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ABSTRACT

Dynamic workflow scheduling (DWS) in cloud computing presents substantial
challenges due to heterogeneous machine configurations, unpredictable work-
flow arrivals/patterns, and constantly evolving environments. However, exist-
ing research often assumes homogeneous setups and static conditions, limiting
flexibility and adaptability in real-world scenarios. In this paper, we propose a
novel Graph assisted Offline-Online Deep Reinforcement Learning (GOODRL)
approach to building an effective and efficient scheduling agent for DWS. Our
approach features three key innovations: (1) a task-specific graph representation
and a Graph Attention Actor Network that enable the agent to dynamically assign
focused tasks to heterogeneous machines while explicitly considering the future
impact of each machine on these tasks; (2) a system-oriented graph representation
and a Graph Attention Critic Network that facilitate efficient processing of new
information and understanding its impact on the current state, crucial for manag-
ing unpredictable workflow arrivals/patterns in real-time; and (3) an offline-online
method that utilizes imitation learning for effective offline training and applies
gradient control and decoupled high-frequency critic training techniques during
online learning to sustain the agent’s robust performance in rapidly changing en-
vironments. Experimental results demonstrate that GOODRL significantly out-
performs several state-of-the-art algorithms, achieving substantially lower mean
flowtime and high adaptability in various online and offline scenarios.

1 INTRODUCTION

The advent of cloud computing has revolutionized the way computational resources are utilized and
managed, enabling organizations to execute complex workflows efficiently (Jadeja & Modi, 2012;
Marinescu, 2022). Each workflow is typically represented as a Directed Acyclic Graph (DAG) (see
Appendix A), where nodes correspond to fasks and edges represent task dependencies (Deelman
et al., 2015). The goal of Dynamic Workflow Scheduling (DWS) is to assign tasks to heterogeneous
machines to minimize the mean flowtime across a long operating duration (Huang et al., 2022).

DWS is characterized by flexible task assignment across heterogeneous machines, unpredictable
workflow arrivals and patterns, and rapidly changing environments, making it one of the most chal-
lenging scheduling problems studied in the literature (Jayanetti et al., 2024). Despite its practical
importance, DWS has received comparatively less attention previously. In fact, existing methods
often oversimplify or fail to effectively address all these dynamic aspects.

Current approaches to DWS mainly rely on static scheduling heuristics that ignore the complexity
of real-time cloud environments. Hand-crafted heuristics, such as priority dispatching rules (PDRs)
(Topcuoglu et al., 2002; Pham & Fahringer, 2020), are valued for their speed, intuitiveness, and ease
of implementation, but require extensive expertise and time-consuming adjustments. In contrast,
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Genetic Programming-based Hyper-Heuristic (GPHH) can automatically design PDRs through it-
erative evaluation-and-evolution, making it a state-of-the-art approach for DWS (Xu et al., 2023;
Chen et al., 2024). However, GPHH can be highly sensitive in performance to specific problem
configurations (see Appendix K) and is unsuitable for online applications due to high instability.

Recent advancements in Learning to Optimize (L20) research (Kool et al., 2019; Wu et al., 2022)
have successfully demonstrated the potential of using reinforcement learning (RL) algorithms to
train neural network-based PDRs (a.k.a., scheduling agents) to tackle static scheduling problems
(Zhang et al., 2020; Song et al., 2022; Zhang et al., 2024). Relevant studies clearly indicate that
proper state representations are crucial for DRL (deep RL) algorithms to learn effectively (Zhang
et al., 2024). However, existing vector- or matrix-based state representations (Huang et al., 2022;
Jayanetti et al., 2024; Zhu et al., 2024) cannot accurately capture sophisticated interactions between
tasks and machines in the cloud (verified in Table 1). Although Graph Neural Networks (GNNs) can
effectively process complex graph-based states (Sun & Yang, 2023; Grinsztajn et al., 2023; Zhang
et al., 2024), their fixed graph structures, shared feature embeddings, and unmodified RL methods
limit scalability for tackling large and highly dynamic cloud workflow scheduling problems. This
calls for developing novel graph representations and neural network architectures that can properly
manage and process the ever-changing state information, along with advanced learning methods to
boost the adaptability and stability of the scheduling agents in both offline and online scenarios.

In this paper, we propose a novel Graph assisted Offline-Online Deep Reinforcement Learning
(GOODRL) approach for learning a scheduling agent to tackle DWS, featuring three innovations:
(1) We develop a task-specific graph and a Graph Attention Actor Network to facilitate flexible task
assignment across heterogeneous machines. They together explicitly capture the future impact of
each machine on the focused task at both topological and feature levels, significantly enhancing the
agent’s ability to precisely differentiate all eligible actions. (2) We design a system-oriented graph
and a Graph Attention Critic Network to seamlessly integrate newly arriving workflows with ex-
isting ones. By enabling bi-directional information flow and self-attention across all task nodes in
the graph, the scheduling agent can accurately respond to real-time changes in the system state. (3)
We propose an offline-online RL method that combines offline imitation learning with online gra-
dient control and decoupled high-frequency critic training techniques to sustain the agent’s robust
performance in rapidly changing environments. Experiments across diverse scenarios demonstrate
the effectiveness and reliability of GOODRL. Our method tackles significantly larger and more dy-
namic scheduling problems, which have been under-explored in prior works, consistently reducing
the mean flowtime compared to multiple state-of-the-art algorithms.

2 RELATED WORK

To motivate our research on learning-based approaches for DWS, we review prominent research
works on relevant scheduling problems from recent years, focusing on graph representations, neural
network architecture designs, and training methods. (See Appendix S for more details)

Graph Representations. Scheduling research typically uses disjunctive graphs (Song et al., 2022;
Su et al., 2023; Corsini et al., 2024; Zhang et al., 2024) or Directed Acyclic Graphs (DAGs) (Mao
etal., 2019; Luo et al., 2021; Sun et al., 2021; Zhu et al., 2024) to represent system states, capturing
various information related to workflows/jobs and machines. While disjunctive graphs model static
job shop scheduling (JSS) through single static graphs of all known jobs on homogeneous machines
(Zhang et al., 2020; Song et al., 2022; Su et al., 2023), they fail to handle the dynamic nature of
unpredictable workflows and heterogeneous machines in DWS. In cloud computing, each workflow
is typically represented as a separate DAG, which captures task-related information only, ignoring
machine-related information. Current research processes each static DAG individually (Mao et al.,
2019; Zhu et al., 2024), failing to model the real-time interactions across multiple dynamically
arriving workflows and preventing them from being used to solve DWS problems effectively.

To address this, we propose a novel real-time graph representation to comprehensively model the
state of multiple workflows and heterogeneous machines. Unlike prior works where actor and critic
networks rely on the same graph representation (Zhang et al., 2020; Song et al., 2022; Zhu et al.,
2024), we design two distinctive graph representations: one for the actor (for action selection),
and another for the critic (for value estimation). This allows the actor to focus on task-specific
information while ensuring the critic has access to the overall operating status of the DWS system.
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Architecture Design. Graph Neural Networks such as Graph Convolutional Network (GCN) (Kipf

& Welling, 2017; Mao et al., 2019; Ni et al., 2021; Zhu et al., 2024), Graph Isomorphism Network
(GIN) (Xu etal., 2018; Su et al., 2023), Heterogeneous GNN (Song et al., 2022; Wang & Gombolay,
2022), and Graph Attention Network (GAT) (Vekovic et al., 2018; Song et al., 2022; Wang et al.,
2023) are commonly used to process graph-based state representations. For example, Ni et al.
(2021) used GCN for extracting node embedding followed by self-attention layers to jointly process
multiple sub-graphs associated with different process stages. Zhang et al. (2020) utilized GIN to
obtain node embeddings, which are concatenated through mean pooling and are further processed
by the actor network. While effective, this approach can make it more challenging for the actor
to distinguish between different actions, particularly in large graphs with many nodes. In view of
this, Zhang et al. (2024) introduced two separate GAT networks in the actor to extract topological
embedding and context-aware embedding individually.

To better capture work ow dynamics and accurately evaluate the current policy, we design separate
architectures for the actor and critic networks respectively, allowing each to specialize in different
aspects of the scheduling process.

Training Methods. Current learning-based methods for scheduling problems include RL (Su et al.,
2023; Lei et al., 2023; Zhang et al., 2023), as well as supervised (Pan et al., 2023; Luo et al., 2023),
unsupervised, and self-supervised learning techniques (Corsini et al., 2024; Pirnay & Grimm, 2024).
Supervised learning relies on expensive labeled solutions (Corsini et al., 2024). Self-supervised
learning is highly sensitive to sample quality (Pirnay & Grimm, 2024). RL-based methods are more
suitable for dynamic scheduling in online settings, thanks to their ability to continuously learn and
make real-time decisions in a changing environment. Existing RL methods incaldebased

(e.g., DDQN (Liu et al., 2022; Lei et al., 2023pplicy-based (e.g., REINFORCE (Mao et al., 2019;
Zhang et al., 2024), ES-RL (Su et al., 2023)), &wulor-Critic-based (e.g., PPO (Lei et al., 2023;
Zhang et al., 2023)) algorithms.

Different from existing studies that focus mainly on of ine learning with limited adaptability, we
propose a two-stage RL approach for effective of ine learning and stable online adaptation in DWS.

3 PROBLEM FORMULATION

A DWS problem instance consists of a $&tof dynamically arriving work ows and a collection
M of heterogeneous machines. A work oW; 2 W is modelled as a DAG (see Appendix A),
denoted byW; = (Ow, ; G, ), with a node seDy, = fO;1;:::;Oin, g representing tasks and an
edge seGy, = f(Oj ;0k)jOj ;O 2 Ow, g. Each edg€Oj; ; Oy ) indicates that tasld; must
be completed befor®;, starts. LetO = Ow, [Ow,[ [O Wi, be the set of all tasks to
be executed to accomplish all work ows W. Each taskO; with a workloadtw;; 2 R*™ can be
assigned to any machiridq 2 M . Its execution timaati(jq) = m’—slq depends on the speeus,

of the assigned machird,. Each work ow W; arrives at a speci ¢ timet;, and is nished at
fti = max; (ft; ) when all its task€D; 2 O, are completed. Thewtime of work ow W; is
determined by = ft; atj.

At eachdecision step, a singlefocused taskO; is identi ed. O, is anunassigned task that becomes
ready for execution at timebased on the current state of the DWS system. It will be assigned to a
speci ¢ machine according to policy. Once assigned),; will be added to the machine's waiting
gueue. All pending tasks in the waiting queue are executed in the FIFO order (Senapati et al., 2021).

The objegive of DWS is to nd a policy : Mgy (G5 ;M) to minimize the mean owtime
F = ﬁ WI'F; across all work ows received within an operating duration, while obeying task

precedence constraints. Appendix B explains the work ow scheduling process in details.

4 METHODOLOGY

In this section, we introduce the proposed GOODRL approach. We rst formulate DWS as a RL
problem where our novehsk-speci cand system-orientedraph representations are introduced.
Then, we detail the architecture designs of the GAT-basxtdr network and the GAT-basettitic
network. Finally, we outline thef ine-online RL method.
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(a) The two-stage of ine-online learning process. (b) Information processed by the ac-
tor and critic.

Figure 1:The overall framework of GOODRL for DWS.

Figure 1 illustrates the overall framework of our GOODRL approach. In Figure 1(apftine

stage begins by pre-training the actor network with imitation learning to follow expert-designed
PDRs (e.g., HEFT (Topcuoglu et al., 2002; Senapati et al., 2021)). This prevents the accumulation
of uncompleted tasks, which would otherwise occur if training started with a randomly initialized
actor. Such accumulation can lead to memory issues and signi cantly increase computation time
required for training the actor network. Standard PPO (Schulman et al., 2017) is subsequently
employed to train the actor and critic networks. In dmdine stage, the pre-trained actor network is
continuously ne-tuned by the newly developed online PPO algorithm. This is achieved by using
gradient control and decoupled high-frequency critic training techniques introduced in Section 4.3.2.
The information processed respectively by the actor and critic networks is shown in Figure 1(b).

4.1 REINFORCEMENTLEARNING PROBLEM FORMULATION

We model the scheduling process in the DWS system as an

RL problem, as shown in Figure 2. Tiseheduling Agent

is an intelligent entity composed of an Actor, a Critic, and

an RL Algorithm. As a model of policy, the actor selects

an action/machine; to execute the focused ta€k at any

decision step. The critic evaluates the actor's expected fu-

ture return. The RL Algorithm continuously improves the

performance of the actor under the guidance of the critic.

The Cloud Environment employs aNork ow Poolto keep

track of all work ows being executed on all availaki¢a-

chine Resourceproviding system statsf, agent observa-

tion s?, and rewardr; to the scheduling agent. The ke)f:igure 2:The RL based formulation
component$S®; S#; A;P;R; ;V ) of thisRL problem are 5¢the pWS systems.
explained as follows.

System State.Each system statsf 2 S€ is a snapshot of the current status of the whole DWS
system at decision step including (1) the focused tas®, ; (2) details of all work ows under
processing, including information of their constituent tasks, task dependencies modeled by DAGS,
as well as work ow arrival times; and (3) the current processing status of each machine. We design
a novelsystem-oriented graphG°(sf) = (O:;Gy [Cwm [Ca) to represensf as the input of

the criticV, as shown in Figure 3(a). Only uncompleted tasks are includ€&i(isf) for ef cient
memory usage.

Moreover, the edge set [B°(sf) covers three types of information: (tBsk precedence constraints

Gv (e.g., edgdO;,;014) 2 Cy in Figure 3(a) indicates that task;4 cannot be executed before
completing taskO;2); (2) machine processing order constrairg (e.g., edgdO13; O23) 2 Cu

in Figure 3(a) indicates that machiie; must execut®;3 rst before executingd,3); and (3) the

eligible actions/machines for executi represented by = f(O(a‘)'Ot) j a 2 Ag. Each

last *
edge inGy connects the last task nodl{:;t), denoting the most recent task assigned to an eligible
machine, tdO; (e.g., taskO23 connected by edglO,3; O31) 2 Ca in Figure 3(a) is the last task
assigned to machird 1). In summaryG°(sf) models the evolving interactions across all work ows

at each system stasg, providing the critic with a comprehensive view of the DWS system.

Agent Observation. The agent observatis? at decision stepis a partial observation of the system
states?. To accurately capture subtle differences among all candidate actions for exe@uting
propose a novehsk-speci ¢ graph G?(s?; a;) = (O1; Gy [Cm [C4,) to represent observation-
action pair(sg; a;) as the input of the actor, as shown in Figure 3(b). The new graph representation
explicitly captures the future impact of each speci ¢ action/mactihg on O, from two levels:
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Figure 3:Examples of two novel graph representationsThe DWS system at the current decision
stepincludes 3 work ows and 2 machines, requiring the assignment of the focus&dktaskeither
machineM 1 or M ,.

(1) At the topologylevel, an edge, = f(Ol(l,f‘s‘t);Ot )g is inserted inG*(s2; &) to capture the
interaction betwee®, and the selected machihg,, (e.g., edgdO,3; O31) in Figure 3(b), since
Oa3 is the last task assigned to machidg, which isMg, in this example). (2) At théeature

level, the raw feature vector @, is updated in real-time to predict the consequence of processing

O, usingM,, . The real-time updated feature vecté?) 2 R” includes seven important features
de ned in Appendix C, including task execution staass , task workloadw;; , remaining workload

of associated work oww;; , task execution timeti(jq), task completion timeti(jq), machine speed
msg, and machine utilizatiomuy.

Actions. Any actiona; 2 A assigns the focused ta€k to the waiting queue of an eligible machine
Mgq. The size of the action spacejf§ = jMj .

Transition. The system transits from stadeto states;; after taking actiora;, which assigns the
focused task at decision stepo a speci ¢ machine for execution. See Figure 8 in Appendix B.

Rewards A rewardr provides a scalar feedback signal for taking acppmt system statsf. In
line with the objective to minimize the mean owtinte, we de ner; = w; 2w ¢ Fi, wherew®
refers to the set of work ows completed in between decision stepglt + 1. If no work ows are
completed during the two stepg,=0.

Learning Objective. The scheduling agent aims to learn an optimal policy (modeled by the actor)
to maximize the expected total rewards (estimated by the critic) from the long-term operation of the
DWS system in both of ine and online scenarios.

4.2 GRAPHATTENTION ACTOR AND CRITIC NETWORKS

In the following, we introduce the architecture designs of the Graph Attention Actor Network
(s?;a;) and the Graph Attention Critic Netwolk (sf), respectively.

4.2.1 ACTORNETWORKARCHITECTUREDESIGN

Figure 4:Schematic design of the graph attention actor network.

Figure 4 depicts the architecture design of the actor netwof&?; a;) with trainable parameter,

aiming to accurately differentiate all eligible machines for processing the focused task. The actor
network takes each observation-action pair represented by the task-speci c@tegiha;) as its

input, and transform&?(s?; a;) into the node embedding of the focused t&k through GAT

layers By concentrating on the focused task/node, the subsedigtitLayer Perceptron (MLP)
layerscan easily produce discriminative scores for differesdt a;) pairs. These scores are further
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processed by thsoftmaxfunction to generate the probability distribution over the action space for
reliable action selections by the actor.

Task-speci ¢ Embedding Module. In Figure 4K GAT layers (Velckovic et al., 2018) are utilized
to extract the node embedding of the focused @skfrom G*(s?; a;). Appendix D presents the

detailed mathematical modelling of the GAT layers. The node embed@ng h(K) 2 R

with respect to the focused ta€k at theK -th GAT layer is extracted from the task- speC| c graph
G?(s?; a;) and is further processed by an MLP for action selection.

Action Selection. To determine the probability of performing any actian2 A according to
our actor network uses MLP layers to process the focused node embé\@gjglgextracted from

G?(s?; ar). Ascorez(s?; a;) = MLP (ﬁs‘a -a, ) IS hence calculated. After obtaining the scores of all
eligible actions, the action selection probability is determined using the popular softmax function:
(s?;ar) = softmaxfz(s?; a)ja: 2 Ag). An actiona; is then chosen following these probabilities.

Remark. Our actor network design introduces two advantages for exible task assignment across
heterogeneous machines. @3irwise processingInstead of processing all tasks and machines

in a single static graph as in previous studies (Song et al., 2022; Su et al., 2023), we calculate
each(s?; a;) pair separately. This design explicitly considers the immediate and future impact of
assigning any machine to the focused task at both the topology and feature levels, allowing the
actor to accurately differentiate all eligible actions and make informed scheduling decisions. (2)
Focused embeddin@ur design learns the embedding of the focused task directly, rather than using
mean pooling to combine embeddings of all nodes, as in many existing studies (Zhang et al., 2020;
Corsini et al., 2024). This design can effectively prevent the learned embedding from being diluted
by irrelevant information from non-focused tasks/nodes. Relevant ablation experiments on the actor
network architecture design are reported in Appendix F.

4.2.2 QRITIC NETWORK ARCHITECTUREDESIGN

Figure 5:Schematic design of the graph attention critic network.

Figure 5 depicts the architecture design of the critic netwéris?) with trainable parameter,
aiming to capture the full information of the system state required for effective temporal-difference
learning (Sutton, 2018). The critic network takes system-oriented graph represe@gtpnas its

state input.GAT layersare employed rst by the critic to compute all node embeddings based on
the local topological structure @°(s7). SubsequentlySelf-Attention layersre utilized to handle

the relationship among all task nodesG@{sf) at the global scale. The resulting node embeddings
are then aggregated vimean poolingand processed bYILP layersto predict the expected future
return of the DWS system.

System-oriented Embedding Module.Unlike previous approaches where the actor and critic net-
works share a common feature extractor (Ni et al., 2021; Song et al., 2022; Wang et al., 2023), our
critic network uses its own GAT layers and self-attention layers (Vaswani, 2017; Ni et al., 2021)
to extract node embeddings froBf(sf). Speci cally, K GAT layers are used to obtain the em-
beddings of all nodes i6°(sf). The corresponding mathematical modelling of these layers can be
found in Appendix E.

After obtaining all node embeddings, we employayers of self-attention to integrate information
from all nodes inG%(s?). The Ué)date rule for thieth self-attentioln layer is:

u Dw Oy Dy O g
o = Q K
ut” = softmax@ p—

5 % ut dw O 1)

whereu©@ = [e{)],20, 2 RO 9 s the collection of node embeddings produced by the GAT
layers,u® = e *"],20, 2 RI°t 9 s the collection of node embeddings produced byltte
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self-attention layer, an@V g);W ﬂ);Wf,') 2 RY 9 are the learnable weight matrices of thth
self-attention layer. Finally, all node embeddings are aggregated using the cam@aonpooling
technique to construct the high-level global embeddinGdt;) as follows:

1 X

— (K+L)
Ccc = —— e (2)
04 %20,

X

whereel ") 2 RY is the embedding of node corresponding to a row af(-).

State Value. The state value is computed by passing the aggregated global embegddthgpugh
an MLP, yieldingV (sf) = MLP (es:). This scalar output from the critic network estimates the
expected future return from system stateipon following the actor.

Remark. Our critic network design brings two key bene ts for handling unpredictable work ow
arrivals and patterns. (Jomprehensive context awarerne$he GAT layers process each edge of
GE(s?) in both directions. We further add additional edges between the focused task and all eligible
machines irG°(s?), enabling the critic to directly assess the in uence of both past and future tasks on
the focused task, providing a comprehensive contextual understanding of task-machine interactions.
(2) Long-range interaction modelindt is well-established in the scheduling literature that distant
task nodes in a complex graph suchGigsy) can strongly in uence each other (Ni et al., 2021).

We employ a self-attention mechanism to capture long-range dependencies across all task nodes,
including those belonging to newly arrived work ows, empowering the critic with a holistic view of

the system's dynamics. Relevant ablation experiments on the critic network architecture design are
reported in Appendix G.

4.3 OFFLINE-ONLINE REINFORCEMENTLEARNING

Two learning stages are involved in training the scheduling agent. loftine stage, we pre-train
the agent's actor and critic networks to establish effective initial policies for the DWS system. In the
onlinestage, pre-trained networks are ne-tuned in real-time to adapt to the changing environment.

4.3.1 OFFLINE LEARNING

We employ both the imitation learning method (Barde et al., 2020) and the PPO algorithm (Schul-
man et al., 2017) to train the actor and critic networks. Initially, the actor network is trained through
imitation learning, with the widely used HEFT heuristic serving as the teacher. (Topcuoglu et al.,
2002). This approach avoids the unnecessary trial-and-error required for training a randomly ini-
tialized actor, which can cause unprocessed tasks to accumulate in the DWS system, increasing
memory demands and risking program interruption. Therefore, the actor network can be quickly
and effectively trained to achieve comparable performance as HEFT with high sample ef ciency.

Afterwards, the PPO algorithm is utilized to train both the actor and critic networks. Iteratively, PPO
samplesN independent trajectories to update both networks, further enhancing the effectiveness of
the actor while keeping the critic accurate. See Appendix H.1 for the pseudo-code of of ine learning.

4.3.2 ONLINE LEARNING

We develop an online version of the PPO algorithm that simultaneously uses the actor to sched-
ule newly arriving work ows while continuously improving its performance during the day-to-day
operation of the DWS system.

The standard PPO algorithm, which relies on multiple short trajectories for robust policy updates,
is not suitable for online learning, where stable actor updates must be performed on a single long-
lasting trajectory. We improve PPO with two techniques for online learning, enabling the actor to be
reliably and quickly ne-tuned to meet changing scheduling demands.

First, we implemenGradient Controlto stabilize actor training by regulating the gradient magni-
tude. Speci cally, we adopt the following threshold to bound the L2 norm of the policy gradient
vector used for training the actor network:

r J= .
0; otherwise
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wherer J stands for the policy gradient. ey and prev are the mean L2 norm of J and the
corresponding standard deviation from the previous training epgdfounds the maximum allowed

L2 norm ofr J. Whenever the L2 norm af J is too large, we avoid using it to train the actor
network (i.e.,r J is set to the zero vector). This prevents abrupt change of the actor network,
ensuring stable learning in dynamic environments.

Second, we train the critic network independently and at a higher frequency than the actor, fully
decoupling their training processes. This separation prevents interference between the two networks
during training, providing the actor with more stable guidance from the critic's accurate value esti-
mates. The pseudo-code of our online PPO algorithm is presented in Appendix H.2.

5 EXPERIMENTS

This section evaluates GOODRL's performance, starting with the experimental setup and baselines,
followed by of ine and online comparisons, and ablation studies to assess some key components.

5.1 EXPERIMENTAL SETUP

Environment Settings. We follow the framework of Huang et al. (2022) to perform training and
testing on distinct of ine and online scenarios listed in Table 1 and Table 2. Each scenario involves
multiple machines and a series of dynamically arriving work ows. A scenario contains &ithér

or6 4 machines, representing the number of machine con gurations and units per con guration,
respectively (see Appendix 1.3 for details). Four popularly studied work ow patterns (Deelman
et al., 2015) (see Figure 9 and Table 6 in Appendix A) are used to randomly create 30 work ows for
of ine training and 1k, 3k, 5k work ows for of ine evaluation. In online testing, we further assess
PDRs and scheduling agents on large scenarios with 5k, 10k, and 20k work ows under demanding
real-time conditions. These work ows arrive dynamically following a Poisson distribution, with an
arrival rate of = f5:4; 9g work ows per hour.

Model Con gurations. Detailed information regarding the network architecture, normalization
method, of ine imitation learning, of ine PPO, online PPO, hardware/software platform, and al-
gorithm implementation is presented in Appendix J. Our code and data are publicly available at
https://github.com/YifanYang1995/GOODRL

Baselines. We compare GOODRL against three well-known PDRs designed manually by DWS
experts:Earliest Start TImé€EST),Predict Earliest Finish TIméPEFT), andHeterogeneous Earliest

Finish Time(HEFT) (Topcuoglu et al., 2002; Senapati et al., 2021). We also employ the state-of-
the-artGPHH method for DWS as a baseline to evolve high-performing PDRs through extensive
evolutionary search. For GPHH, we use standard parameter settings from previous studies (Xu
et al., 2023), perform 30 independent runs with different random seeds and report the best results
obtained (details in Appendix K). Given the limited research on GNN-based state representations for
DWS, we compare GOODRL witBERL-DWS(Shen et al., 2024), an advanced DRL method with

an advanced transformer-based neural network architecture. Their average performance is evaluated
using ve random seeds.

5.2 PERFORMANCECOMPARISON IN OFFLINE SCENARIOS

Table 1 presents the mean owtime achieved by GOODRL and competing algorithms across 12 of-
ine scenarios. Each scenario contains 30 problem instances of 1k, 3k or 5k work ows each. Since
the test performance of the best scheduling heuristic evolved by GPHH varies hugely across differ-
ent scenarios, we report the best test results achieved by the top three heuristics obtained from 30
independent runs (see Appendix K for details). Despite our best efforts, including adding imitation
learning, ERL-DWS showed no signi cant improvement in test performance. We hence report its
best available results in Table 1. Appendix P further reports the inference time of these methods.

GOODRL achieves consistently low mean owtime in Table 1, with an average rank of 1.17 across
all scenarios, outperforming all baselines. Compared to expert-designed PDRs (EST, PEFT, HEFT),
GOODRL signi cantly reduces the mean owtime, with Gap differences up to 289.98%. Although
GPHH slightly outperforms “Ours-Of ine” (i.e., trained of ine with GOODRL) on scenartés

5;5:4;1ki andhb  5;5:4; 3ki, the Gap differences are merely 1.24% and 0.15%. However, GPHH
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Table 1: Performance comparison in of ine scenarios. “h6  4;9; 1ki”: each instance in this
scenario contains 1000 work ows arriving at a rate of 9 work ows per hour, which need to be
assigned to machines with 6 different con gurations, with 4 units per con guration. “Obj.”: the
mean owtimeover 30 instances. “Gap”: the gap to the best “Obj” in each rdvold”: the best
result in each scenarioblue bold”: the average ranking across all scenarios of the best approach.

EST PEFT HEFT GPHH ERL-DWS Ours-Of ine
Obj. Gap | Obj. Gap | Obj. Gap | Obj. Gap | Obj. Gap Obj. Gap

F6  5;5:4;1ki | 1243.15 204.51%551.30 35.049%509.95 24.91%408.24 0.00%|1889.47 362.83%413.29 1.24%
6 5;9;1ki |1152.40 177.94%510.55 23.14%478.44 15.39%430.28 3.78%)2180.41 425.89%414.61 0.00%
6  4;54;1ki | 1083.02 290.07%438.40 57.909%391.61 41.05%322.52 16.16% 713.87 157.11% 277.65 0.00%
6 4;9;1ki | 990.20 248.92%391.17 37.84%357.95 26.13%300.20 5.78%) 1523.83 436.95% 283.79 0.00%
6 5;5:4;3ki | 1235.14 202.87%551.33 35.19%508.10 24.59%407.81 0.00%|2670.81 554.91%408.41 0.15%
6 5;9;3ki [1153.02 179.009%510.22 23.46%477.07 15.44%427.04 3.33%) 3582.70 766.91%413.27 0.00%
6 4;54;3ki |1081.28 289.98%438.62 58.19%390.64 40.89%386.77 39.49%1108.95 299.96% 277.27 0.00%
6 4;9;3ki | 992.46 250.72%389.94 37.80%356.08 25.83%358.40 26.65%2748.28 871.19% 282.98 0.00%
6 5;5:4;5ki |1231.70 202.34%550.53 35.13%507.91 24.67%408.38 0.24%) 2944.35 622.73%407.39 0.00%
6 5;9;5ki |1146.62 177.17%509.61 23.19%477.12 15.33%427.88 3.43%) 4299.75 939.38%413.68 0.00%
6  4;54;5ki |1076.75 288.119%437.53 57.719%389.24 40.30%386.95 39.47%1281.00 361.73% 277.44 0.00%
6 4,9,5ki | 992.92 250.55%388.68 37.22%356.47 25.85%297.40 5.00% 3480.87 1128.92%283.25 0.00%
5.08 4 2.92 1.92 5.92 1.17

Scenarios

exhibits extensive performance variability, with Gaps reaching 39.49% and 39.47% to GOODRL
in other scenarios. ERL-DWS performs signi cantly worse than GOODRL as high as 1128.92%.
Additionally, both expert-designed PDRs and GOODRL exhibit robust performance as the number
of work ows increase, while GPHH and ERL-DWS deteriorate signi cantly. Overall, our of ine
results demonstrate the impressive performance of GOODRL on DWS problems.

5.3 PERFORMANCECOMPARISON INONLINE SCENARIOS

Table 2 presents the mean owtime obtained by all algorithms in online scenarios. “Ours-Of ine”
refers to the online performance of the scheduling agent only trained of ine by GOODRL. “Ours-
Online” indicates the online performance of the scheduling agent that is trained both of ine and
online by GOODRL. “Ours-Online” achieves the highest rank of 1.17 across all compared algo-
rithms. Both “Ours-Online” and “Ours-Of ine” signi cantly outperform expert-designed PDRs
(EST, PEFT, HEFT) and ERL-DWS. While GPHH ranks third, it relies on the best result of 30
runs, requiring approximately 200 CPU hours for training. Additionally, GPHH's performance de-
grades as the number of work ows increases. In contrast, “Ours-Online” consistently improves
upon “Ours-Of ine”, with performance gains of up to 1.24% in the2 4, 9; 20ki scenario. This
highlights GOODRL's ability to adapt pre-trained agents to dynamic demands (see Appendix Q for
more robustness experiments), owing to its dynamic graph representation and of ine-online training
scheme. Note that even small improvement in mean owtime can yield substantial practical bene ts,
including signi cant cost savings in large-scale dynamic environments (see Appendix R).

Figure 6 shows thenean owtimeachieved by “Ours-of ine” and “Ours-online” in three online
scenarios, comparing their performance over 5000 consecutive work ows. To ensure fair and reli-
able comparison, we begin tracking mean owtime after the rst 2000 work ows, by which point
the DWS system has reached stable dynamics. “Ours-online” consistently achieves lower mean
owtime than “Ours-of ine” throughout the entire evaluation, as clearly evidenced in Figure 6.
These results highlight the effectiveness of online learning in GOODRL for continuously improving
scheduling performance.

5.4 ABLATION STUDIES

(1) Actor Network : Table 4 (Appendix F) validates the task-speci c embedding module (TSEM) in
our actor network. Our-TSEM, with pairwise processing and focused task embedding, achieved the
lowest cross-entropy loss compared to TSEM w/o pair (removing pairwise processing) and TSEM
w. mean (adding mean pooling). These results con rm that separating task-machine pairs and
avoiding mean pooling greatly enhance the ability to differentiate actions by focusing on critical
task-speci c information. (2Critic Network : Table 5 (Appendix G) validates the system-oriented
embedding module (SOEM) in our critic network. Ours-SOEM, incorporating bi-directional edges,
additional connections, and a self-attention mechanism, signi cantly outperforms SOEM w/o. edge
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Table 2:Performance comparison in online scenarios‘Scenarios”: the scenarios for evaluating

the online performance of the scheduling agent previously trained of if®in 5;5:4i. “bold”:

the best result in each scenaridlie bold”: the average ranking across all scenarios of the best

approach.

Scenarios EST PEFT HEFT GPHH ERL-DWS Ours-Ofine | Ours-Online

Obj. Gap | Obj. Gap | Obj. Gap | Obj. Gap| Obj. Gap | Obj. Gap | Obj. Gap
6 4;54;5ki |{1076.01 277.05%439.28 53.93%B91.63 37.23%B303.70 6.42%1349.12 372.74%286.43 0.37%285.38 0.00%
6 4;5:4;10ki [1077.09 279.13%39.64 54.75%390.26 37.37%B05.31 7.47%1778.26 525.94%284.09 0.00%285.12 0.36%
6 4;5:4;20ki [1072.90 276.97%39.88 54.55%391.18 37.44%309.12 8.61%2257.78 693.29%286.08 0.52%284.61 0.00%
6 4;9;5ki | 994.00 233.40%®B87.84 30.09%B55.51 19.249%B03.57 1.82%1246.91 318.24%801.00 0.96%298.14 0.00%
6 4;9;10ki | 993.97 238.099%B87.64 31.85%B355.21 20.82%1B07.27 4.52%1838.20 525.24%297.19 1.09%294.00 0.00%
6 4;9;,20ki | 997.53 231.28%888.79 29.12%356.39 18.36%B12.56 5.08%2783.78 835.93%801.11 1.24%297.44 0.00%

6 5 4 3 7 1.83 1.17

Figure 6:Performance comparison between “Ours-Of ine” (trained only of ine with GOODRL)
and “Ours-Online” (trained both of ine and online with GOODRLih three online scenarios.

(removing bi-directional and additional edges) and SOEM w/o. self (removing the self-attention
layers) in value loss. The results highlight the importance of comprehensive context awareness
and modeling long-range interactions for effectively managing dynamic work ows.Of8ne
Learning: Table 13 (Appendix L) validates two key techniques proposed for online training. Ours-
Online achieved superior online performance improvement compared to Online w/o. grad. (remove
gradient control) and Online w/o. freq. (remove independent high-frequency critic updates). These
results demonstrate the effectiveness of both techniques in stabilizing and enhancing online learning.

5.5 SCALABILITY, TRANSFERABILITY, AND EXTENSIBILITY OF GOODRL

(1) Scalability to signi cant changes Experiments in Appendix M demonstrate that our model can
effectively handle signi cant changes in work ow patterns, arrival rates, and machine con gurations
without retraining. (2)Transferability to FISS: We applied GOODRL to FJSS problems studied

in Song et al. (2022), a representative research work on FJSS, to validate its transferability. Results
in Appendix N demonstrate that GOODRL, designed for complex large-scale DWS problems, can
also performs competitively on other scheduling problems such as FIExtéBsibility to multi-
objective problems In Appendix O, we demonstrate empirically that GOODRL can support other
practical objectives such as cost, beyond owtime reduction, by modifying the reward function.
In particular, the actor trained with the modi ed reward can achieve a desirable trade-off between
owtime and cost, with a slight increase in owtime but substantial cost savings of up to 41%.

6 CONCLUSION AND FUTURE WORK

This paper proposes GOODRL, an of ine-online DRL approach for DWS. GOODRL features three
key technical innovations. First, it introduces a new task-speci ¢ graph representation and a Graph
Attention Actor Network to assess the immediate and future impacts of assigning any machine to
process focused tasks, enabling the scheduling agent to dynamically and effectively manage work-
ow execution. Second, GOODRL adopts a novel system-oriented graph representation and a Graph
Attention Critic Network to model complex interactions across multiple work ows and machines,
providing accurate value estimates from a holistic system-wide perspective. Third, GOODRL lever-
ages of ine imitation learning for ef cient actor pre-training and an enhanced online PPO algorithm
with gradient control and decoupled high-frequency critic training techniques for robust real-time
adaptation. Experimental results con rm that GOODRL signi cantly outperforms state-of-the-art
baselines in minimizing mean owtime. In future work, we could explore unlimited machine con-
gurations, constraint handling and multi-objective learning techniques to tackle constrained multi-
objective scheduling problems in cloud computing and other complex computing paradigms.
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A DIRECTEDAcCYCLIC GRAPH

A workow W; can be represented as a Directed Acyclic Graph (DAG), denotetiVby=

(Ow, ; G, ), as shown in Figure 7. Her@y, = fOi1;0i2; ;O gis the set of nodes, where
each nod®; represents a speci taskof W; that needs to be executed. The edgelse¢presents

the directed edges between tasks, where each(€geOj ) indicates a precedence constraint such
that taskO;; must be completed before ta€l can start. The execution of tasks in the work ow
follows the topological order de ned by the DAG. A task can be scheduled or executed only after
all its predecessor tasks have been completed; such a task is refernehdg task

Figure 7:Three work ows in DAG form.

B DyNAMIC WORKFLOW SCHEDULING PROCESS

Work ow scheduling involves assigning interdependent tasks to heterogeneous virtual machines to
optimize speci ¢ objectives such asean owtimeacross work ows. In the scheduling process,
certain constraints or assumptions must be taken into account:

« The pattern of each work ow (i.e., DAG structure) is unknown until it reaches the system.

« Tasks within a work ow can be allocated to any machine, with processing times varying ac-
cording to machine speeds.

« Each machine can process only one task at a time.
¢ Only tasks with all predecessors completed are eligible for scheduling.

Figure 8 depicts the scheduling process in a DWS system. The process begins with the dynamic
arrival of work ows into theWork ow Pool At each decision stefy the system automatically iden-

ti es a unique task that needs to be assigned at statealled thefocused taskO, . For example,

Q43 is chosen as the focused task at the current state. The scheduling agent then assigns the focused
task to one of the available machine queues accordingptdiey . For exampleQ,3 is assigned

to the queue of machiné ; following M; = (O43;fM1;M2;  ;Mjy jg). Theassigned tasks
waiting in each machine queue will be executed according to the First-In-First-Out (FIFO) principle
(Deelman et al., 2015; Huang et al., 2022), and their execution time depends on the machine's pro-
cessing speed. The task execution status in the work ow pool is updated step-by-step, transitioning
from unassignedto focused then toassigned and nally to completed Meanwhile, the schedul-

ing agent iteratively updates the system, identi es new focused tasks, and manages task execution
in line with machine queues until all tasks are completed.

Figure 8:Scheduling process in the dynamic work ow scheduling system.
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C Raw NODE FEATURES IN GRAPH REPRESENTATION

Detailed de nitions of raw node features and their respective value ranges are reported in Table 3. In
particular, for the four machine-related features (e&.ct; ms; mu), if 9(O; ; ) 2Cw [Cwm [Ca,

or9(;0;) 2Cw [Cwm [Ca,, the feature value (D of nodeOi(q) are calculated using the status
of the speci ¢ machinevl 4; otherwise, the feature valuegstimatedusing the average information

across all machines, denotedﬁé)‘}) onMy.

Table 3:Meaning and value range of raw features within each node.

Symbol Meaning Explanation Range
) " Represents four possible status of tagk :
work ow €S Task execution status unassigned, focused, assigned, and completed. 0.1,2,3
related tw Task workload The workload of tagRj . 39185.28 s
W Remaining workloads  The sum of the workloads of all unassigned tasks 20.41 h
U of associated work ow  in work ow W; to which taskO; belongs. .
(a) (a) o The execution time of tas®;; on machineM ¢,
ety orety Task Execution time with g indicating the average across all machines. 4898.16s
(q) (q) L The expected completion time of ta€k; on
machine  Cti orety Task completion time ol 4 OrM . 29.41h
related The processing speed of machMe, , with ¢
msq orms g Machine speed representing the average processing speed 8,16,32,48,64,96
across all machines.
MU q or mu Machine utilization the ratio of its working time to the total system [0.1)

time, withq representing the system average.

D TASK-SPECIFICEMBEDDING MODULE

We useK GAT layers (Velckovic et al., 2018) to extract the node embedding of the focused task
O, from G*(s; a;). Speci cally, the u%date rule at tHeth layer if de ned as follows:

h(o = @ X §(|)</)W(k)h§/k DA 3)
y2N (x)

whereh? = fil(q) 2 R’ is the raw feature vector of nodein G?(s?; a;) at the input layer, and
h{) 2 RY is the d-dimensional embeddings of nodeat thek-th layer. Additionally,N (x) =
fyj8(y;x) or8(x;y) 2 Cw [Cwm [C 4 gis the neighboring set containing all incoming and outgoing
neighbors of node in G*(s?; a;). Furthermore, &'f,) is the attention coef cient between nodes
andy at thek-th layer; W ) is the learnable weight matrix of theth layer; and is a non-linear
activation function (e.g., ReLU). The node embeddﬁ‘\rgg;alt = h(oK‘) 2 RY with respect to the

focused taslO; at theK -th layer is extracted from the task-speci ¢ gra@h(s?; a;) and is further
processed by an MLP for action selection.

E SYSTEM-ORIENTED EMBEDDING MODULE

Unlike previous approaches where the actor and critic networks share a common feature extractor
(Ni et al., 2021; Song et al., 2022; Wang et al., 2023), our critic network uses its own GAT layers
and self-attention layers (Vaswani, 2017; Ni et al., 2021) to extract node embedding&%tsin

Speci cally, K GAT layers are used to obtain the embeddings of all nod€s(sf), with the update

rule at thek-th layer de ned as: 0 1

X
k
= @ Wy Welk DA @)
y2N (x)

wheree{ 2 RY is thed-dimensional embedding of nodteobtained at th&-th layer,W ) is the

layer's learnable weight matrix,(x'f,) is the attention coef cient between nodesandy, and is a

non-linear activation function (e.g., ReLU). The neighborhood\sgt) = fyj9(y;x) or (x;y) 2
Gy [Cwm [C agcontains all predecessor and successor nodes connected directly toind@gfésy).
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Table 4: Cross-entropy loss at different iterations. “Ours-TSEM”: our task-speci ¢ embedding
module proposed in Section 4.2.1. “TSEM w/o. pair”: an architecture that does not t{andje

pairs; instead, it directly calculates all action selection probabilities based on a state. “TSEM w.
mean”: an architecture that additionally concatenates the mean pooling of all nodes from the task-
speci ¢ graph as input to the MLP.

Actor Architecture  100-th  200-th  300-th  400-th 500-th 600-th  700-th 800-th  900-th

Ours-TSEM 2.7486 2.7106 2.6881 2.6647 2.6498 2.6038 2.5726 2.5297 2.5091
TSEM w/o. pair 3.1707 3.1597 3.1538 3.1468 3.1435 3.1394 3.1365 3.1333 3.1302
TSEMw. mean 2.7099 2.7209 2.7152 2.6659 2.7109 2.6172 25989 2.5334 2.5243

F ABLATION STUDY OF ACTOR NETWORK ARCHITECTURE DESIGN

In Table 4, we compare three alternative actor network architectures based on their cross-entropy
loss de ned below averaged over ve random seeds. This comparison provides insights into how
well each architecture can learn from HEFT through imitation learning. The best architecture is
expected to achieve the lowest cross-entropy loss and hence is more capable of modelling effective
scheduling policies. X

1
Lce = — CrossEntropy (sf; );ar) (5)
1Y) s?;at 2D
whereD is a repository of state-transition data obtained by using HEFT to schedule work ow tasks,
(s2; ) represents the probability distribution over eligible actions determined by the actor network
with parameters.

We compareéDurs-TSEM, which incorporates the advantagespairwise processingndfocused
embeddingnentioned in Section 4.2.1, against two baseliff&sE=M w/o pair (removing pairwise
processing) andSEM w. mean (adding mean pooling over all nodes).

¢ Our-TSEM achieves the lowest cross-entropy loss in most cases, as its architecture precisely
considers the impacts of each machine on the focused task, enabling the actor network to ef-
fectively differentiate all candidate actions.

* TSEM w/o pair demonstrates a smaller reduction in loss than Our-TSEM, indicating that
pairwise processingan accurately capture the task-machine interactions, facilitating effective
scheduling.

* TSEM w. mean leads to inferior loss, since it dilutes the information of the focused task as a
result of mixing the embeddings of all tasks, making it hard to distinguish eligible actions.

Overall, Our design of TSEM allows precise differentiation of actions, facilitating precise task as-
signment across heterogeneous machines.

G ABLATION STUDY OF CRITIC NETWORK ARCHITECTURE DESIGN

In Table 5, we analyze the effectiveness of our critic network design based on the value loss, which
measures the mean squared error between predicted state values and sampled returns:

1 X c 2
Lmse = — (V (sy) Ro% (6)
JDJ sf2D

whereV (s?) represents the predicted value for stsftevith network parameters, andR; is the
corresponding sampled return.

To validate the advantages admprehensive context awarenesgllong-range interaction model-
ing in our critic network design proposed in Section 4.2.2, we compans-SOEM against two
variants:SOEM w/o edge(removing bi-directional and additional edges) &SW@EM w/o self(re-
moving the self-attention mechanism).

¢ Ours-SOEM achieves the lowest value loss in most cases, demonstrating the effectiveness of
its design in capturing the full in uence of task-machine interactions, enabling the critic to
make accurate value estimations.
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Table 5: Mean relative error between return and state value at different iterations. “Ours-
SOEM”: our system-oriented embedding module proposed in Section 4.2.2. “SOEM w/o. edge”:
only one-directional edges and no extra edges are used in Ours-SOEM. “SOEM w/o. self”: Ours-
SOEM architecture removes the self-attention layer.
Critic Architecture ~ 100-th ~ 200-th ~ 300-th ~ 400-th  500-th ~ 600-th ~ 700-th  800-th  900-th
Ours-SOEM  16.3971 14.0938 10.4907 9.5811  7.8581 7.5675 7.1238 6.0035 6.2547

SOEMw/o. edge  17.3012 13.4737 11.6626 9.8066  8.8853 7.5266 7.5607 7.593  7.1468
SOEM w/o. self ~ 20.6114 16.1826 14.6813 12.6997 12.0733 10.7019 10.1497 8.5121 8.5645

* SOEM w/o edgeshows a higher value loss than Ours-SOEM, indicating that relying solely
on unidirectional edges limits the critic's ability to capture the context of task-machine in-
teractions. Without additional connections, it is challengingS@EM w/o edgeto capture
comprehensive contextual relationships in the graph.

* SOEM wi/o selfexhibits a noticeable increase in value loss due to the lack of the self-attention
layer, which is essential for modeling long-range interactions among task nodes. This capability
is crucial for DWS, as tasks from newly arriving work ows can have a long-range impact on
existing tasks.

Overall, our design of SOEM enhances contextual understanding and effectively captures long-
range dependencies. For example, in Figure 3(a), the newly arrived wolWgwan be effectively
incorporated into the current system state by using bi-directional and additional edges and the self-
attention mechanism. Our design of SOEM enables the critic to provide accurate value estimations
and adapt to the complexities of unpredictable work ow arrivals and patterns.

H DETAILS OF OFFLINE AND ONLINE LEARNING ALGORITHMS

H.1 DETAILS OF OFFLINE LEARNING ALGORITHM

For of ine learning, we propose a two-step training process that combines Imitation Learning and
Proximal Policy Optimization (PPO) for of ine training, as shown in Algorithm 1. In the rst
step, the actor leverages Imitation Learning to ef ciently mimic the behavior of HEFT (Topcuoglu
et al., 2002), an expert-designed heuristic policy denotet], layming to minimize the correspond-

ing cross-entropy losdiie 7). This method allows the actor to quickly learn an effective policy,
preventing the buildup of uncompleted tasks in the graph representation, which often occurs with
randomly initialized policies.

The actor trained via imitation learning provides a stable starting point for the second step. In the
second step\ =4 independent trajectories are collected per training iteration. The scheduling agent
jointly updates both the actor and critic networks in the direction of minimizing the clipped policy
loss and the value function losing 24). This combination of imitation learning followed by PPO
ensures robust performance while mitigating the risk of memory overload.

H.2 DETAILS OF ONLINE LEARNING ALGORITHM

For online learning, we propose an enhanced version of the Proximal Policy Optimization (PPO)
algorithm, as outlined in Algorithm 2. It enables the actor to dynamically schedule incoming work-
ows while simultaneously re ning its parameters during the operations of the Dynamic Work ow
Scheduling (DWS) system. Traditional PPO relies on multiple short trajectories for effective policy
updates, making it less suitable for online scenarios where stable updates are necessary based on a
single long-lasting trajectory.

The algorithm alternates between real-time scheduling decidiors3¢6) and network updatesife

8-24). The transition data by the interaction between the actor and the dynamic environment during
real-time scheduling is ef ciently managed and stored through a xed-size experience Bijffiee

6). For dynamically arriving work ows, at each step, the system needs to sample an action/machine
for the focused task based on the actor's policy. After edgrgteps (after an initial warm-up period

of Thw ), the most recent transitions in buffBrare used to update the actor and critic networks
separately. The updated actor then resumes real-time decision-making, gathering new transition
data for the next network update cycle.
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Algorithm 1: Of ine Learning with Imitation Learning and PPO

Input: Initial actor network , initial critic networkV , environmengeny, heuristic policy™,
actor learning rate , critic learning rate v , value loss coef cient,, entropy loss
coef cient ¢, clipping parameter, number of trajectoriedl , update epochg; and
E,, number of training stepd

Output: Pre-trained actor network , pre-trained critic network/

/I Step 1. Imitation Learning

Initialize environmentenvand bufferD;

while env is not terminatedo

Execute actiom; = " (st) and observe next stase,; ;

Store transitior{sg; a;) in bufferD;

L St St+1 5

for update =1to E; do p

Compute cross-entropy loss®E = ﬁ 5,20 CTOSSENtropy (sf; );ai);

Perform gradient descent &rf & to update to mimic heuristic policy®;

/Il Step 2. PPO Training

for each iteration =1to U do

Initial buffer B; g ;

forn=1toN do

Initialize environmeneny, and bufferB;;

while eny, is not terminatedio

Sample actiomy e (St);

Execute actiorm; and observe rewand and next state; 1 ;
Store transitior{sg; a;; r't; St+1 ) in bufferBy;

| St St+1,
for each transition in buffeB, do
Calculate ReturnR, = 2ol ' kryyy;
| Calculate Advantaged; = Ry V (sf);
L B B[B n;

for update =1to E, do

for each minibatct8 from bufferB do
Compute aggregated loss:
cup — 1 " B (@isi) A . Afi (ayisj) . ) :

L = & j=u min W:&],C“p Byl 1+ A,
_ iBj 2

LVF= b B v () R

L= L CUP +CVLVF :

| Perform gradient descent anto update and ;

One technique of our approach involves monitoring the gradient changes of thelinet@1¢23.

This is performed by controlling the mean L2 norm of the gradiknt§ k, within a dynamically ad-
justed thresholdlifhe 21). Actor updates are permitted only when the gradient norm remains below
this threshold, facilitating stable online learning. Additionally, the upper bound on gradient changes
is adaptively adjusted to maintain controlled updates, ensuring stability in policy improvement and
mitigating abrupt changes in actor behavior. This stabilization is crucial in dynamic environments,
where sudden shifts in actor's policy could lead to catastrophic scheduling decisions, resulting in
severe backlogging of subsequent work ow tasks.

Another technique is the independent, higher-frequency training of the critic netivarklL(-14.

This decoupling from the actor's updates allows the critic to improve its accuracy of estimating fu-
ture returns. Meanwhile, frequent critic update stabilizes online learning by providing more precise
value estimations. Subsequently, the algorithm uses the updated critic to guide the training of the
actor's parameter. Accurate critic predictions provide more reliable feedback for the actor, leading
to more effective policy improvement.

19



N P

o N o g b~ W

10

11
12

13

14

15
16

17

18
19

20
21
22

23

24

P

ublished as a conference paper at ICLR 2025

Algorithm 2: Online Learning with Enhanced PPO

In

O
In
fo

put: Pre-trained actor network , pre-trained critic network/ , environmeneny,
discounting factor , actor learning rate , critic learning rate v, entropy loss
coef cient ¢, clipping parameter, environment warm-up stefd$,, , critic warm-up
stepsTqw, time window stepd,, actor update epocHs,, critic update epochg

utput: Scheduling decision of arrival work ows witfOj tasks
itialize online environmengny, and an experience buff&with xed size 2T,y;

rt=1tojoOj do
/I Online Decision Making
old ;
Sample actiom; aa (St);

Execute actiom; and observe rewand and next state; .1 ;
Store transitior{s; a;; r+; St+1 ) in buffer B;
if (t Thw)%Ty ==0 andt T, then
for each transition in buffeB do =
L Calculate Return using,, steps of rewardsR; = EV:"O Krivk
for update =1toE, do
/I Update Critic Network
for update =1to E.=E, do
for each minibatchs from bufferB do

Compute value losd:y = ﬁ }fjl vV (5) R
Perform gradient descent &r, to update ;

/I Update Actor Network

if (t Taw)==Tw Tcw then

for each transition in buffeB do

| Calculate Advantagef = R;  V (s);

for each minibatct from bufferB do
Compute %olicy loss:
g Al . .
L = ﬁ 2 min rpOAclip(rp( i1 51+ ) A
- (ajjsi) .
wherer; () = W
Calculate the mean L2 norm of the actor's gradidmtsl ky;
| Perform gradient ascent @n to update ;

B UTodate the parameters of the gradient contyly; prev;

St St+1 5

SIMULATION SETTINGS

I.1 REAL-WORLD TRACES

Regarding real-world traces, previous studies explored three different aspects, as summarized below:

* Work ow characteristics : Past studies considered different task dependency graphs, num-
ber of tasks, and task execution time. They focused mainly on scienti ¢ work ows such as
CyberShake and Montage (Deelman et al., 2015; Qin et al., 2023; Sun et al., 2024). For
a detailed introduction to these real-world scienti ¢ work ows, please refer to (Deelman
et al.,, 2015). These datasets are available in the work ow repository on the Pegasus web-
site (https://download.pegasus.isi.edu/misc/SyntheticWork ows.tar.gz). In line with existing
works, our experiments were also conducted on these scienti ¢ work ows.

Resource con gurations Past studies considered various resource con gurations, including
virtual or physical machine con gurations, quantities, and prices. They mainly followed re-
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