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Abstract

This paper proposes a novel multi-agent reinforcement learning (MARL) method
to learn multiple coordinated agents under directed acyclic graph (DAG) con-
straints. Unlike existing MARL approaches, our method explicitly exploits the
DAG structure between agents to achieve more effective learning performance.
Theoretically, we propose a novel surrogate value function based on a MARL
model with synthetic rewards (MARLM-SR) and prove that it serves as a lower
bound of the optimal value function. Computationally, we propose a practical
training algorithm that exploits new notion of leader agent and reward generator
and distributor agent to guide the decomposed follower agents to better explore
the parameter space in environments with DAG constraints. Empirically, we ex-
ploit four DAG environments including a real-world scheduling for one of Intel’s
high volume packaging and test factory to benchmark our methods and show it
outperforms the other non-DAG approaches.

1 Introduction

Multi-agent reinforcement learning (MARL) coordinates multiple subtasks to collaboratively achieve
an optimal team reward as a shared goal [25]. However, most existing works do not generalize to
the settings where multiple subtasks have a complex relationship where higher-level subtasks are
affected by lower-level subtasks [23, 6, 15]. In contrast, many real-world systems have nontrivial
dependencies among different subtasks. For example, a factory control system must coordinate
various processes following precedence constraints [12]. Thus a gap exists between methods and
applications. This article aims to propose novel algorithms and theories to bridge this gap.

More specifically, we focus on problems in which subtasks have relationships characterized by
a DAG G ∶= (V,A) where V and A denote the set of vertices and the set of arcs, respectively.
Arc (u, v) indicates that information flows from u to v such that taking an action for subtask u
affects the state of subtask v. We formulate our reinforcement learning (RL) problem as a Markov
decision process with DAG constraints (MDP-DAG), defined as the tupleM= ({Si∣i ∈ V},{Ai∣i ∈
V},{T i∣i ∈ V},{Ri∣i ∈ L},{pi0∣i ∈ V}, γ), where L denotes the set of all sinks in the DAG. Each
agent i deals with a subtask in the DAG. The transition dynamic T i determines the distribution of the
next state sit+1 given the current state sit and the set of actions {aj ∣j ∈ ∆(i)}, where ∆(i) is the set
of nodes in the sub-graph from the source nodes to node i. An agent i for a sink receives a reward
Ri ∶= ri(sit,{ajt ∣j ∈ ∆(i)), where ajt ∼ πj(⋅∣s

j
t) with πj being the policy for subtask j. Let the initial
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state si0 be determined by the distribution pi0. Then, the objective of learning is to maximize the sum
of discounted rewards across all sinks (team rewards), given the structure of the DAG as follows:
maximize∑i∈L E{πj ∣j∈∆(i)}[∑∞t=0 γ

tri(sit,{ajt ∣j ∈ ∆(i)})], where γ ∈ [0,1) is the discount factor.

In particular, in the perspective of a high-level subtask, the system does not receive a reward unless
all its upstream subtasks have taken actions. Such a delayed rewarding mechanism is common
in many real-world problems including industrial process control [9], traffic optimization [8], and
resource allocation [22]. Most existing deep reinforcement learning algorithms suffer from inferior
performance because no immediate supervision is given in most time steps [7, 10]. In addition, taking
into account the complex interactions between different agents, how to distribute the delayed team
reward to the agent dealing with different subtasks is quite challenging.

To address these challenges, we first build a theoretical foundation of our approach. Specifically, we
prove that we can at least optimize a lower bound of the optimal value function of the DAG system
by introducing the concept of synthetic reward. In addition, to ensure practicality, we propose a
new training algorithm that introduces two new entities: leader and reward generator and distributor
(RGD) as shown in Fig. 1.

Inner setting

Follower 2

Follower 1

Follower 3

Follower 4 Follower 5 Follower 6

Outer setting

Leader Reward generator and 
distributor (RGD)

Synthetic 
rewards

Environment

Effect

Goals

Team 
reward

Team 
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Figure 1: A brief overview of our approach. The
leader guides the followers towards higher team
rewards by providing agent-specific goals. In addi-
tion, the RGD is introduced with the aim of train-
ing multiple coordinated followers toward high
team rewards. The RGD generates and distributes
synthetic rewards so that the followers are re-
warded according to their contributions in addition
to the team rewards, respectively.

In the proposed approach, the leader generates a
goal vector for each follower. The goal is not a
human-interpretable goal but an abstract signal
that evolves during training so that the leader
and the followers utilize it together to communi-
cate for a higher achievement. The leader trains
the set of goals for better coordination of fol-
lowers considering the whole environment, and
each follower optimizes its policy by pursuing
the given goals.

In addition, we introduce the concept of the
RGD to coordinate agents in the inner setting,
called followers, while considering their contri-
butions to the team rewards in the DAG structure.
However, the actual contributions of the agents
cannot be easily captured through existing non-
DAG MARL approaches. In this paper, we de-
velop a strategy to provide incentives (synthetic
rewards) using a RGD that generates and dis-
tributes reward so that the followers are guided
to explore better. Specifically, if a follower con-
tributes to a high team reward, a high synthetic
reward is given to the follower by the RGD. Thus, a follower focuses on optimizing its own policy to
obtain a high synthetic reward only based on the state of itself. We believe that the concept of the
leader and RGD are introduced the very first time herein to address MDP-DAG.

Our main contributions are as follows.

• We propose MARLM-SR to address MDP-DAG by providing a lower bound of the optimal value
function based on team rewards under DAG constraints.

• In the proposed learning algorithm, we introduce a novel leader agent to distribute goals to the
followers in the form of simple abstract messages that only the leader and the followers can
interpret.

• The concept of the reward generator and distributor is first introduced in the area of reinforcement
learning to address the problem of reward shaping in the DAG.

• The proposed learning algorithm demonstrates high practicality and scalability because each
follower only needs to consider the state of its own subtask.
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2 Related Works

2.1 Leader-follower MARL

The leader-follower MARL has been proposed to address the problem of coordinating non-cooperative
followers by providing goals and/or bonuses to maximize team rewards. However, most existing
works focus on simple tabular games or small scale Markov games [20, 16, 14, 2]. Recently, some
researchers have proposed deep RL based leader-follower MARL that can be applied to more general
problems. For example, Shu and Tian [18] applied deep RL to learn the leader’s policy that assigns
goals and bonuses to followers. Similarly, Yu et al. [24] proposed an advanced deep leader-follower
MARL algorithm by incorporating a sequential decision module based on the observation that the goal
and bonus are sequentially correlated. However, they also have a limitation of assuming homogeneous
followers. More seriously, to the best of our knowledge, there is no leader-follower approach or
MARL algorithm that can be used to coordinate multiple agents in a DAG, which is our target.

2.2 Reward shaping for multi-agent systems

Often, environmental feedback is not enough to effectively train an agent, especially when the
environment is stochastic [4]. In this case, reward shaping can help guide an agent’s exploration by
providing an additional artificial reward signal. A few researchers have proposed reward shaping
methods for multi-agent systems. Colby et al. [3] showed that their algorithm called ‘difference
rewards’ is powerful in effectively allocating rewards across multiple agents. Here, ‘difference
rewards’ was designed to reveal the contribution of the current action of an agent by comparing the
current reward to the reward received when the action of the agent is replaced with the default action
[21]. In practice, ‘difference rewards’ can be estimated using a function approximation technique
[6]. It has been proven that potential-based reward shaping, which is one of the typical reward
shaping methods, does not alter the optimal policy [13]. Based on this background, Devlin et al. [5]
proposed two potential-based reward shaping methods based on ‘difference rewards.’ Even though
this algorithm guarantees optimality, it assumes top-down MARL, in which all agents have a common
task and a centralized system distributes rewards to the agents based on their contributions. Thus,
it lacks scalability and applicability. To tackle this problem, Aotani et al. [1] proposed a localized
reward shaping method that prevents the agents from knowing the interests between them. However,
this work still cannot consider the relationship between agents in a DAG.

3 Modeling Setting

Global decision-making is mainly used for many real-world systems. However, traditional global
single-agent RL models (GSARLMs) are poorly suited to environments under DAG constraints
even though the global model can provide an optimal or a very good solution theoretically [11].
This is because, in general, the search space for obtaining a single global solution is too large
while compromising scalability. In addition, GSARLM cannot easily capture interactions between
multiple subtasks in a DAG. Thus, in this section, we define the MARL model with synthetic rewards
(MARLM-SR) and build an analytical background. In addition, we further decompose the problem
by introducing the concept of goal periods. Finally, we provide strong evidence of higher practicality
and scalability of MARLM-SR based on this decomposed problem by proposing a training algorithm
in the next section.

3.1 MARLM-SR

The objective of GSARLM is to derive an optimal solution that covers all subtasks considering the
current states of all subtasks altogether. Even though one action is made to cover all subtasks, the
state transition of each subtask is stochastically determined based on inherent DAG relationships. Let
sit and ait be the state and action of subtask i ∈ V . First, the lowest-level subtasks, the source nodes i
in the DAG, are affected only by themselves based on the stochastic state transition sit+1 ∼ p(⋅∣sit, ait).
On the other hand, the states of the other subtasks are affected by the ancestor nodes in the DAG,
sit+1 ∼ p(⋅∣sit,{a

j
t ∣j ∈ ∆(i)}).

Let us assume that Π, the policy for the entire system, can be decomposed into (π1, π2,⋯, πI) in
which πi is the policy for subtask i, where I = ∣V∣. In addition, since the performance of a system
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with a DAG structure is represented by the rewards of the sinks in the DAG, the highest-level subtasks,
we assume that the team reward is the sum of the rewards obtained from sinks. Let ri be the reward
function of subtask i, i ∈ L, the set of all sinks. Then, we define the value function of a subtask i in L
as follows

V
{πj ∣j∈∆(i)}
i (si0) = E{πj ∣j∈∆(i)}[

∞
∑
t=0

γtri(sit,{ajt ∣j ∈ ∆(i)})] (1)

where V {π
j ∣j∈∆(i)}

i , the value of subtask i, has dependency on {πj ∣j ∈ ∆(i)}. The objective function

is maximize
π1,⋯,πI

∑i∈L V
{πj ∣j∈∆(i)}
i (si0).

Next, we introduce the concept of MARL with synthetic rewards. First, an agent deals with its own
subtask and receives a synthetic reward. Here, we assume that the synthetic reward for an agent is
determined by considering its contribution to the team rewards. In other words, an agent’s policy
which contributes to a high reward of its descendant sinks yields a high synthetic reward. We assume
that there can be a function fik that measures the contribution of agent i to sink agent k’s reward and
the total contribution of agents in ∆(k) to sink agent k’s reward is less than or equal to 1 as shown in
(2) because the reward of a sink agent is also affected by environmental feedbacks. All subtasks that
have a path to/from subtask i have an impact on the agent i’s contribution. Thus, the synthetic reward
function of agent i has dependency on Ω(i) = ∆(i)∪Υ(i), where Υ(i) denotes the set of subtasks in
the induced sub-graph rooted in subtask i including node i. Finally, we have the following definition.

Definition 1 Let fik be a function that produces the magnitude of agent i’s contribution to sink agent
k’s reward for k ∈ Υ(i). For any fik satisfying

∑
i∈∆(k)

fik((sjt , a
j
t)∣j ∈ ∆(k)) ≤ 1 ∀k ∈ L, (2)

the synthetic reward function sri of subtask i is defined as

sri((sjt , a
j
t)∣j ∈ Ω(i)) = ∑

k∈L∩Υ(i)
fik((sjt , a

j
t)∣j ∈ ∆(k))rk(skt ,{ajt ∣j ∈ ∆(k)}) ∀i ∈ V. (3)

Definition 2 We define synthetic value functions based on synthetic rewards as

Ṽ
{πj ∣j∈Ω(i)}
i (si0) = E{πj ∣j∈Ω(i)}[

∞
∑
t=0

γtsri((sjt , a
j
t)∣j ∈ Ω(i))] ∀i ∈ V. (4)

Next, we show that the total synthetic value provides a lower bound on the total value; thus, we can
optimize agents’ policies such that synthetic values are maximized in order to maximize a lower
bound of the sum of optimal values. It provides the theoretical background that we only need to
train agents to seek high synthetic rewards in a parallel fashion. In Section 4, we propose a practical
algorithm for generating and distributing synthetic rewards.

Theorem 1 If reward ri ≥ 0, ∀i ∈ L, then, for any fik satisfying (2), we have

∑
i∈V

Ṽ
{πj ∣j∈Ω(i)}
i (si0) ≤ ∑

i∈L
V
{πj ∣j∈∆(i)}
i (si0). (5)

Proof. A detailed proof of this theorem is given in the supplementary material.

3.2 MARLM-SR with goal period

We further extend MARLM-SR by introducing the notion of a goal period, which is a short interval
that partitions an episode, enabling more refined coordination between agents over the learning
process using two novel entities: leader and RGD. Let D be the number of steps for a goal period,
and sild and aild be the state and action at d-th step in l-th goal period, respectively. As a consequence
(1) and (4) change to

V
{πj ∣j∈∆(i)}
i (si01) = E{πj ∣j∈∆(i)}[

∞
∑
l=0

D

∑
d=1

γlD+d−1ri(sild,{ajld∣j ∈ ∆(i)})] ∀i ∈ L (6)
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and

Ṽ
{πj ∣j∈Ω(i)}
i (si01) = E{πj ∣j∈Ω(i)}[

∞
∑
l=0

D

∑
d=1

γlD+d−1sri((sjld, a
j
ld)∣j ∈ Ω(i))] ∀i ∈ V, (7)

respectively. From Theorem 1, (6), and (7), we obtain

max
{fik ∣k∈L,i∈∆(k)}

∑
i∈V

Ṽ
{πj ∣j∈Ω(i)}
i (si01) ≤ ∑

i∈L
V
{πj ∣j∈∆(i)}
i (si01), (8)

subject to {fik ∣k ∈ L, i ∈ ∆(k)} complying to Definition 1. This is the basis of our algorithm
presented in the next section.

4 Algorithm

In this section, we describe the training algorithm for MARLM-SR. The algorithm consists of the
outer and inner settings. In the inner setting, the followers perform their subtasks given by the defined
DAG every time step. On the other hand, in the outer setting, two different types of agents are trained
to guide the followers to achieve a high team reward. If the followers are guided well based on the
policies of the outer agents and a high team reward is achieved, this high team reward is given to the
outer agents. We provide a more detailed exposition of the algorithm in the supplementary material.

4.1 Outer setting

The leader provides a different goal to each follower at the beginning of each goal period. It is
governed by an RL model with policy πL. Here, the goal is a vector with fixed length in which
each element has a value between 0 and 1. It is used for communication between the leader and the
followers. Since the leader is rewarded based on the followers’ achievements, it must be trained to
produce meaningful goals. On the other hand, the followers must interpret the goals and use this
information to achieve high team rewards. Let Sld = (sild∣i ∈ V) be the global state at step d and
Gl = (gil ∣i ∈ V) be the set of goals in the l-th goal period. Each follower augments its state with gil
and thus the state of follower i at step d is sild = (sild, gil). In addition, the RGD is modeled with
policy πRGD that produces synthetic reward sril for each follower i after the l-th goal period (details
for generating sril are provided later in this section).

The leader is trained to produceGl that maximizes team rewards since the team rewards are also given
to the leader as its own reward. The leader receives cumulative team rewards after each goal period.
Thus, the reward of the leader after the l-th goal period is defined as ∑i∈L∑Dd=1 r

i(sild,{a
j
ld∣j ∈

∆(i)}). By extending this cumulative reward to cover infinite goal periods, the objective function for
the leader is defined as

maximize
πL

V
{πL,πRGD,πj ∣j∈∆(i)}
L (S01) =

∑
i∈L

E{πL,πRGD,πj ∣j∈∆(i)}[
∞
∑
l=0

γl
D

∑
d=1

ri(sild,{ajld∣j ∈ ∆(i)})], (9)

where the state transition of Sld (in a particular goal period) depends on the underlying policies. The
state of the leader is defined as SLl = Sl1 ○ (gil−1∣i ∈ V) ○ (sril−1∣i ∈ V), including the initial global
state in each goal period l. By ○ we denote the concatenation operator. Then, the state transition of
the leader is defined as SLl+1 ∼ p(⋅∣SLl ,{aild∣i ∈ V and d = 1,⋯,D}, (gil ∣i ∈ V),{sril ∣i ∈ V}) ○ (gil ∣i ∈
V) ○ (sril ∣i ∈ V). Additionally, the set of goals are produced based on (gil ∣i ∈ V) ∼ πL(⋅∣SLl ).

The RGD should be able to figure out the followers’ state changes to provide effective coordination
strategies. The easiest way is to collect the global state for all time steps in a goal period and use
it as the input state. However, to prevent the RGD’s input from being too high dimensional, we
sample global states with equal time step intervals including the first and last global states in a goal
period. For simplicity, we call the set of sampled global states as the global state flow (GSF). This
state GSF is defined as gsfl = (Sl,kj+1∣j = 0,⋯, ⌊D−1

k
⌋) ○ Sl+1,1, where k is a hyperparameter and

⌊⋅⌋ is the floor function. Vector Sl+1,1 is the global state after the last action set {ail,D ∣i ∈ V} is
taken in the l-th goal period. Goals are also used to guide the RGD; thus, the state of the RGD is
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SRGDl = gsfl ○ (gil ∣i ∈ V). The state transition of the RGD is defined as SRGDl+1 ∼ p(⋅∣gsfl,{ail+1,d∣i ∈
V and d = 1,⋯,D}, (gil+1∣i ∈ V),{sril ∣i ∈ V}) ○ {gil+1∣i ∈ V}.

The RGD policy produces a team reward signal ql, node values (vil ∣i ∈ V), and arc values
(e(i,j)l ∣(i, j) ∈ A) for synthetic reward generation and distribution. All these values are within
the range [0, 1]. The policy is specified by

(ql) ○ (vil ∣i ∈ V) ○ (e
(i,j)
l ∣(i, j) ∈ A) ∼ πRGD(⋅∣SRGDl ). (10)

Vector (sril ∣∀i ∈ V) is obtained based on (ql) ○ (vil ∣i ∈ V) ○ (e
(i,j)
l ∣(i, j) ∈ A), not by a closed-form

function, but by the proposed reward generation and distribution algorithm exhibited next.

The synthetic reward sril , i ∈ V , is given to the followers as a bonus after each goal period. The
RGD should provide a high synthetic reward if followers use policies that lead to high team rewards.
In addition, the value of the synthetic reward must be adjusted dynamically to make the policy of
the RGD significant. This is because followers are more likely to achieve higher team rewards as
training progresses. In this case, the same reward can be too small for followers who have had enough
training but can be too large for followers without enough training. The quality of the learned policy
is revealed as the team reward of the previous episode. The RGD policy produces ql (in addition to v
and e). This value is multiplied with Re

Ne
, the average team reward per goal period, in the previous

episodes, where Ne is the average number of goal periods and Re is the average total team reward.
Finally, in the current episode, the total synthetic reward after the l-th goal period is Ml = ql ReNe . We

simply set R0 = 0 or a negligible value.

Follower 2

Follower 1

Follower 3

Follower 4 Follower 5 Follower 6

(a)

Task flow of 𝐷𝐴𝐺

Synthetic reward flow
Total 

synthetic 
reward

Shares for the highest level

(c)

Follower 5

Share for itself

Shares for
lower level(b)

Follower 3

Shares from
higher level

Figure 2: An overview of reward distribution.
The algorithm first determines the shares for the
highest-level followers. Then, one level lower fol-
lowers receive the shares set as shown in (b). After
receiving the rewards in (c), the shares for itself and
for the one level lower followers are determined.
This process is repeated until the lowest-level fol-
lowers, root nodes, receive their shares.

We assume that the synthetic reward for the fol-
lower i is determined based on its contributions
to the sink followers among its descendants and
their rewards as defined in (3). Thus, we pro-
pose a synthetic reward distribution strategy that
first sets synthetic reward portions for the follow-
ers in sinks considering their achievements, and
then sends them down to account for the contri-
butions of lower-level followers. The RGD is
trained to achieve high team rewards by creating
a good distribution strategy because it is quite
challenging to estimate the exact contribution of
each agent.

The RGD distributes the synthetic reward gener-
ated by the reward generator as shown in Fig. 2.
Because the synthetic reward flows in the oppo-
site direction of the task flow, arc (i, j) denotes
a directed edge from a higher-level node i to a
lower-level node j. We can sequentially calculate shares from the highest-level to the lowest-level
followers. First, we calculate initial share s̃h

i

l for a highest-level follower i ∈ L after goal period l as
follows

s̃h
i

l =
⎧⎪⎪⎨⎪⎪⎩

vil
∑k∈L vkl

, if ∑k∈L vkl > 0
1
∣L∣ , otherwise

(11)

where ∣L∣ is the number of the sinks. Similarly, for each follower, the initial share can be determined
after receiving all the rewards from one level higher followers. After all children of the agent i
determine the share to the agent i, the initial share s̃h

i

l is simply calculated by s̃h
i

l = ∑k∈ch(i) shk,il ,

where shk,il is the share from k to i. After s̃h
i

l is determined, the final reward shares to the follower i
itself and the arc (i, j) are defined as (12) and (13), respectively. Here, δ(i) denotes the parents of
the follower i.

shil =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

s̃h
i

l ×
vil

vi
l
+∑j∈δ(i) ei,jl

, if vil +∑j∈δ(i) e
i,j
l > 0

1
1+∣δ(i)∣ , otherwise

(12)
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shi,jl =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

s̃h
i

l ×
ei,j
l

vi
l
+∑j∈δ(i) ei,jl

, if vil +∑j∈δ(i) e
i,j
l > 0

1
1+∣δ(i)∣ , otherwise

(13)

After shil is determined for all i ∈ V , sril = shilMl is provided to agent i as the synthetic reward after
the goal period l.

Same as the leader, the RGD is trained with the aim of maximizing team rewards by obtaining better
coordination through synthetic rewards. However, since the first action of the RGD is taken after the
first goal period, we define the value function for the RGD as

V
{πL,πRGD,πj ∣j∈∆(i)}
RGD (gsf0) =

∑
i∈L

E{πL,πRGD,πj ∣j∈∆(i)}[
∞
∑
l=1

γl−1
D

∑
d=1

ri(sild,{ajld∣j ∈ ∆(i)})], (14)

and train the RGD to maximize it.

4.2 Inner setting

In the inner setting, the followers are trained with the supervision of the outer agents. Because the goal
given by the leader is incorporated into the state, state transition is defined as sil,d+1 ∼ p(⋅∣sild,{ajld∣j ∈
∆(i)}). In each episode during training, followers’ achievements are rewarded in two ways. First,
the followers share the team reward equally because it is not only quite challenging to create synthetic
rewards based on the exact contribution to the team reward, but the team reward can also serve as
effective supervision. For each follower, ∑i∈L r

i(sild,{a
j
ld
∣j∈∆(i)})

∣V∣ is given as a shared team reward at
the d-step of the l-th goal period. In addition, the follower i receives a synthetic reward sril from the
RGD after the l-th goal period based on the difference in their achievements. By considering both the
shared team reward and the synthetic reward, we define the objective function of the follower i as

maximize
πi

V
{πL,πRGD,πj ∣j∈V}
i (si01) =

E{πL,πRGD,πj ∣j∈V}[
∞
∑
l=0

[γ(l+1)D−1sril +
D

∑
d=1

∑
k∈L

γlD+d−1 r
k(skld,{auld∣u ∈ ∆(k)})

∣V∣ ]]. (15)

Here, we use V to distinguish it from the value functions in the modeling section, which only consider
explicit rewards or synthetic rewards.

In the algorithm, the leader sets goals at the beginning of each goal period and is rewarded after the
goal period. On the other hand, the RGD determines the synthetic reward distribution strategy after
each goal period. And this strategy influences the followers to behave differently in the next goal
periods. Therefore, the RGD is rewarded in the next goal period.

5 Experiments

5.1 Implementation details

We used a proximal policy optimization algorithm [17] to optimize the policies of all agents used
in this work. The hyperparameters used for the proposed algorithm and the other baselines are
summarized in the supplementary material. In our implementation, we included only the initial global
state Sl1 at each goal period l as the input state vector for the leader, to enhance tractability. For
RGD, we introduced two separate networks using the same state vector; one for the reward generator
that produces ql, and another for the reward distributor that creates (vil ∣i ∈ V), (e(i,j)l ∣(i, j) ∈ A), and
finally generates synthetic rewards. To obtain synthetic rewards, we first need to calculate the average
team reward per goal period, Re

Ne
. In experiments, we only considered the number of goal periods and

the total team reward from the immediately preceding episode. All algorithms compared in this work
were implemented based on the TensorFlow framework.
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5.2 Environments

We created three artificial environments to simulate systems with DAG constraints: a factory pro-
duction planning case, a logistics case, and a hierarchical predator-prey case. We also investigated
the performance of the proposed algorithm in real-world scheduling for one of Intel’s high volume
packaging and test factories. The details of all environments are described in the supplementary
material.

5.3 Baselines

We have compared seven baseline algorithms against our algorithm. First, we used the following five
algorithms that do not employ reward shaping.
• Global single-agent algorithm (GS): In this baseline, a single agent is learned to do all subtasks.
• Shared reward multi-agent algorithm (SRM): Each agent deals with a subtask and shares the

reward. This algorithm is perhaps the most popular multi-agent learning algorithm, also known as
independent Q-learning [19] or independent actor-critic [6], depending on the type of the learner
used.

• Leader-follower multi-agent algorithm (LFM): This baseline adds the leader to SRM. Specifically,
the followers are given the goals as well as the shared rewards.

• RGD-follower multi-agent algorithm (RFM): The RGD is added to SRM in this baseline. Thus,
the followers are given the synthetic rewards as well as the shared team rewards.

• The proposed algorithm: We have the leader, the RGD, and the followers of the proposed algorithm.
This algorithm adds the RGD to LFM and the leader to RFM.

The last two are our stripped-down algorithms and, as such, not previously existing algorithms. We
are not aware of any reward shaping method targeting DAGs, however we found two existing reward
shaping methods that can be applied to coordinate multiple agents. We introduced these two reward
shaping methods to the MARL algorithm that trains agents in parallel. Specifically, we also compared
the following two baselines against ours.
• Difference rewarding method [3] + MARL algorhitm (Diff-M)
• Counterfactual as Potential [5] + MARL algorhitm (CaP-M)

5.4 Results

In our proposed algorithm, the outer agents are trained to coordinate followers by providing additional
synthetic rewards that correspond to the contributions of the followers in the DAG. To ascertain the
effectiveness of reward shaping, we initially evaluated the proposed algorithm against Diff-M and
CaP-M. Fig. 3 shows comparison results on the three artificial benchmark cases. The plots use the
moving window method, which averages the team rewards over 100 episodes with a step size of
one, to reduce variability. The results demonstrate that our method achieves significantly superior
performance across all three benchmark cases. Specifically, in terms of the average team reward over
the last 100 episodes for the three artificial cases, the proposed algorithm achieves performance that
is 132.7% and 89.3% higher than that of Diff-M and CaP-M, respectively. This suggests that, until
now, there has not been an effective reward shaping method for systems under DAG constraints. In
the case of logistics, ours quickly get away from a bad local optima where agents send almost nothing
to the next level agents to reduce inventory cost (refer to the description about the logistics case in
the supplementary material), even after it get stuck in.

We also compared the two baseline algorithms across diverse scheduling scenarios. Specifically,
we trained the agents in the DAG using the proposed algorithm, Diff-M, and CaP-M and then
evaluated their performance on 1,000 new scheduling scenarios (episodes). Fig. 4 presents the
histogram comparing the completion rates of the three baselines. In the histograms, we omitted
the labeling of x-axis values for confidentiality reasons; however, all histograms share the same
scale, with equally spaced intervals along the x-axis. From the results it is clear that our proposed
algorithm achieves higher overall completion rates. Specifically, the proposed algorithm demonstrated
a performance improvement of 19.2% and 4.4% in terms of the mean completion rate, compared to
Diff-M and CaP-M, respectively. In summary, our proposed method of synthetic reward generation
and distribution, coupled with communication through the leader’s goals, can enhance coordination
leading to increased team rewards.
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Figure 3: Comparison with state-of-the-art algorithms on (a) the factory production planning case,
(b) the logistics case, and (c) the hierarchical predator-prey case. Min-max normalization is applied
to the team reward to standardize the scale of the y-axis across the three cases.
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Figure 4: The histogram of the completion rate over 1,000 scheduling scenarios (episodes) for
comparison with the state-of-the-art algorithms.

We also conducted ablation studies to evaluate the effectiveness of each component in the proposed
algorithm. Fig. 5 shows the comparison results of the five baselines: GS, SRM, LFM, RFM, and
our proposed algorithm, on the three artificial benchmark cases. Specifically, GS shows the worst
performance in all three cases, revealing that introducing the multi-agent concept is effective for
environments with DAG constraints. The leader can help improve performance as shown in (b) and
(c). However, by comparing LFM and RFM, we find that the RGD contributes more to performance
improvement than the leader in (a) and (c). Specifically, on average over the three cases, LFM and
RFM improve the average team reward over the last 100 episodes by 5.6% and 56.0% compared to
SRM, respectively. Nonetheless, the proposed algorithm demonstrates the best learning curve in all
settings, while achieving an 82.4% higher average team reward compared to SRM. In addition, the
performances of LFM and RFM in Fig. 5 are overall better than those of Diff-M and CaP-M in Fig.
3. In other words, we are able to achieve better performance only by adding one component, either
the leader or the RGD, in DAG environments. In addition, combining the two components further
enhances performance.
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Figure 5: Learning curves of five baselines for ablation study on (a) the factory production planning
case, (b) the logistics case, and (c) the hierarchical predator-prey case. Min-max normalization is
applied to the team reward to standardize the scale of the y-axis across the three cases.
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We also compared the five baselines in diverse scheduling scenarios. The histogram of the completion
rate for the five baselines can be found in the supplementary material. We conducted statistical
significance tests to validate whether the proposed algorithm is significantly better than the other
baselines in terms of the completion rate as shown in Table 1. In the table, we report the average
improvement of the completion rate compared to GS instead of the mean completion rate values for
confidentiality. The result demonstrates the significant superiority of the proposed algorithm over the
other baselines except for LFM. The proposed algorithm achieves a performance improvement of
3.9% by introducing the RGD, and an improvement of 8.5% by introducing both the leader and the
RGD together. Even though LFM achieved a good performance similar to ours, the contribution of
the RGD is not negligible considering the results in Fig. 5. Thus, we can state both the leader and the
RGD are necessary for our algorithm.

Table 1: Result of statistical significance tests.
GS SRM LFM RFM Proposed

Mean improvement - 0.464 0.529 0.494 0.529
p-value <0.001 <0.001 0.555 <0.001 -

6 Discussion

In this paper, a theoretical background on MARLM-SR was established and a novel training algorithm
for coordinating multiple agents in a DAG environment was proposed. Comparison results in several
DAG environments including a real-world scheduling environment confirmed that our approach
significantly outperforms existing algorithms for DAG systems. It was found that the leader and the
RGD contributed to this overwhelming performance.

6.1 Limitations

One limitation of this work is that we did not provide a mathematical basis for whether the synthetic
reward obtained through our algorithm satisfies the conditions in the modeling section. Instead, the
superiority of the proposed algorithm was shown through empirical results. Nonetheless, there have
been few opportunities to apply our algorithm to real-world industrial cases. Therefore, in future
studies, the proposed algorithm will be further developed by applying it to more diverse real-world
industrial cases.

6.2 Broader impacts

This work seeks to contribute to the MARL modeling and training algorithm for DAG systems. The
social impact of the proposed model and algorithm is difficult to predict because it can be utilized
universally. However, the results of this study have a positive impact on a variety of industrial
applications.
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