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Abstract
We present an automated framework for online task scheduling
on heterogeneous distributed systems, building on a modular para-
metric scheduler that enables dynamic scheduling decisions based
on evolving execution states. Inspired by classical list-scheduling
strategies such as HEFT and CPoP, our online scheduler simulates
real-time task scheduling using only partial task graph knowledge.
We evaluate our online scheduler variants against both their tra-
ditional offline baselines and a naive online strategy using a large-
scale benchmark suite of real-world scientific workflows. Experi-
mental results across different estimation methods and compute-to-
communication ratio (CCR) settings show that our adaptive online
schedulers consistently outperform the naive approach, achieving
performance within approximately 3–5% of an ideal offline sched-
uler that has full future knowledge (compared to the approximately
10% overhead for the naive baseline).

CCS Concepts
• Computing methodologies → Distributed computing
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1 Introduction
Scheduling tasks with precedence constraints onto heterogeneous
distributed computing resources is a well-studied but computa-
tionally hard problem. In practice, heuristics like HEFT and CPoP
offer strong offline performance assuming perfect knowledge of all
task execution times [15]. However, these assumptions are often in-
valid in real-world settings such as edge computing, sensor-driven
pipelines, or scientific workflows where task costs are uncertain
and only revealed at runtime.

To address this, we propose an automated framework for online
scheduling that dynamically adapts existing list-scheduling algo-
rithms (like HEFT and CPoP) to handle runtime uncertainty. Our
design extends a previously proposed parametric list-scheduling
algorithm [3] to support online scheduling. This enables integration
of classic scheduling heuristics into an online context with minimal
code duplication.

Our contributions are as follows:

• We introduce a novel online scheduling framework that ex-
tends a parametric list-scheduling engine, enabling auto-
mated adaptation of classical offline algorithms (e.g., HEFT,
CPoP) to online settings. This produces a large family of
online scheduling variants with minimal future implementa-
tion effort.
• We propose a benchmarking methodology for online sched-
uling that evaluates performance on real-world scientific
workflows using stochastic task cost models and varying
computation-to-communication ratios (CCRs), with trace-
driven task graphs from WfCommons [5].
• We provide empirical evidence that online adaptation signif-
icantly improves performance compared to naive baselines,
often improving performance by over 15% and achieving re-
sults much closer to the idealized offline schedulers, demon-
strating that online feedback and reactivity can make a sub-
stantial difference in realistic workflow execution scenarios.

The rest of the paper is organized as follows. Section 2 formally
defines the problem and notation used throughout the paper. Sec-
tion 3 reviews relevant literature on task graph scheduling, online
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and stochastic scheduling, and scientific workflow systems. Sec-
tion 4 describes our parametric scheduling framework and its exten-
sion to online execution, including our feedback-driven simulation
model and baseline strategies. Section 5 presents the experimen-
tal setup, including workflow datasets, estimation strategies, and
evaluation metrics. Section 6 reports the results of our empirical
evaluation, comparing online and naive schedulers across estima-
tion methods and heuristics. Finally, Section 7 concludes with a
summary of contributions and directions for future work.

2 Problem Definition & Notation
We study the problem of scheduling tasks with precedence con-
straints onto a heterogeneous distributed system under stochastic
task graph and network configurations, with the goal of minimizing
expected makespan. The runtime of the scheduling algorithm is
considered negligible and is not included in the makespan calcula-
tion.

Let the task graph be denoted by 𝐺 = (𝑇, 𝐷), where 𝑇 is the set
of tasks and 𝐷 ⊆ 𝑇 × 𝑇 is the set of directed edges representing
precedence constraints: if (𝑡, 𝑡 ′) ∈ 𝐷 , then 𝑡 ′ cannot start until 𝑡 has
completed execution and communicated its output to the node on
which task 𝑡 ′ will execute on. Each task 𝑡 ∈ 𝑇 has a stochastic cost
𝑐 (𝑡) ∼ D𝑡 . Each dependency (𝑡, 𝑡 ′) ∈ 𝐷 has a stochastic data size
𝑑 (𝑡, 𝑡 ′) ∼ D𝑡,𝑡 ′ representing the amount of data to be transferred
from 𝑡 to 𝑡 ′.

The compute network is represented by a graph 𝑁 = (𝑉 , 𝐸),
where 𝑉 is the set of compute nodes and 𝐸 ⊆ 𝑉 ×𝑉 is the set of
communication links. Each node 𝑣 ∈ 𝑉 has a stochastic processing
speed 𝑠 (𝑣) ∼ S𝑣 , and each communication link (𝑣, 𝑣 ′) ∈ 𝐸 has a
stochastic bandwidth 𝑠 (𝑣, 𝑣 ′) ∼ S𝑣,𝑣′ .

Let 𝜃 ∼ D × S denote a realization of all stochastic quantities,
whereD represents the distributions over task and communication
costs, and S represents the distributions over processing speeds
and bandwidths. Under a fixed realization 𝜃 , we use the notation
𝑐𝜃 (𝑡), 𝑑𝜃 (𝑡, 𝑡 ′), 𝑠𝜃 (𝑣), and 𝑠𝜃 (𝑣, 𝑣 ′) to refer to the realized (sampled)
values of task cost, data size, processing speed, and bandwidth,
respectively.

Schedules
A schedule 𝑆 is a set of tuples of the form (𝑡, 𝑣, 𝑟 ), where 𝑡 ∈ 𝑇 is
a task, 𝑣 ∈ 𝑉 is the compute node assigned to 𝑡 , and 𝑟 ∈ R+ is the
task’s start time. Schedule feasibility is defined with respect to a
particular realization 𝜃 ∼ D×S. That is, a schedule 𝑆 is considered
valid under a realization 𝜃 if it satisfies the following constraints:

• Uniqueness: Each task is scheduled exactly once:

∀𝑡 ∈ 𝑇, ∃! (𝑡, 𝑣, 𝑟 ) ∈ 𝑆.

• Precedence and communication: For every dependency
(𝑡, 𝑡 ′) ∈ 𝐷 , the successor task must start only after the pre-
decessor has completed execution and its output has been
transferred:

For all (𝑡, 𝑣, 𝑟 ), (𝑡 ′, 𝑣 ′, 𝑟 ′) ∈ 𝑆, (𝑡, 𝑡 ′) ∈ 𝐷 :

𝑟 + 𝑐𝜃 (𝑡)
𝑠𝜃 (𝑣)

+ 𝑑𝜃 (𝑡, 𝑡 ′)
𝑠𝜃 (𝑣, 𝑣 ′)

≤ 𝑟 ′ .

• No overlap: Tasks assigned to the same node must not
overlap in time:

For all (𝑡1, 𝑣, 𝑟1), (𝑡2, 𝑣, 𝑟2) ∈ 𝑆, 𝑡1 ≠ 𝑡2 :

either 𝑟1 +
𝑐𝜃 (𝑡1)
𝑠𝜃 (𝑣)

≤ 𝑟2 or 𝑟2 +
𝑐𝜃 (𝑡2)
𝑠𝜃 (𝑣)

≤ 𝑟1 .

Given a realization 𝜃 , the makespan of a schedule 𝑆 is defined
as the time at which the final task completes under the realized
execution and communication times:

𝑚𝜃 (𝑆) = max
(𝑡,𝑣,𝑟 ) ∈𝑆

(
𝑟 + 𝑐𝜃 (𝑡)

𝑠𝜃 (𝑣)

)
.

In general, our goal is to design scheduling algorithms thatminimize
the expected makespan:

min
𝑆
E𝜃∼D×S [𝑚𝜃 (𝑆)] .

Scheduling Under Uncertainty
Because computing the optimal expected schedule is intractable,
heuristic strategies are used in practice. Two dominant strategies
adapt classical deterministic heuristics to the stochastic setting:

(1) Determinization-based scheduling: Replace each random
variable with a fixed point estimate (e.g., mean or conser-
vative quantile), then apply a deterministic scheduling al-
gorithm (such as HEFT or CPoP). The resulting schedule is
planned and committed in advance.

(2) Online scheduling: Postpone scheduling decisions until
a task is ready (i.e., when all its dependencies have com-
pleted). Then, a heuristic is used based on the current state
and estimated durations. This allows adaptation to observed
execution behavior.

Our approach combines both strategies: we use estimates to
produce a tentative schedule, but re-schedule as tasks become ready
and actual durations are revealed.

To formalize this, we distinguish between estimated schedules
and realized schedules. Estimated schedules are constructed using
point estimates of the stochastic quantities. Specifically, we let 𝑐 (𝑡),
𝑑 (𝑡, 𝑡 ′), 𝑠 (𝑣), and 𝑠 (𝑣, 𝑣 ′) denote estimated values for task costs, data
sizes, processing speeds, and link bandwidths, respectively. These
estimates typically reflect expected values, quantiles, or historical
observations.

An estimated schedule 𝑆 is defined to be a valid schedule under
the assumption that these estimates are correct, that is, under a
hypothetical realization 𝜃 such that 𝑐

𝜃
(𝑡) = 𝑐 (𝑡) and similarly for

all other parameters. Formally, 𝑆 = {(𝑡, 𝑣𝑡 , 𝑟 (𝑡))} assigns each task
𝑡 ∈ 𝑇 to a node 𝑣𝑡 ∈ 𝑉 and estimated start time 𝑟 (𝑡), such that:

𝑟 (𝑡 ′) ≥ 𝑟 (𝑡) + 𝑐 (𝑡)
𝑠 (𝑣𝑡 )

+ 𝑑 (𝑡, 𝑡 ′)
𝑠 (𝑣𝑡 , 𝑣𝑡 ′ )

∀ (𝑡, 𝑡 ′) ∈ 𝐷,

𝑟 (𝑡𝑖+1) ≥ 𝑟 (𝑡𝑖 ) +
𝑐 (𝑡𝑖 )
𝑠 (𝑣𝑡𝑖 )

∀ consecutive tasks 𝑡𝑖 , 𝑡𝑖+1

on the same node.

While estimated schedules are useful for planning, actual exe-
cution may deviate due to randomness in task costs and system
behavior. To capture this, we define the corresponding realized
schedule 𝑆𝜃 for a specific sampled realization 𝜃 ∼ D ×S. Each task
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𝑡 is executed on the same node 𝑣𝑡 as in 𝑆 , but its realized start time
𝑟𝜃 (𝑡) is determined using the true realized values 𝑐𝜃 (𝑡), 𝑑𝜃 (𝑡, 𝑡 ′),
𝑠𝜃 (𝑣), and 𝑠𝜃 (𝑣, 𝑣 ′). The start time of each task can be computed
recursively as:

𝑟𝜃 (𝑡) = max

{
max
(𝑡 ′,𝑡 ) ∈𝐷

[
𝑟𝜃 (𝑡 ′) +

𝑑𝜃 (𝑡 ′, 𝑡)
𝑠𝜃 (𝑣𝑡 ′ , 𝑣𝑡 )

]
, prev𝜃 (𝑣𝑡 , 𝑡)

}
Here, prev𝜃 (𝑣𝑡 , 𝑡) denotes the end time of the most recent task

scheduled on node 𝑣𝑡 before 𝑡 , or 0 if 𝑡 is the first task scheduled
on that node. This mapping from estimated to realized schedule
enables us to evaluate a scheduling strategy’s performance under
uncertainty. In our experiments, we generate estimated schedules
using heuristic strategies, then simulate their execution by sam-
pling multiple realizations 𝜃 and computing the resulting realized
makespans 𝑚𝜃 (𝑆). This lets us assess both average-case perfor-
mance and variance across scenarios.

Figure 1 shows a simple example used to illustrate the difference
between estimated and realized schedules. The left panel depicts
the compute network, consisting of two identical nodes connected
by symmetric links. The middle and right panels show the task
graph under estimated and actual durations, respectively. Each task
is assigned both an estimated duration (used for planning) and an
actual duration (used during execution). Edges denote precedence
constraints.

Figure 2 shows the corresponding schedule under the estimated
durations (top) and how the same schedule plays out when actual
durations are realized (bottom). The estimated schedule is feasible
under the point estimates but can result in suboptimal or invalid
timingwhen the true execution times differ. This example highlights
a key challenge in stochastic scheduling: while point estimates
enable scheduling using well-known algorithms, they may produce
execution plans that perform poorly in practice if variance is not
accounted for. Realized schedules provide a way to assess the true
performance of a scheduling policy under sampled conditions.

3 Related Work
Task scheduling for heterogeneous distributed systems has long
been a central research problem. Classical strategies such as
MCP [8], HEFT, and CPoP [15] produce efficient static schedules for
task graphs when execution times are known in advance. These list-
based heuristics prioritize tasks based on metrics like upward rank
or critical path length and assign them to resources to minimize
the earliest finish time. While widely used due to their simplic-
ity and generality, these algorithms rely on full knowledge of the
task graph and assume deterministic task graph costs and network
speeds. These assumptions rarely hold, however, in real-world sys-
tems like scientific workflow or edge computing environments.

To account for partial observability and dynamic task readiness,
many online scheduling algorithms have been proposed. These
include extensions of list-based heuristics that either defer task
assignment until runtime or adapt the initial schedule for optimiza-
tion, such as aHEFT [21] and DRHEFT [22], and more complex ones
such as DLS [17] and the adaptive resource allocation and schedul-
ing mechanisms in the Pegasus workflow management system [9].
These strategies operate by either creating an initial schedule that

can be adapted during execution according to the resource avail-
ability, task success rate, etc, or by scheduling tasks as they become
ready during execution, typically using static priority functions and
estimated task costs to guide decisions. A different class of methods,
which we refer to as naive online schedulers, attempts to account
for runtime variability by incorporating stochastic duration esti-
mates into a fully planned schedule before execution begins. For
instance, SHEFT [13] modifies HEFT to use both the mean and vari-
ance of task costs. Other approaches attempt to optimize expected
makespan or minimize deadline violation probability [14, 19]. Al-
though these schedulers acknowledge uncertainty in task costs by
reasoning about distributions, they commit to an entire execution
plan up front, without any mechanism for revising the schedule in
response to runtime observations.

Other approaches have focused on developing more sophisti-
cated estimators to handle runtime uncertainty. For instance, [2]
proposes a method based on Cumulative Distribution Functions
(CDFs) to generate a probabilistic makespan estimate for an entire
workflow. While this method provides a robust upfront plan it is
designed for static scheduling. In contrast our work focuses on the
online scheduling framework itself which is less dependent on the
perfection of a single initial estimate and relies instead on reac-
tivity during runtime. The challenge of scheduling with imperfect
information is also well documented. A study by [7] showed that
in a high throughput context with multiple competing workflows,
macro-level decisions (e.g. which workflow to prioritize) can have
a greater influence on performance than the intricate micro-level
decisions of scheduling tasks within a single workflow. Since our
work focuses on optimizing the runtime and execution of individual
workflows we address this foundational “micro-level” problem.

While our work focuses on scheduling to minimize makespan,
a parallel line of research has looked into predicting resource re-
quirements. For example, [1] describes a method for dynamically
predicting a task’s memory consumption to reduce wastage. Simi-
larly, [18], [16] propose feedback loop systems for predicting the
needed resources like CPU cores and memory. This research is com-
plementary to our own as while these methods aim to determine
how much of a resource a task needs our framework focuses on
optimally scheduling tasks on those resources to determine when
and where they should run.

Scientific workflows introduce additional challenges for sched-
uling. These workflows often comprise large, complex DAGs rep-
resenting applications in bioinformatics, astrophysics, and other
data-intensive domains. Numerous scheduling strategies have been
developed for workflows running on cloud infrastructure [6, 10, 11],
many of which focus on optimizing cost, energy, or multi-objective
trade-offs under cloud-specific constraints. However, these meth-
ods tend to assume static input and often prioritize infrastructure-
level concerns (e.g., VM pricing). In high-performance computing
(HPC) contexts, workflows are typically executed through batch
systems like Slurm [20]. Systems such as WoAS [12] introduce
workflow-aware scheduling layers that improve resource allocation
by grouping and reordering tasks.

In evaluating scheduling strategies, recent work has emphasized
the need for standardized, extensible benchmarking. The SAGA
framework [3] provides an open-source library for systematically
comparing scheduling algorithms across diverse workloads and
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Figure 1: Network and task graph structure. Left: symmetric two-node network (estimated and actual). Middle: estimated task
costs. Right: actual task costs.
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Figure 2: Estimated schedule (top) and realized schedule un-
der actual durations (bottom). Even small misestimates can
lead to overlapping tasks or idle gaps.

datasets. It enables large-scale, reproducible evaluation of algorith-
mic performance using a shared interface, which we extend in this
work to support adaptive online scheduling. Complementary to
this, the WfCommons suite [5] offers realistic workflow traces with
empirical execution-time distributions from applications such as
BLAST, BWA, andMontage. It also includesWfChef [4], a generator
that produces synthetic workflows with structure and statistical
properties drawn from real-world traces. Together, these tools sup-
port more comprehensive, reproducible evaluation of scheduling
strategies across diverse and realistic workloads.

4 Methodology
In this section, we describe our online scheduling framework,
which extends a modular parametric scheduler to support dynamic,
feedback-driven execution under runtime uncertainty.

4.1 Parametric Scheduling Framework
Our system builds on a parametric scheduler introduced in prior
work [3] that decomposes list-scheduling heuristics into four mod-
ular components:

• Priority Function: Determines the global order in which
tasks are considered (e.g., upward rank for HEFT or critical
path-based ranking for CPoP).
• Comparison Function: Chooses the best node for a given
task based on some cost metric (e.g., earliest finish time, start
time, or execution speed).
• Insertion Strategy: Dictates whether tasks are appended
at the end of a schedule (append-only) or inserted into gaps
(insertion-based).
• Critical Path Reservation: If enabled, reserves the fastest
node for critical-path tasks, a strategy inspired by CPoP.

In prior work, we showed that these four components are suffi-
cient to recompose many classical list-scheduling algorithms. For
example, by selecting an upward rank priority function, earliest
finish time comparison, the insertion-based strategy, no critical
path reservation, the resulting algorithm is equivalent to HEFT. If
instead we use the CPoP ranking function and enable critical-path
reservation, then the resulting algorithm is equivalent to CPoP.
This modular structure allows for novel combinations of these com-
ponents, yielding 36 unique scheduling algorithms, many of which
had not been previously explored.

This flexible design makes it easy to explore a rich space of
scheduling strategies while maintaining a shared codebase. We
extended the same parametric approach with an online adapter,
enabling all 36 algorithms to operate in an incremental, feedback-
driven setting that reflects real-world runtime uncertainty. In this
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paper, we focus our analysis on two of the most well-known of
these algorithms: HEFT and CPoP.

4.2 Online Execution Model
To extend our parametric schedulers into an online setting, we wrap
them in a feedback-driven loop that simulates runtime execution
using stochastic task cost estimates. At each iteration, the scheduler
produces a complete estimated schedule for all remaining tasks,
then commits only the subset that starts before the next observ-
able event: a task completion. Once a task completes, the scheduler
updates the execution state and re-estimates the remaining sched-
ule, potentially re-scheduling tasks that have not started yet. This
process is formalized in Algorithm 1.

Algorithm 1 Online Parametric Scheduling Loop

1: Initialize schedule Sactual ← ∅
2: Initialize set of completed tasks 𝐹 ← ∅
3: Initialize current time 𝑡 ← 0
4: while not all tasks are completed do
5: Generate full estimated schedule 𝑆 using parametric sched-

uler with estimated durations and 𝑆actual
6: Map 𝑆 to actual schedule Shyp using sampled durations
7: Let Tunfinished ← all tasks in Shyp not in 𝐹

8: Let 𝑇next ← argmin𝑇 ∈Tunfinished end(𝑇 )
9: Advance time: 𝑡 ← end(𝑇next)
10: Add 𝑇next to 𝐹

11: Update Sactual with all tasks in Shyp with start time ≤ 𝑡

12: end while
13: return Final schedule Sactual

This procedure simulates an online environment in which task
costs are not known a priori but instead sampled at runtime from
distributions. Importantly, we do not make hard scheduling com-
mitments in advance; instead, we replan the entire schedule after
each task finishes, while preserving prior decisions for tasks that
have already started. This approach makes minimal assumptions
about uncertainty models and allows for the direct reuse of offline
heuristics like HEFT and CPoP by simply replacing their static
duration inputs with stochastic estimates.

The algorithm proceeds as follows. We begin with an empty
actual schedule and zero tasks completed. At each iteration of the
loop:

(1) Estimate the Remaining Schedule:We invoke a paramet-
ric offline scheduler (e.g., HEFT or CPoP) using the current
state of the system and estimated weights. This scheduler
produces a full schedule (𝑆) for all tasks, including those that
have not yet started.

(2) Get Schedule with Actual Durations: Since we are sim-
ulating an online setting, we do not use these estimates
directly. Instead, we convert the estimated schedule into a
“hypothetical actual” schedule by replacing estimated dura-
tions with their sampled true durations (i.e., following the
method described in Section 2). This allows us to determine
which task actually finishes next.

(3) Advance Time to Next Completion: Among all tasks in
the hypothetical schedule that have not yet been completed,

we find the one that is scheduled to finish the soonest and
move the simulation clock forward to that task’s end time.
This simulates the passage of time and marks the next ob-
servable event in the system.

(4) Lock In Committed Tasks: We commit all tasks in the
hypothetical schedule whose start times are less than or
equal to the current time. These tasks are considered to have
started execution and can no longer be rescheduled (i.e., they
remain fixed in all future iterations’ estimated schedules 𝑆).

(5) Repeat: The process repeats until all tasks have completed.
Each new schedule builds upon the current execution state,
incorporates updated feedback, and respects the actual dura-
tions of previously started tasks.

This feedback-driven approach allows our framework to retain
the structure and logic of offline heuristics, while adapting them
dynamically to runtime conditions. Critically, the algorithm never
revisits or reschedules tasks that have already started execution.
This ensures that the simulation is faithful to many real-world
constraints, where tasks, once launched, are committed to a specific
node and cannot be interrupted or migrated.

4.3 Naive Online Baseline
To evaluate the benefit of our proposed online re-scheduling strat-
egy, we define a naive baseline that serves as a natural point of
comparison. This baseline uses a parametric scheduler (e.g., HEFT
or CPoP) with stochastic duration estimates to generate a com-
plete schedule, but commits all tasks at once, without revisiting or
adapting the schedule as execution progresses.

Conceptually, this simulates an overconfident planner: it ac-
knowledges uncertainty at the outset (by using stochastic estimates)
but fails to incorporate any feedback from actual task completions.
Once the schedule is generated, it is treated as fixed, regardless of
how reality unfolds. This approach mirrors what is done in many
practical settings and prior research. For instance, the SHEFT algo-
rithm [13] computes a modified version of HEFT using the mean
and variance of task costs but still produces a fully committed
schedule based on those estimates. Similarly, in most “determinis-
tic” scheduling literature, task runtimes are assumed to be known
in advance even though, in practice, they are usually just derived
from profiling data or coarse-grained models.

Thus, our naive baseline can be seen as an abstraction of these
widespread strategies: one-shot, estimate-driven planning that does
not account for dynamic feedback. By contrasting it with our adap-
tive online method, we can quantify the performance gains enabled
by runtime reactivity.

5 Experimental Setup
We evaluate our scheduling strategies using workflow DAGs from
the WfCommons suite [5], which provides real execution traces
from nine scientific applications, including BLAST, BWA, Epige-
nomics, Montage, and others. For each task and edge type, the
observed samples are fitted to a family of common probability dis-
tributions (e.g., normal, log-normal, exponential, gamma, etc.), and
the best-fitting distribution is selected based on statistical criteria.
These fitted distributions serve as stochastic models from which
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we draw independent and identically distributed (i.i.d.) samples for
task costs and data sizes during simulation.

For compute node speeds, we do not fit parametric distributions.
Instead, we use empirical distributions derived from real execu-
tion traces collected in prior studies. At runtime, node speeds are
sampled i.i.d. from these empirical datasets. This approach pre-
serves observed heterogeneity and variance in compute resources.
Network bandwidths, on the other hand, are assumed to be ho-
mogeneous across all links in the system. Rather than sampling
from a distribution, we scale the effective bandwidths to control
the computation-to-communication ratio (CCR), a standard param-
eter used to simulate compute-bound or communication-bound
environments (more detail on this below). WfCommons also in-
cludes WfChef [4], a synthetic workflow generator which we use
to produce new, in-distribution workflow instances that preserve
the structural and statistical properties of the original applications.

Estimators. Our scheduling algorithms require point estimates of
task costs as inputs. We evaluate two such estimators:
• Mean: Uses the empirical mean E[𝑋 ] of each task’s cost or
network speed distribution.
• SHEFT-inspired: Based on the formulation proposed in
the SHEFT algorithm [13], this estimator adjusts task costs
upward and network speeds downward based on their vari-
ances. Given a random variable 𝑋 ∼ D, the re-weighted
estimate 𝑋 is defined as:
– For task graph weights (e.g., costs or data size), we adjust
upward to reflect more conservative assumptions:

𝑋 =


E[𝑋 ] +

√︁
Var(𝑋 ) if Var(𝑋 )

E[𝑋 ] ≤ 1

E[𝑋 ] + E[𝑋 ]√
Var(𝑋 )

otherwise

– For network speeds (e.g., processing speed 𝑠 (𝑣) or band-
width 𝑠 (𝑣, 𝑣 ′)), we adjust downward to reflect more con-
servative assumptions:

𝑋 =


E[𝑋 ] −

√︁
Var(𝑋 ) if Var(𝑋 )

E[𝑋 ] ≤ 1

E[𝑋 ] − E[𝑋 ]√
Var(𝑋 )

otherwise

This reflects the intuition that high-variance tasks should be
treated more cautiously by overestimating their cost, while
potentially unreliable network speeds should be conserva-
tively underestimated to avoid overly optimistic scheduling
decisions. Note that SHEFT, as originally proposed, focused
solely on task costs. Our extension generalizes its logic to
handle both computational and communication uncertainty.

Schedulers. We benchmark two base heuristics, HEFT and CPoP,
under three different execution modes:

(1) Offline: Assumes full knowledge of actual task and network
weights ahead of time. This serves as a reasonable bound on
achievable performance.

(2) Online: Our proposed re-scheduling strategy, which repeat-
edly generates full schedules using the current estimator and
adapts as tasks complete and actual durations are revealed.

(3) Naive Online: A single-pass scheduler that uses an esti-
mator to generate a fixed schedule up front and commits
to it entirely. This simulates a common practical approach

that accounts for uncertainty during planning but does not
incorporate runtime feedback.

Configurations. For each workflow, we explore a range of system
and modeling parameters:
• Computation-to-communicationRatios (CCR):Wevary
CCR values from 0.2 to 5.0 to simulate compute-bound and
communication-bound workflows. The CCR is defined as:

CCR =
mean task cost

mean node speed

/ mean data size
mean link speed

This represents the ratio of average computation time to
average communication time per task. A low CCR (e.g., 0.2)
corresponds to communication-heavy scenarios where data
movement dominates execution time, while a high CCR (e.g.,
5.0) indicates compute-heavy settings.
• Monte Carlo Sampling: Each configuration (workflow,
CCR, estimation method, scheduler) is simulated over 100
independent Monte Carlo samples. In each run, actual task
costs are drawn from the empirical runtime distributions
provided by WfCommons.

To evaluate performance across different schedulers and estima-
tors, we use the makespan as our primary metric. Since absolute
makespan values depend heavily on the specific workflow and sys-
tem parameters, we report normalized results using the makespan
ratio:

MROnline =
𝑚Online
𝑚Offline

, MRNaive =
𝑚Naive
𝑚Offline

where𝑚Online and𝑚Naive are the makespans achieved by the On-
line and Naive Online schedulers, respectively, and𝑚Offline is the
makespan of the corresponding Offline scheduler that has full
knowledge of actual task costs and compute node speeds. A ra-
tio closer to 1 indicates performance closer to that of the idealized
offline scheduler.

In many prior studies, makespan ratios are defined relative to
the best makespan achieved by any of the evaluated algorithms,
treating it as a proxy for the optimal schedule (since the true opti-
mal is generally intractable to compute). However, we do not take
that approach here. Instead, we normalize all results against the
same heuristic applied in an oracle-like offline setting (i.e., with full
knowledge of actual task and network costs). This allows us to iso-
late the impact of dynamic re-scheduling alone, without conflating
it with differences in the base heuristic itself. In other words, our
goal is not to compare across scheduling families, but to understand
how online reactivity improves performance relative to the same
algorithm with perfect foresight.

6 Results
Table 1 summarizes the normalizedmakespan ratios for both our on-
line scheduler and the naive online baseline across all combinations
of estimationmethod and base scheduling heuristic (HEFT or CPoP).
Values are averaged over 100 Monte Carlo runs per configuration,
with standard deviation shown to reflect runtime variability.

Figure 3 and Figure 4 show the distribution of makespan ratios
across varying computation-to-communication ratios (CCR), bro-
ken down by heuristic (HEFT or CPoP) and estimation strategy
(mean or SHEFT). Several consistent patterns emerge:
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Table 1: Makespan Ratio statistics.

Estimator Scheduler MROnline MRNaive
SHEFT CPoP 1.056 ± 0.116 1.105 ± 0.140
SHEFT HEFT 1.045 ± 0.116 1.108 ± 0.140
mean CPoP 1.046 ± 0.102 1.102 ± 0.138
mean HEFT 1.036 ± 0.100 1.108 ± 0.143
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Figure 3: Normalized makespan ratios using HEFT across
CCR values. Top: mean-based estimates; Bottom: SHEFT-
style variance-aware estimates. Lower is better.

• Online scheduling consistently outperforms naive
scheduling. Across all combinations, the online scheduler
achieves lower average makespan ratios than the naive
online baseline, confirming the benefit of progressive re-
scheduling. The relative improvement is typically in the
range of 15-20%.
• SHEFT-based estimates slightly underperform com-
pared to mean-based estimates, both for the Online and
Naive Online schedulers. This is somewhat surprising, given
that SHEFT was designed as a more conservative estimator
to account for task runtime variance. This result suggests
that conservatism in estimation does not always yield better
outcomes and that, for certain applications, simpler mean-
based estimators may provide better overall performance.
• Observed variance is substantially reduced in the on-
line setting for most cases. While the standard deviations
in Table 1 appear only slightly better for the online sched-
ulers, the box plots in Figures 3 and 4 reveal a much clearer
picture: the interquartile ranges are significantly tighter for
the online scheduler. This suggests that the online strategy
not only improves average makespan, but also leads to more
stable and predictable performance in the majority of cases.
The apparent similarity in standard deviations is likely due to

0.2 0.5 1.0 2.0 5.0
CCR

0.8

1.0

1.2

1.4

M
ak

es
pa

n
R

at
io

Makespan Ratio vs Offline (mean, CPoP)

Scheduler

MROnline

MRNaive

0.2 0.5 1.0 2.0 5.0
CCR

0.8

1.0

1.2

1.4

M
ak

es
pa

n
R

at
io

Makespan Ratio vs Offline (SHEFT, CPoP)

Scheduler

MROnline

MRNaive

Figure 4: Normalized makespan ratios using CPoP across
CCR values. Top: mean-based estimates; Bottom: SHEFT-
style variance-aware estimates. Lower is better.

outliers in the results, which skew themean-based variability
metric.

These results show that even a lightweight online extension of
classic heuristics like HEFT and CPoP can yield substantial perfor-
mance and robustness benefits in uncertain environments.

6.1 Workflow-Specific Results
While our aggregate results demonstrate that the online sched-
uler consistently outperforms the naive baseline in terms of both
expected makespan and variance, a more detailed breakdown re-
veals that performance is workflow-dependent. Figures 5 through 8
present normalized makespan ratios grouped by individual work-
flows. Online scheduling generally improves performance across
most workflows. For the majority of applications, the online sched-
uler yields lower median makespan ratios and narrower interquar-
tile ranges compared to the naive baseline. This confirms that dy-
namic re-scheduling can significantly mitigate the impact of run-
time uncertainty in a variety of scientific workloads.

Montage appears to be an exception, though. Interestingly, this
is one of the few workflows where the online scheduler performs
worse than the naive variant across most estimation methods and
base heuristics. We hypothesize that this may be due to the very
high variance of some task costs in Montage compared to other
workflows. In particular, the real execution trace data shows that
mBgModel tasks in this workflow have a runtime of anywhere from
11 seconds to 24 days (with an average runtime of 1.3 hours)!

These results highlight that while online reactivity generally
leads to better performance, its benefits are not uniform across all
application types.
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Figure 5: Normalized makespan ratios by workflow using the mean estimator with the CPoP scheduling heuristic. Online
scheduling (blue) often improves both median performance and spread relative to the naive baseline (orange), although results
vary by workflow. Notably, Montage performs worse with online re-scheduling.
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Figure 6: Normalized makespan ratios by workflow using the SHEFT estimator with the CPoP scheduling heuristic. Online
scheduling (blue) often improves both median performance and spread relative to the naive baseline (orange), although results
vary by workflow. Notably, Montage performs worse with online re-scheduling.
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Figure 7: Normalized makespan ratios by workflow using the mean estimator with the HEFT scheduling heuristic. Online
scheduling (blue) often improves both median performance and spread relative to the naive baseline (orange), although results
vary by workflow. Notably, Montage performs worse with online re-scheduling.
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Figure 8: Normalized makespan ratios by workflow using the SHEFT estimator with the HEFT scheduling heuristic. Online
scheduling (blue) often improves both median performance and spread relative to the naive baseline (orange), although results
vary by workflow. Notably, Montage performs worse with online re-scheduling.
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7 Conclusion
We presented an automated framework for online task schedul-
ing in heterogeneous distributed systems, enabling classical list-
scheduling heuristics such as HEFT and CPoP to operate effectively
in real-time environments with runtime uncertainty. By extending
a modular parametric scheduler with online execution semantics
and feedback-driven adaptation, our system automatically adapts
a broad family of offline schedulers to work in online contexts.
Empirical evaluation on large-scale, real-world scientific workflows
showed that our adaptive schedulers consistently outperform naive
baselines, achieving performance within 3–5% of an ideal offline
scheduler (compared to an approximately 10% degradation for
naive approaches). In addition to improving mean makespan, our
approach significantly reduces variance, making execution more
predictable under uncertainty.

There are several promising directions for future work. One nat-
ural extension is to incorporate dynamic estimation models that
adapt to observed execution behavior over time, allowing the sched-
uler to refine its predictions based on feedback. Another avenue is
the integration of reinforcement learning into the parametric sched-
uling framework, potentially enabling hybrid strategies that learn
when and how to reconfigure scheduling parameters. Although our
current design focuses on minimizing makespan, many real-world
systems must also consider energy efficiency, resource cost, or other
multi-objective trade-offs. Extending the framework to accommo-
date such goals is a valuable next step. Also, while our current
method re-plans the entire schedule after every task completion,
it may be beneficial to explore more selective or window-based
re-scheduling strategies to reduce computational overhead with-
out sacrificing adaptability. Future work should also analyze the
computational overhead of re-scheduling and explore strategies to
mitigate it through the identification of key re-scheduling opportu-
nities. Furthermore a robust evaluation requires benchmarking and
turning our focus toward other online schedulers and employing
more realistic interdependent task cost models. Finally, validating
the framework in real-world workflow systems or distributed com-
puting platforms would provide critical insights into its robustness
under practical deployment conditions, such as queueing delays,
heterogeneous load, and data locality constraints.

Overall, our results suggest that even lightweight online adapta-
tions of classic heuristics can yield substantial performance bene-
fits in dynamic environments. We hope this framework provides a
foundation for further research on adaptive, modular scheduling in
modern heterogeneous computing ecosystems.
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