee,
2019).

3. Proposed solution method for a dec-POMDP problem
3.1. Background: Dec-POMDP model

Dec-POMDP is defined as a tuple <IS {A},P, R, {2},
0,K > (Oliehoek & Amato, 2016). I is a finite set of agents, S
is a finite set of states, A; is a finite set of actions for each agent
iel, P is a state transition function, R is a reward function, €; is
a finite set of observations by each agent i, © is an observation
function, and K is a decision horizon of the problem. We denote
the number of agents as N; |I| = N.

At every decision epoch ke {1,...,K}, each agent i ob-
tains individual observation o0;;€€2;, and chooses its action
a;x €A; to maximize a shared reward. A joint action from all
agents is denoted by ap = (ayy Gy ...,0y,), and a system
state transitions from syeS to s, €S following state transi-
tion function P (s 1[Sk. a;). Observation function O(0y,1|ay, Sky1)
defines the probability of observing joint observation oy, =
(01 k415 02 k41 Onk+1) When the state is s, by joint action ay.
Because agents share a common goal in a dec-POMDP setting, they
receive the same reward; reward function R(sy, ;) defines the re-
ward earned by the agents when joint action ay, is taken at s;.

A policy for each agent, m;, is a function that probabilistically
defines the agent’s individual action, given the information avail-
able to the agent. In dec-POMDP, an agent neither knows the

.....
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Fig. 1. Proposed solution method.

full state of the system nor other agents’ actions at each decision
epoch. Thus, each agent chooses its action based on its own previ-
ous actions and observations, i.e., action-observation history (AOH).
Specifically, m;(a;|0;x) is a probability of choosing an individual
action a;y, given individual AOH. We denote individual AOH by
ik = (@i1,0i2, ..., A1, 0;x) and joint AOH by 6 = (6t ... Oy )-
A jointly separable policy is the product of the individual policies:

N
7 (@|6) = [ [ 7i(aixl0in)-

i=1

(1)

Then, the objective of a dec-POMDP model is to find a jointly sep-
arable policy 7 that maximizes its expected reward?:
K
7* = argmaxz Ex[Y" R(si, ay)]
k=1
Since it is often impractical to exactly solve Eq. (2), MARL based
on deep neural network is used as a practical alternative to obtain
an approximate solution. In such MARL algorithms, a dec-POMDP
policy is represented as a neural network; specifically, Recurrent
Neural Network (RNN) is commonly used (Foerster et al., 2016; Fo-
erster et al., 2018; Lowe et al., 2017; Omidshafiei et al., 2017). RNN
is an effective architecture to consider temporal dependency be-
tween inputs and outputs, and, as such, is appropriate for a POMDP
environment where an observation sequence, i.e., AOH, is used as
an input. This policy network is specifically denoted as m,, where
subscript w represents the network parameters: 7, (a;|0;). As in
Eq. (3), this can be written as

(2)

N
T (a|0) = [ | 7w (@i x16310)-

i=1
More details on the RNN architecture and its implementation
are described in the supplementary material.

(3)

3.2. Framework of proposed solution method

3.2.1. Overall concept of the proposed solution method

We propose a solution method for a dec-POMDP problem. Our
solution method combines supervised learning with an MARL algo-
rithm. In particular, we augment a widely-used MARL algorithm -
multi-agent Actor-Critic (AC)- by behavioral cloning (BC). The mo-
tivation of this solution method is to leverage domain knowledge
or expert’s decision rules when computing a policy solution by an
MARL algorithm. We construct a dec-POMDP policy by learning
from reference demonstrations (i.e., behavioral cloning), and pro-
vide it for the MARL algorithm to use as its initial policy. Later, we

2 To be precise, the expectation should be written as Es, q,~x[-]. For the sake of
simplicity, we simply write it as E; and omit the random variables.
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show with our numerical examples that the use of the initial pol-
icy from BC enhances a standard MARL algorithm in terms of its
solution quality and computational cost.

Fig. 1 shows the overall concept of the proposed solution
method. In a standard MARL, shown in Fig. 1(b), we start an MARL
algorithm, such as multi-agent AC, with an arbitrary initial policy,
70, Then, the MARL algorithm improves the initial policy to ob-
tain a final policy solution, for which we use 7ARL to denote.’
On the other hand, in the proposed solution method, rather than
using an arbitrarily generated initial policy, we construct an ini-
tial policy through pretraining it with demonstration samples as
a reference. For the pretraining step, we use behavioral cloning
which imitates decisions demonstrated in the samples to construct
a cloned policy, 75, Then, a multi-agent AC algorithm takes 75C as
its initial policy and improves it through iterations. The final pol-
icy solution after the MARL step with multi-agent AC is denoted
as wBCHMARL Note that we can think of demonstration samples as
specific instances of decision making by an underlying policy, such
as human expert knowledge or heuristic decision rules. We refer
to this underlying policy as a reference policy, ™. With that no-
tion, our proposed solution method can be summarized as follows:
construct 8¢ from 7" by BC and then uses 75€ as an input for
the multi-agent AC algorithm to obtain 7z BCHMARL

Using numerical experiments, we will show that pretraining by
using BC before the MARL step provides advantages over the stan-
dard MARL (i.e., without pretraining). Firstly, the use of 75C re-
duces the computation time to reach the convergence of a policy
solution. We conjecture this reduction is attributed to a more ef-
ficient exploration in the multi-agent AC algorithm, especially dur-
ing the early phase of learning. By starting with 75C rather than an
arbitrary initial policy 0, the amount of improvement that needs
to be achieved through MARL is smaller; this is because the per-
formance of 78€ if properly constructed, is closer to the optimal
dec-POMDP policy than 70 is. In addition, 75 also seems to allow
the AC algorithm to focus its exploration in a more relevant policy
solution space. In a multi-agent environment, it is important for
agents to learn and develop a policy solution in which their ac-
tions are coordinated to achieve the system objective. When start-
ing from an arbitrary policy 7%, it can take many iterations to
reach a reasonably-coordinated policy. On the other hand, &€ is
a result of imitating coordinated behaviors, demonstrated in the
reference samples, and thus we expect that the exploration would
be more effective than starting from 0.

3 Throughout this paper, we use 7w as a simplified notation for 7, ww =
[T, 7ima, Where i is an index for an agent and wMARL is the network parameter
obtained after training by the MARL algorithm. We use the same notation conven-
tion for 775¢ and 77 BC+MARL,
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The proposed solution method is explained in detail in the fol-
lowing sections. In Section 3.2.2, we describe how to obtain 75€
when we have demonstrations to imitate. Then, Section 3.2.3 pro-
vides details on the design and implementation of a multi-agent
AC algorithm.

3.2.2. Pretraining: using BC to obtain an initial dec-POMDP policy

Behavioral cloning (BC) refers to a supervised learning method,
where agents learn their policy from demonstration samples. Its
objective is to construct a policy 75C that best imitates the deci-
sion making by the reference policy 7'¥. Note that 7" is only no-
tional, and it exists as demonstration samples. BC generates 75€,
a feasible dec-POMDP policy, from demonstration samples which
encode 7",

The main input to BC is a set of sample demonstrations for all
agents. Let 6; denote a single sample of AOH for agent i at time
k: é,;k =(@;1,0i2,-..,qjx_1,0;). In the demonstration samples, for
each 6’_,3,{, we know a;, the action chosen by agent i. In the super-
vised learning (BC) concept, a;\, is a true label for each G_j.k. Then,
we use O to denote a collection of éi,k for all i and k. Likewise,
we let dg denote the history of observed actions for all agents
throughout K: dK = ((a]‘], ara, ..., a”(), e (aNJ, e aNYK)). We
define a sample demonstration T to consist of state sequence, AOH,
and reward sequence: T = (Sg, 0, ak, k). Sk denotes a sampled
state, and Sg = (51,52, ..., sk). T is a sequence of sampled reward
Tk» and f]( = (r1 I, T[().

BC aims to reduce deviations between the chosen action a;
and the predicted action from the current individual policy ;..
It updates network parameter w such that ”i:w(ai,k|éi,k) is 1 for as
many input 0_,;,{ in demonstrations as possible. A loss function L(w)
to update w is

K N
Lw) == > "up > " log mi (a0 k)

TeBP k=1 i=1

(4)

where BP denotes a demonstration buffer, which is a set of all
demonstration samples. Recall that nizw(ai_k|9_,-,k) is the probabil-
ity of choosing a; given 0_,3,< under the current policy represented
by a policy network with parameter w. uy is a positive weight
for a sample trajectory 7 at time k. uj is introduced to assign a
higher weight to the predictions at earlier time steps. L(w) quan-
tifies the degree to which the actions predicted by a current pol-
icy match the actions in demonstration samples. L(w) defines the
negative cross-entropy loss with weights on each prediction. Cross-
entropy measures the difference between two probability distribu-
tions. Negative cross-entropy loss uses cross-entropy to evaluate
how well the prediction function is correctly matching the true la-
bel. L(w) is 0 if the classifier predicts a true label with a proba-
bility 1; that is, if JT,-;W(a,-,kIO_,»_k) =1 Vi and k, then L(w) = 0. Con-
versely, if the classifier does not match the true label at all, L(w)
diverges to positive infinity.

A gradient descent method is used to find w that minimizes
loss function L(w). It finds a local minimum of an objective func-
tion through iterations using gradient information. As specified in
Eq. (4), we use a full batch of demonstration samples (BP) at every
iteration. In this work, we use Adam (Adaptive moment estima-
tion) method (Kingma & Ba, 2015), which updates parameters by
using the gradient values in previous iterations.

Algorithm 1 summarizes the BC algorithm used in our study.
The output of Algorithm 1 is a decentralized policy, which we de-
note as 75, This policy is used as in initial policy in the subse-
quent MARL step.

Finally, we wish to comment on the quality of 772€. Because BC’s
goal is to imitate a reference policy as much as possible, the max-
imum quality we can expect from 75C is evidently limited by that
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Algorithm 1 Behavioral cloning (Glorot & Bengio, 2010).
1: Initialize w by Xavier uniform initialization method~(Glorot &
Bengio, 2010)
2: Set weight uf Vke {1,..., K}, T € BP and learning rate «
3: for supervised learning steps do

4:  Compute L(w) using Eq. (4) _
LW) = = ¥, pp Yoy UL 21 108 771 (a1 1016, 1)
5. Update w
W<« w—aVyl(w)
6: end for

of 7", On the other hand, a lower bound of 75s performance is
related to the prediction error in BC. We construct a theorem based
on Ross and Bagnell (2010) to formally state the lower bound of
78C's performance:

Theorem 1. Define €, prediction error of m8C at decision epoch k,
as €, = Eé’ akNﬂ,ef[Eakac[I(ak # ay)]]. Let J(zr) denote the expected
"

total reward of policy m. Then J(7r5) > J(7"ef) — (imax — Tmin) K%€.
where € = L YK €.

Proof of Theorem 1 is provided in the supplementary material.
In the above statement, (Fmax — 'min) i the gap between the max-
imum and minimum of the immediate reward. Theorem 1 states
that the lower bound of 7€ is positively proportional to the qual-
ity of ' and negatively proportional to the average prediction
error €. It implies that it is important to choose 7™ that is both
high-quality and easy to learn in imitation learning. To this end,
domain-specific knowledge and experience can help improve the
quality of 75,

3.2.3. MARL: a multi-agent Actor-Critic algorithm

After obtaining 75¢, now we further improve it through MARL.
We employ a multi-agent Actor-Critic (AC) as our MARL algorithm.
A multi-agent AC algorithm is one of the latest and widely used
MARL algorithms. It uses both a policy function and a value func-
tion to find a policy solution (Konda & Tsitsiklis, 2000). Recall
that a value function V™w(s,) is the expected return at the cur-
rent state s, when an action is chosen according to policy my:
VW (sg) = EHW[ZFQJ‘R(S,{H,ak+,)|sk]. As with a policy function, a
value function is approximated as a neural network with network
parameters v: V™ (s;) ~ V)™ (sp,).

An AC algorithm uses a value function when computing a pol-
icy gradient to update a policy function. When an “actor” chooses
an action under a current policy my, a “critic” updates parameters
v of the value network by incorporating rewards realized by the
chosen action. Then, the critic uses the updated value function to
guide the actor in updating parameter w for its policy function. For
its multi-agent implementation, we use a centralized critic, which
uses the information on the full states to update its value network;
it follows that we have a single value network that acts as a sole
critic for all agents, hence termed as a centralized critic. It is struc-
tured as a feed-forward network that takes the current state s as
its input and predicts the value V) (s).

Policy parameter w is updated to maximize the expected total
return, J(w) = Ex,[rq1 + 12 + - + 1], by moving in the direction of
policy gradient V,J(w). Specifically, we calculate the policy gra-
dient based on generalized advantage estimator (GAE) (Schulman,
Moritz, Levine, Jordan, & Abbeel, 2016):

Vi (W) = Ex, [Q™ (s, @) Viw log 71w (0 |0))]
~ En, [ASYEV,, log 7w (|0} ].

Note in Eq. (5) that A% acts as an estimate of g-function
Q™ (s, a;)*. Specifically, GAE uses a control variate method

(3)

4 Q™ (5. @) = Ex, [ RSkt Gest) Ik ag -
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with exponential weights to get an estimator that substitutes
Q™ (sg, ap):

K-k

AEAE = Z(}\GAE)I{rkH + Vi (Seren) = Vi (S b (6)
=0

It balances the variance and bias of the estimator by using
AGAEc(0, 1].

Parameter v for a value function is updated to reduce the differ-
ence between the current estimate of the value function and what
is computed by sampled rewards from simulations. For updating v,
TD(A) method is used. TD(A) method is a value estimation method
that adjusts how much of the sample rewards are used for defining
the target, Gﬁ. As in GAE, A €|0, 1] represents the degree of com-
promise between the variance and bias of the estimate. In TD(A)
method, the following loss function is used:

K
L) = Y (G = V™ (s1))? (7)

k=1

where G} is a weighted sum of n-step return G,E”).S TD(0) mini-
mally uses the sampled reward by setting G,((O) as 1+ Vi (Sge1)-

For TD(1), it becomes Zfi’ok Tx41, Which is the cumulative return.

Finally, we briefly describe the initialization of a policy net-
work and value network. The proposed solution method initializes
a policy network and a value network based on the results from
the BC step. For a policy network, the network parameter wiC of
8¢ is directly used to define the initial policy network for the
AC algorithm. For a value network, we need to construct an ini-
tial value network because, during the BC step, only a policy net-
work is trained. We estimate a value function from sample rewards
by simulating 7 8. That is, we obtain parameter v that minimizes
Eq. (7) in which 7, is replaced with 7€,

Algorithm 2 summarizes the MARL algorithm used in our study.

Algorithm 2 Multi-agent AC with a centralized critic.

1: Initialize v and w. Use pretrained v and w if available.

2: Set A, A% and learning rate 8 and y.

3: for MARL steps do

4 Empty training buffer B and set Av =20

5 for Batch size do /|~sample an episode by running 7,
6: s1 = initial state, k:l,é,ﬂ’l =pVie{l,...,N}
7
8
9

while s, # terminal do
Get observation oy
Oik < Bik-1.ik_1. 01 k)

10: . ~ IT; 7i,w (@i 161 1)

11: Get reward r, and next state s; 4
12: k=k+1

13: end while

14: Store episode T = (§k, Ok, k. Fx) to B
15: Calculate TD(A) target Gﬁ using v

AV = Av+ Y V(G =V (s))?

16:  end for

17 Update parameter v for value network
v<v-BAv

18:  Update parameter w for policy network
AW = Y g Sk [AGAE Vi 10g T 7 (01164
W< w+yAw

19: end for

We use a stochastic descent and ascent method to compute pa-
rameter v and w. At each training, it stochastically samples a

) K—k=1 5 n— ko1 Kk -1 .
SGh=(1-2) 2 TAn 1G/(<m + Mkt S T G;(cn) =210 Theat + Vo™ (Stn)
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batch of episodes drawn from simulation under current policy 7y,.
These sampled episodes are used to compute the loss function
Eq. (7) and the policy gradient defined in Eq. (5). A value net-
work is updated to minimize the summation of loss value for each
episode in a batch, and a policy network is improved by moving
parameter w in the direction of the policy gradient. As with our BC
implementation, we use the Adam method for updating both net-
works to find optimal w and v by gradient-based local optimiza-
tion.

4. Application of the proposed solution method: Decentralized
selective patient admission problem

4.1. Problem description

In the aftermath of a multiple casualty incident (MCI), a large
number of patients with different severity arrive at emergency
departments (ED’s) in a short period of time. When low-severity
patients arrive early at EDs and occupy their resources first (der
Heide, 2006; Hogan, Waeckerle, Dire, & Lillibridge, 1999; Waeck-
erle, 1991), care provision to high-severity patients may be delayed
due to resource shortage. Selective patient admission refers to a
strategy to divert some patients to other ED to preserve medical
resources for future arrivals of patients in more critical condition.
The goal of a selective patient admission strategy is to maximize
the overall number of survivors from an MCI.

Fig. 2 describes our decision problem. There are NP patients at
an MCI site, and they belong to one of the two severity classes: im-
mediate and delayed. Under widely used triage classification sys-
tems such as START, both immediate- and delayed-class patients
require definitive care (e.g., surgery) for their survival. Immediate-
class (red) patients are in a highly critical condition, and they
need definitive care to be provided immediately. Delayed-class
(yellow) patients are also in a critical condition, but the urgency of
definitive care provision is relatively less than immediate-class pa-
tients. The survival probability of these patients decreases in time,
and the rate of decrease depends on their severity class and the
elapsed time from an incident. Patients arrive at each ED accord-
ing to a time-dependent arrival rate,’ and upon their arrival, an
ED determines whether to admit the currently arriving patient. If
the decision is to admit, a bed in the ED (or equivalent resource)
is consumed. If it decides to divert, the patient is transferred to
another ED.

This problem is cast as a decentralized decision problem under
partial-observation. We assume that each ED only recognizes the
current state of itself and makes its admission decision without
having access to information on other EDs (e.g., available beds) or
on the patients (e.g., number of patients being diverted). Lack of
such information brings a significant challenge for decision mak-
ing. For example, an ED would divert a patient only if it knows
that at least one ED has a bed to immediately admit the patient,
but without knowing it, the ED has to make a diversion decision
under the uncertainty of prompt care provision at a destination ED.

4.2. dec-POMDP formulation

We briefly introduce key elements of our dec-POMDP model.

» Decision epoch, k: A decision epoch is the moment of patient
arrival at any of the EDs in the system. The decision problem
is terminated when there is no remaining bed or all patients

6 We assume patient arrivals - the time of arrival (t), severity class
(m), and destination ED (i*) - follow a multinomial distribution: (t, m,i*) ~
Multinomial (NP; p; ;- ). A multinomial distribution is used to ensure a fixed num-
ber of patients arrive from an MCI.
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Fig. 2. Illustration of a decentralized selective patient admission problem.

Table 1
Meaning of each state element.

Element  Definition

t

Discretized time since the onset of MCI, t = {0, A, 2A, ...}
where A is a discretized time step length

m Severity-class of the currently arriving patient,
m e {immediate, delayed}
i* Index of ED at which the current patient arrives, i* € {1,..., N}
y© Number of patients who have arrived from MCI site during
[t.t+A),
¥ efo,...,NP}
y? Number of patients who have arrived via transfer during
[t.t+A),
v efo,..., NP}
b; Number of beds remaining at ED i, b; € {0, ..., B;}, where B;

is the initial number of beds available at ED i.

z{i Number of transfer patients of delayed-class to arrive at ED i
during [t + 1« A t+ (I+1) % A), 2}, € {0,..., NP}
zfi Number of transfer patients of immediate-class to arrive at ED i

during [t +1x A t+(+1)xA), 2K, €{0...., NP}

7

are admitted. Note that the system may never reach the above
terminal states when there is at least one patient who keeps
being diverted by the EDs. When that happens, we consider the
system has reached a terminal state’.

System state, s;: At each decision epoch k, state vector s, is de-
fined as

: ¥4 Y Y Y Y
S =(t,m, i*, ¥,y . b, ... BN, Zgqs o 2o e 2 2
R R R R
Z0 s ZoNs o2 2010 ZLND-

N is the number of EDs in the system, and L is the travel time
between the two farthest EDs. Table 1 explains each of the ele-
ments in s;. It contains system state information in four dimen-
sions - attributes of the currently arriving patient (t, m, i*), the
number of patients arriving within the current time step (y*,
¥#), the number of remaining beds (bq,..., by), and the status
of patients on diversion (z{ ;... zf ).

Observation, o,: Each ED makes a partial observation on the
system state. When a patient arrives at ED i*, ED i* gains in-
formation, o0;. ), on the arriving patient and its own resource
state. Note all other EDs do not obtain any information at the
moment. Specifically, 0 j = (t, m, i*, by), 0, =¥ for i#£i*, 0 =
(01 - -+ ON k)

Action, a,: An ED decides whether to admit a currently arriving
patient and, if diverting, to which ED it diverts the patient. That
is, upon an arrival of a patient, an ED’s action is to select one
of the EDs: a;, € {1,...,N}, ay = (ay g, . ... Gng)-

In our implementation, we set an upper bound for the maximum number of

decision epochs to be a sufficiently large number, M.
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Fig. 3. Survival probability for immediate- and delayed-class patients (Mills et al.,
2013).

» Reward, R: A positive reward is earned when a patient is ad-
mitted to an ED - R(sy, a) = f(m,t) if a; = i*. fim, t) denotes
a survival probability function for a patient with severity-class
m. If a patient is diverted to another ED, no immediate reward
is given. That is, R(s, ay) = 0 if a;. #i*. For flm, t), we use
the survival probability function in Mills et al. (2013), which is
shown in Fig. 3.

o State transition: State transition depends on a chosen action. If
an ED’s chosen action is to admit a patient, the number of re-
maining beds in the ED is reduced by one. If the action is to
divert a patient, patient diversion status changes. State transi-
tion also happens when a patient arrives at an ED either from
an MCI site or from another ED (diversion). Details on the state
transition probabilities are provided as supplementary material.

4.3. Demonstration samples for BC from oracle solutions

As described in Section 3.2.2, BC takes demonstration samples
T = (S, Ok, Ay, Tx) as an input to construct 775€. T may be obtained
from human experts’ demonstrations, decision rules, or any other
relevant source of demonstrations. In this problem, we use solu-
tions from a job assignment integer programming (IP) model as a
source of demonstration data. Since the solution of this IP model
is obtained with complete knowledge of all future arrivals of pa-
tients, we call this IP model as P°"le and a solution of Porcle 3s an
oracle solution.
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The following IP model, P°"®le defines the job assignment prob-
lem:

N NP
(Poracle) maXZinjfij (8)
i1 j=1
N
s.t.Zx,-jfl, V]'e{]?“.’NP} (9)
i=1
NP
> xj<Bi, Vie{l,... N} (10)
Jj=1
x;j€{0,1}, Vie{l,....N}, je{1,...,NP} (11)

Decision variables, x;;, indicate an admission decision for patient j
to ED i - x;; =1 if admitted and O otherwise. N is the number of
EDs and NP is the number of patients. In objective function (8),
fij is the survival probability of patient j when admitted to ED i,
and (8) maximizes the total survival probability. Constraints (9) re-
quire that a patient can be admitted to at most one ED; constraints
(10) are capacity constraints for each ED to limit the number of ad-
missions to B; for ED i.

We generate a large number of instances of patient arrivals by
sampling from the assumed patient arrival distribution. In each
problem instance, all future patient arrivals are specified - time
and severity class of each arrival and its destination ED. Note that,
for a given problem instance, we can compute f;. Then, we can
solve PP'acle to obtain a patient-ED assignment solution, x;j. This
patient-ED assignment solution encodes admission decisions at in-
dividual EDs.

With an admission decision solution from P°"ce for each in-
stance of patient arrivals, we run the simulation following the ad-
mission decision. In the simulation, when a patient arrives at an
ED, we use the admission decision solution to either admit the pa-
tient to the current ED or divert to the ED specified in the solution.
As the simulation progresses, we record state sequence, reward
sequence, and action-observation history for each ED. Thus, for
each patient arrival instance, we obtain one demonstration sam-
ple, T = (5, O, Gk, Fx). We obtain 7 for a large number of patient
arrival instances, and these t’s are used as a demonstration set in
BC.

Note that the oracle admission decisions would be different
from admission decisions of an optimal dec-POMDP policy even
when the system experiences the same patient arrivals. This is be-
cause when computing the oracle decision solution, all future pa-
tient arrivals are fixed and known a priori. This hypothetical setting
for Poracle js obviously non-existent, and its solution exists only in
a notional sense. Nevertheless, since oracle admission decisions are
obtained with much more information than what can be obtained
in a dec-POMDP environment, we use oracle admission decisions
as a source of demonstration samples for BC with a belief that they
contain valuable knowledge for obtaining a good dec-POMDP pol-
icy.

5. Computational experiments
5.1. Experimental setting

We apply the proposed solution method to three MCI scenar-
ios with varying scales. The total number of patients in each sce-
nario is 12, 30, and 65, and the number of responding EDs is 3,
5, and 11, respectively. The first scenario is based on the actual
incident data from a bus crash on Incheon Bridge in South Ko-
rea (Kang et al,, 2013), where three immediate-class patients and
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Table 2
De.m.i» for Scenario 1.

Time [hr] Delayed-class Immediate-class
ED A ED B ED C ED A ED B ED C
[0.0, 0.5) 0 0 0 0 0 0
[0.5, 1.0) 0.250 0 0 0 0 0
[1.0, 1.5) 0.333 0.083 0.083 0.083 0 0
[1.5, 2.0) 0 0 0 0.083 0.083 0
(I E0 A IElED B IED ¢ CED D [CJEDE]
0.14 0.14
012 (a) Immediate-class 012 (b) Delayed-class
5 01 0.1
g
200 0.08
=
8 006 0.06
[
o
0.04 0.04
0.02 0.02 I Ih |]
0 —LLI]’-IL.]’-"-‘L-’*“——- 0
0 1 2 3 4 5 6 0 1 2 3 4 5 6

Elapsed time (hours) Elapsed time (hours)

Fig. 4. p; ;. for Scenario 2.

nine delayed-class patients were transported to three EDs - ED A,
ED B, and ED C. For this scenario, we assume the initial number
of available beds at each ED, B;, to be proportional to the size
of the EDs: By =4, Bg = 6, B- = 2. We estimate an arrival density,
Multinomial (NP; p; p, ), from the actual patient arrival record at
each hospital, as shown in Table 2. Travel times between the three
EDs are obtained from their actual locations: 0.5 hr for all ED pairs.

In the second scenario, we consider a resource-constrained sit-
uation after a large-scale MCI. There are 30 patients with a 1:3
ratio between immediate-class and delayed-class patients. These
patients are transported to five nearby EDs with the following
initial capacity: By = 3, Bg = 3, Bc = 12, Bp = 12, B = 15. Patient ar-
rival density is constructed such that arrivals of patients reach a
peak at the beginning and gradually decreases.® Fig. 4 shows p; p, i
for Scenario 2. This scenario depicts a situation where first respon-
ders send a large number of patients to ED A and B which have
only a few available beds. Transfer time between ED B and other
EDs is 0.5 hrs while between all other EDs, it is 1.0 h.

The third scenario is based on the Mauna Ocean Resort gymna-
sium collapse (Cha et al., 2017), one of largest MClIs in recent years
in South Korea. In this scenario, we consider 65 severely-injured
patients with a 1:4 ratio between immediate-class and delayed-
class patients. Patients are transported to eleven EDs, distributed
in three nearby cities - four EDs, six EDs, and one ED in each city.
Initial capacity of each EDs is By =5,Bg = 6,Bc = 14,Bp = 6, B =
15,BF =10,Bg =5,By = 5,B;=6,B; =15, By = 5. We set patient
arrival density using the same method in constructing scenario 2
based on peak arrival time and arrival volume data. Distances be-
tween EDs and the MCI site are determined based on their actual
locations.

In behavioral cloning, we use 1,000 demonstration samples ob-
tained from solving P°™cle and a policy network is trained for 512
iteration steps. We use a sampled return, rj + g, q +---+ Tk, as
positive weights uf. A value network is pretrained for 64 steps us-
ing 128 episodes per each step generated by mBC. After the pre-
training, the AC algorithm learns a dec-POMDP policy for 5000
steps. At each MARL training step, we also use 128 episodes. In
the MARL phase, we set an immediate reward as a reduction in

8 Details on setting p; ;. are provided in the supplementary material.
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Scenario 1

Oracle

i (7.419, 0.042)

(Best) ﬁBC+MARL

H (7.364, 0.042)

(Worst) WBC+MARL

7 (7.360, 0.042)
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Scenario 2

= (18.119,0.079)

- (18.034,0.079)

J— (18.023, 0.079)

Naive - (7.147, 0.042) - (17.546, 0.080)
FCFS H+ (7.046, 0.041) - (17.134,0.079)
5.5 6 6.5 7 7.5 8 85 16 16.5 17 17.5 18 18.5 19

Expected # of surviving patients Expected # of surviving patients

Scenario 3

Oracle ] (26.795,0.109)

(Best) 7BCMARL

w

—— (26.638, 0.109)

(Worst) 7BCTMARL —}—  (26.599, 0.108)

Naive [~ (26.108,0.108)
FCFS 5—< (25.789, 0.104)

25 255 26 26.5 27 275 28
Expected # of surviving patients

Fig. 5. Performance of a dec-POMDP policy from the proposed method and alternative policy solutions. Bars indicate 95% confidence interval.

survival probability when a patient is diverted. Under these set-
tings, we obtain five policy solutions with interim policy networks
saved at every 100 training steps for each policy solution. Other
hyperparameters related to the neural network structure and train-
ing scheme are summarized in the supplementary material.

To assess the performance of our policy solutions, we compare
our policy solutions with other heuristic policies. For comparison,
we consider two alternative heuristic policies for selective patient
admission: First-come first-serve (FCFS) policy and “naive” policy.
Under the FCFS policy, an ED always admits a patient as long as
there is an available bed; if no bed is available, it diverts a pa-
tient to the nearest ED. A naive policy is constructed based on Lee
and Lee (2018). Lee and Lee (2018) discusses a selective admis-
sion problem for a single ED-setting. Their model assumes when a
diversion decision is made, the patient can be immediately admit-
ted at the destination ED, and thus we refer to the policy solution
as naive. In addition to the two heuristic policies, we also present
an upper bound of the problem. Solutions to P°"ae give an upper
bound value of our dec-POMDP problem because it uses a priori
knowledge on future arrival information. Thus, as an upper bound,
we compute the average of optimal values of Porce for arrival in-
stances.

5.2. Results and discussions

We compare the quality of policy solutions from the three alter-
natives: wB*MARL Najve, and FCFS policy. As a reference, we show
the performance of the oracle solution, which is an upper bound
of the problem. For each policy solution, we run 1,000 simulations
while controlling the random seed in each simulation to ensure
they are evaluated under the same condition. Note that different
7 BC+MARL 5 obtained every time we solve the dec-POMDP problem.
For comparison with other policy solutions, we solve the problem

Table 3
Number of diversions and its types. Numbers in parenthesis represent 95% confi-
dence interval.

FCFS Naive 77 BC+MARL

Min Max

Scenario 1 Total 8.07 8.17 5.83 5.88
(0.19) (0.19) (0.09) (0.09)

Selective 0.00 343 2.78 2.85
(-) (0.10) (0.07) (0.07)

Redundant 2.93 2.60 0.49 0.54
(0.16) (0.15) (0.04) (0.04)

to obtain five 7B¢+MARL and we report performance results from
the best and worst of the five wB*MARL Fig 5 shows the results
from the simulation experiments.

Fig. 5 shows that 7B+MARL yields better results than FCFS and
Naive policies in all scenarios. In scenario 1, the average value of
the expected number of surviving patients from (Worst) st BC+HMARL
is 7360 with 95% confidence interval of 0.042. This is higher
than the results from Naive and FCFS policies, with statistical
significance. The same is also true in scenario 2 and scenario 3.
We further examine these results, number of diversion instances
in particular, to understand why 7B*MARL performs better than
benchmark policies. In Table 3, we compare the number of diver-
sion decisions in scenario 1 under each of FCFS, Naive, and our
solution. “Total” refers to the total number of diversions under
each policy. Among all diversions, some diversion decisions are
made when beds are still available at an ED; we refer these types
of diversions in Table 3 as “Selective” diversions. Finally, some
patients are diverted more than once - from ED A to B to C, etc.
-, we identify these diversions as “Redundant”. Table 3 shows that
the total number of diversions made under 7B +MARL i far smaller
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Table 4
Expected number of surviving patients from 77 B<*MARL and 7 MARL Numbers in paren-
thesis represent 95% confidence interval.

7 BC+MARL 7 MARL
Scenario 1 Best 7.364 (0.042) 7.344 (0.041)
Worst 7.360 (0.042) 7.334 (0.042)
Scenario 2 Best 18.034 (0.079) 17.919 (0.079)
Worst 18.023 (0.079) 17.910 (0.078)
Scenario 3 Best 26.638 (0.109) 25.845 (0.107)
Worst 26.599 (0.108) 20.714 (0.084)

than the other policies. In addition, wB“*MARL yields the fewest
redundant diversions. On the other hand, FCFS yields the highest
number of redundant diversions, while not making any selective
diversions. Based on these results, we see that Naive and sr BC+MARL
improves the FCFS policy by selectively admitting patients. This
prevents early consumption of resources by less critical patients.
Note that redundant diversion significantly delays care provision
and thus is detrimental to patient outcomes. 7 B<MARL ayoids such
redundant diversions; 7B +MARL djvert a patient to an ED likely to
immediately provide care to the diverted patient, minimizing the
chance of additional diversions.

These results suggest that for an ED to make an optimal deci-
sion, it is indeed important to consider the other EDs participating
in the response efforts; goodness of an individual ED’s selective
admission decision depends on the states or decision policies of
other EDs. In both FCFS and Naive heuristic policies, these factors
are not considered, and these heuristic policies may end up mak-
ing improper decisions to admit or to divert a patient to a wrong
destination. On the other hand, wBMARL '35 3 solution to the dec-
POMDP problem, takes into account possible influences from the
other EDs in the system. In the MARL approach, a policy is continu-
ally improved by evaluating decisions in previous experiences, and
when the quality of a decision depends on other EDs’ decisions,
the MARL algorithm improves the policy based on these evalua-
tions.

In addition to outperforming the two heuristic policies,
BCHMARL performs very close to the oracle solution. Recall that the
oracle solution is the upper bound for this problem as it uses com-
plete information on all future arrivals. The average gaps in the ob-
jective function between (Worst) 77B¢+MARL and the oracle solution
are less than 1% in all scenarios; differences in the expected num-
ber of surviving patients from the two are statistically insignificant.
Since the oracle solution gives an upper bound value for the dec-
POMDP problem, it can be said that the performance of 7 B¢+MARL
is quite close to the optimal dec-POMDP policy.

MARL only, Scenario 1

o]

D

N

= MARL only
= = = Avg. of BC solution

Empirical return (avg. of 5 replications)
N

o

0 2000 4000 6000 8000 10000
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Table 5
Comparison of computation time (minutes).
Tvre TMARL
Scenario 1 Min 4.01 40.4-43.5*
Max 4.19 65.8-69.0"
Scenario 2 Min 10.54 N/AT
Max 11.20
Scenario 3 Min 35.00 N/AT
Max 36.72

* TVARL is given as a range because we evaluate interim policy at every 100th
training step.
T MARL did not reach the value of 7 5C.

Next, we examine the effect of augmenting the MARL algorithm
by pretraining via BC. We compare the proposed solution method
— pretraining via BC and improving 73¢ through MARL - with
MARL without pretraining. We use 7w MARL to refer to a policy solu-
tion from MARL without pretraining. To obtain 7 MARL we start the
same actor-critic algorithm without the BC step and learn a policy
solution for 10,000 steps. Table 4 summarizes the performance of
qrBCHMARL and MARL In Table 4, we observe that wBC+MARL giyes 3
better result, though marginal in some scenarios, compared with
77 MARL.

It is the computation time that pretraining with BC seems to
provide a substantial advantage in these examples. To examine the
effects of pretraining on computation time, we define pretraining
time, TP in the proposed BC+MARL method. It includes time to
solve Poracle generate demonstration T, conduct supervised learn-
ing (BC), and initialize a value network. For MARL without pre-
training, we define a timestamp, TVARL to be the time when the
performance of an interim policy solution reaches that of 75, That
is, we measure the time for MARL to develop, from scratch, a pol-
icy solution that has a similar quality as 7 8¢, the initial policy for
the MARL step in the BC+MARL method. Table 5 presents the time
stamps for each method. This result shows that it takes longer for
MARL without pretraining to reach a similar performance of m5€
than the time to pretrain neural networks in BC+MARL. In fact,
MARL did not reach the value of 75C even at the end of total train-
ing steps, which took more than 23 h for scenario 2 and 103 h
for scenario 3. Pretraining clearly helps to reduce the computation
time by providing a high-quality initial policy for the MARL algo-
rithm to jump-start its learning process. This implies that when
we have a fixed computational budget, BC+MARL has an advantage
over MARL without pretraining in that we quickly obtain a decent
initial policy from BC and use the remaining budget to further im-
prove the initial policy through MARL.

MARL only, Scenario 2
207

= MARL only
= = = Avg. of BC solution

0 | | I I )
0 2000 4000 6000 8000 10000

Training steps (point per 100 steps)

Fig. 6. Learning curve of MARL algorithm without pretraining; Scenario 3 is similar to Scenario 2 and thus not shown here.
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Fig. 6 shows learning curves during the training process of the
MARL algorithm without pretraining. We draw a learning curve in
scenario 1, and scenario 2 by plotting the return values averaged
over five different runs, and the shaded area represents their stan-
dard deviation. It shows that, without pretraining, the algorithm
struggles to improve the policy at the beginning, particularly in
scenario 2. This is because the algorithm searches a policy with-
out any prior knowledge about the target problem and many sam-
ple experiences are required before reaching a decent solution. It is
well known an MARL algorithm can easily fall into a local optimal
point during a learning process as it is essentially based on local
search. Previous studies attempt to overcome this issue by improv-
ing exploration, and the use of demonstrations has been shown to
be effective for this purpose in a single-agent environment (Gao
et al., 2018; Subramanian et al., 2016). We conjecture that the ef-
fectiveness of our proposed solution method is similarly explained
in terms of its efficient exploration. Initializing the MARL algo-
rithm from the demonstrations obtained through the solutions of
poracle helps the algorithm to start at a better point in the solution
space.

6. Conclusion

In the aftermath of a mass casualty incident, multiple decision-
makers are involved in disaster response efforts, and in their
decision making, they most likely have an access to only partial
information on the current disaster situation. Most of the existing
literature on disaster response operations management, however,
build their models and analyses on an implicit assumption that
decisions are made by a single decision-maker who has complete
knowledge of the current situation, i.e., fully-observable single-
agent decision problem. In this paper, we present a multi-agent
decision making problem where multiple agents seek to achieve a
common goal while provided with only partial information on the
system states.

We formulate this partially-observable multi-agent problem as
a decentralized-POMDP (dec-POMDP) model. While it seems most
appropriate to formulate decision making problems in disaster re-
sponses as a dec-POMDP model, to our best knowledge, it is the
first dec-POMDP study in the disaster response operations research
literature. Then, we tackle the computational challenge of solving
dec-POMDP models. It is well known that optimally solving a dec-
POMDP model is very difficult. In the absence of an efficient ex-
act algorithm, multi-agent reinforcement learning (MARL) has ap-
peared as and will continue to be an attractive solution method
for dec-POMDP problems. To that end, we propose a method to
augment the standard approach to solve dec-POMDP models. We
adopt behavioral cloning (BC) to pretrain initial neural networks of
the MARL algorithm. Specifically, we use BC to obtain a policy solu-
tion from demonstration samples, which is then used as an initial
policy in a multi-agent actor-critic algorithm for MARL.

To examine the effectiveness of the proposed solution method,
we solve a decentralized, selective patient admission problem for
three disaster scenarios. The results demonstrate that the proposed
method is a viable solution approach to solving dec-POMDP prob-
lems. Compared with other plausible heuristic policies - FCFS and
naive -, the proposed method obtains a better policy solution; in
fact, in the three test scenarios, the performance of the policy so-
lutions from the proposed method is very close (within 1%) to
the upper bound value. In addition, augmenting MARL with BC
for its pretraining seems to offer advantages over plain MARL. As
long as we can identify a decent reference policy, pretraining the
neural networks in the MARL helps to improve the quality of the
policy solutions and reduce the computation time by providing a
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high-quality initial policy for the MARL algorithm to jump-start its
learning process.

Our experimental results have some practical implications for
MCI response operations. First, when an ED admits all arriving pa-
tients until it is fully occupied (FCFS policy), there will be many
missed opportunities to save more lives. Rather than operating
with FCFS policy, EDs may need to leave its bed(s) to serve more
critical patients in future. Second, it is important for response
teams to train for a situation where access to information on EMS
resources is limited. If well prepared for operation under limited
information, its decision making on resource utilization can in fact
be quite close to the quality of decision making made with com-
plete situational awareness.

Finally, we offer a few potential areas of future work to extend
this study. One area of future work is to broaden the scope of the
decision problem. While this work focuses on a decision problem
at the hospital phase of disaster response operations, we may need
to incorporate overall EMS operations to achieve more integrated
disaster responses. In fact, we see increasing interests from dis-
aster response operations research literature to address integrated
decision making for multiple tasks of the disaster response process
(e.g., Repoussis et al., 2016; Wilson et al., 2013). Yet, these stud-
ies assume a single (centralized) decision-maker with complete in-
formation, and much research is needed to expand to multi-agent
partially observable environment where our proposed method can
offer a valuable starting point. Another area of future work is to
improve its practical applicability in the context of disaster re-
sponse operations. One may pursue to expedite computation of
an acceptable policy solution by carefully assessing the trade-off
between the quality of policy solution and its computation time.
For example, if a decent reference policy is available, the imi-
tated policy from the BC step may offer acceptable performance
within a short computation time. Also, one can use our method
to study dec-POMDP policies under various disaster scenarios
and investigate to develop practically implementable heuristic
policies.
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