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We developed a task scheduler for Directed
Acyclic Graphs (DAGs) that optimizes exe-
cution across heterogeneous CPU and GPU
resources. Our work explores both static and
dynamic scheduling strategies, along with
static, dynamic, and learned cost models,
compares cudaStream and cudaGraph, and
evaluates their performance.

1 Background

1.1 Heterogeneous system

Heterogeneous computing consists of applications
running on a platform that has more than one com-
putational unit with different architectures, such as
a multi-core CPU and a many-core GPU. Although
kernels are often optimized for GPUs, exclusive
GPU scheduling causes bottlenecks. In some cases,
a better scheduling decision runs some kernels on
the CPU, and even though they take longer than
they would if run on the GPU, they still finish faster
than if they were to wait for the GPU to be free.
By executing kernels on available CPUs rather than
waiting for GPU availability, the system avoids idle
time and has a better performance than a static
schedule that runs each kernel on the fastest device.

1.2 DAG Task Scheduler

A directed acyclic graph (DAG) is a directed graph
with no directed cycles. It is commonly denoted as
G = (V,E), where V is a set of vertices and E is a
set of directed edges. In task scheduling, each ver-
tex represents a task, and each directed edge (u, v)
represents a precedence constraint, meaning that
task v can only start after task u has completed.
Because a DAG contains no cycles, there is no circu-
lar dependency among tasks, and at least one valid
topological ordering of the vertices exists. Such

an ordering provides a legal sequential execution
order, although many tasks may still be executed
in parallel when their dependencies have been sat-
isfied. The longest dependency chain in the DAG
is often called the critical path, and it provides a
lower bound on the total execution time because
tasks on this path must be executed in sequence.

A DAG task scheduler is responsible for mapping
the tasks in a DAG onto available computing re-
sources while respecting all precedence constraints.
In heterogeneous systems, such as CPU–GPU plat-
forms, this problem becomes more challenging be-
cause different tasks may have different execution
times on different devices, and transferring data
between devices may introduce additional communi-
cation cost. Therefore, an effective scheduler must
consider task readiness, processor availability, com-
putation cost, communication cost, and the critical
path structure. The overall objective is typically
to minimize the makespan, which is the completion
time of the final task in the DAG.

1.3 Parallelism Opportunities and
Challenges

The DAG structure of task-based workloads exposes
several levels of parallelism that our scheduler takes
advantage of. At the task level, any set of nodes with
no dependency between them can be dispatched at
the same time, and the execution engine can make
use of this by maintaining a ready queue that keeps
releasing tasks as their predecessors finish. At the
device level, CPU threads and GPU streams run in
parallel: while the CPU thread pool handles lighter,
shorter tasks, multiple CUDA streams run heavier
compute kernels at the same time on the GPU, so
the two resources work together rather than one
waiting on the other. Finally, for workloads with
repeated subgraph patterns, CUDA graph capture
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can reduce the cost of launching GPU kernels repeat-
edly, improving GPU efficiency without changing
the underlying schedule.

Achieving good parallel performance in heteroge-
neous DAG scheduling comes with several practical
challenges. First, while the scheduler aims to use
both CPU and GPU at the same time, routing tasks
to the CPU can sometimes hurt rather than help.
When the GPU already has enough work to stay
busy, the extra cost of data transfers and synchro-
nization between devices can cancel out any gain
from using the CPU. Besides, the quality of any
schedule depends heavily on how accurately the cost
model predicts task execution times and data trans-
fer costs. In practice, GPU kernel times vary with
memory access patterns and cache state, and PCIe
transfer latency behaves non-linearly with trans-
fer size and contention, making precise prediction
difficult.

2 Architecture

Figure 1: System Architecture

Figure 1 presents the system as a layered archi-
tecture. At the top, DAG tasks are passed into
the orchestration layer, where the scheduler com-
bines dependency management, scheduling policy,
and the cost model to decide task order and device
assignment. These decisions are then executed by
the execution layer, which manages CPU threads,
CUDA streams, memory resources, and runtime
monitoring. Finally, the hardware layer performs

the actual computation on CPU and GPU, while
profiling data is collected and stored for later anal-
ysis and model refinement.

The workflow graph (Figure 2) starts from
a benchmark DAG, which is converted into a
TaskGraph with workload and dependency infor-
mation. The graph is then evaluated by one of
three cost-modeling methods: analytical, learned,
or online calibration. Based on these estimates,
the system follows either a static path, where a full
schedule is computed before execution, or a dynamic
path, where ready tasks are dispatched at runtime.
During execution, profiling data such as measured
runtime and actual device placement are written
to the profiling database, which is later used for
offline training and online calibration. Finally, the
system outputs execution results for performance
evaluation and visualization.

3 Approach

This project explores DAG scheduling for hetero-
geneous CPU–GPU execution from three main as-
pects. First, we study cost modeling, starting from a
hardware-aware analytical model and progressively
improving it with offline learned models and online
calibration. Second, we compare scheduling strate-
gies, including Static schedulers such as HEFT and
MCT, as well as a Dynamic greedy scheduler that
makes runtime decisions based on task readiness
and estimated finish time. Third, we evaluate exe-
cution backends, using CUDA streams for flexible
Dynamic execution and CUDA Graphs for more
efficient submission of statically planned GPU work.
We started our work on a repository on Github [9].

3.1 Cost Models

These three cost-modeling methods reflect an
incremental refinement process. We begin with
the static analytical model because the scheduler
needs an initial estimate before any profiling
data exists. This model is simple, deterministic,
and portable across workloads, but it can only
approximate real execution behavior because
hardware effects such as launch overhead, memory
hierarchy behavior, PCIe transfer latency, and
task-type-specific efficiency are difficult to model
exactly. To reduce this gap, we introduce the Static
learned model, which uses profiling data from the
target machine to learn the relationship between
workload features and observed execution time.
This makes the prediction more machine-specific
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Figure 2: System Workflow

and better aligned with the actual runtime, while
still allowing scheduling decisions to be made before
execution. However, a learned model based only
on general workload features may still miss task-
specific behavior, especially when the same task
appears repeatedly or when two tasks with similar
features behave differently in practice. Therefore,
we further add online calibration, which uses
measured runtime feedback to refine predictions
at two granularities: exact local observations for
the same (TaskId, device) pair, and generalized
prior data for similar workloads described by
(TaskType, flops, in bytes, out bytes, device).
In this progression, the analytical model provides a
cold-start baseline, the learned model incorporates
offline empirical knowledge, and online calibration
adapts the estimates to repeated and newly
observed runtime behavior.

Static Analytical Model The analytical cost mod-
el provides a hardware-aware baseline estimate with-
out requiring prior profiling data. For each task,
it estimates the execution time on CPU and GPU
from the task’s computational work and memory
footprint, using a roofline-style model that consid-
ers peak compute throughput, memory bandwidth,
cache behavior, and device-specific efficiency for dif-
ferent task types. Given a task with F floating-point
operations and memory traffic B, the compute time
on device d is estimated as

Tcomp(t, d) = max

(
Ft

Pd · ηt,d
,
Bt

Md

)
, (1)

where Pd is the peak compute throughput of device
d, Md is its memory bandwidth, and ηt,d is a task-
and device-specific efficiency factor. For GPU ex-
ecution, the model also adds a fixed kernel launch
overhead:

Tgpu(t) = Tcomp(t,GPU) + Tlaunch. (2)

This overhead is important for small tasks where
launch latency can dominate execution time. This
Static model is deterministic and can be used di-
rectly by schedulers before any runtime measure-
ments are available.

Static Learned Model The learned cost model im-
proves the analytical estimates by fitting prediction
functions from profiling data collected on the target
machine. Instead of relying only on theoretical hard-
ware parameters, it learns the relationship between
task features and observed execution time on each
device. For a task t, we represent its workload by a
feature tuple

xt = (TaskTypet, Ft, B
in
t , Bout

t , d), (3)

where Ft is the amount of computation, Bin
t and

Bout
t are the input and output data sizes, and d

is the target device. The learned model estimates
execution time as

T̂learned(t, d) = fθτ,d(Ft, B
in
t , Bout

t ), (4)

where τ = TaskTypet and θτ,d denotes the trained
parameters for that task type and device. The
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model is trained offline using recorded profiling sam-
ples, producing separate predictors for different task
types and devices. Transfer costs are also learned
from measured host-to-device and device-to-host
copy times:

T̂comm(u, v) = gϕδ
(Suv), (5)

where Suv is the edge data size and δ is the trans-
fer direction. During scheduling, the system uses
the learned prediction whenever sufficient trained
weights are available, and falls back to the analytical
model otherwise.

Online Calibration The calibration mechanism
is organized at two levels. First, for repeated
executions of the same task, the system uses
local calibration keyed by (TaskId, device).
This offline/local data captures the measured
runtime of a specific task on a specific device,
so later executions of the same DAG can reuse
task-specific observations instead of depending
only on static estimates. Second, for different
tasks with similar workload characteristics, the
system uses prior-data calibration keyed by
(TaskType, flops, in bytes, out bytes, device).
This online/generalized path allows previously
collected profiling data to inform predictions for
unseen tasks that share similar computational
and memory features. In combination, exact
local calibration improves repeated-task accuracy,
while workload-level prior calibration improves
generalization across tasks of the same type.

3.2 Schedulers

3.2.1 Static Schedulers

We implement five static schedulers that compute
a full device assignment before execution begins.
CPU-Only and GPU-Only assign all tasks to
a single device in topological order and serve as
homogeneous baselines. Random assigns each task
to CPU or GPU with fixed probability. The two
primary schedulers are:

HEFT (Heterogeneous Earliest Finish Time [1]) as-
signs each task to the device minimizing its earliest
finish time, guided by a pre-computed priority rank.
It proceeds in two phases. Phase 1 computes an
upward rank for every task:

ranku(t) = w̄(t) + max
s∈succ(t)

(
c̄(t, s) + ranku(s)

)
(6)

where t denotes the current task, s ∈ succ(t) de-
notes a successor of t, w̄(t) is the average compute
cost of t across all devices, and c̄(t, s) is the average
communication cost on edge (t, s). Phase 2 pro-
cesses tasks in descending rank order and assigns
each to the device minimizing its Earliest Finish
Time:

EFT(t, d) = EST(t, d) + w(t, d), (7)

EST(t, d) = max
p∈pred(t)

(
EFT(p, dp) + c(p, t, dp → d)

)
(8)

where w(t, d) is the compute cost of task t on de-
vice d, dp is the device assigned to predecessor p,
and c(p, t, dp → d) is the communication cost of
transferring data from p on device dp to t on device
d.

MCT (Minimum Completion Time [2]) replaces the
global rank sort with a dynamic ready queue or-
dered by each task’s earliest possible start time
r(t) = maxp∈pred(t) EFT(p). Tasks are dequeued in
order of r(t) and assigned greedily by the same EFT
criterion, so the scheduling order adapts to the simu-
lated execution timeline rather than a pre-computed
static rank.

3.2.2 Dynamic Greedy Scheduler

When using static task allocation and scheduling,
a drift is observed when runtime uncertainty and
unpredictable execution behavior occur[3], which
is a source of load imbalance and idle time. So we
decided to explore Dynamic scheduling which makes
assignment decisions at runtime as tasks become
ready. The Dynamic scheduler we implemented
maintains a main FIFO queue of ready tasks and
per-device sub-queues, and on each scheduling pass
applies four rules in order:

1. Sub-queue dispatch: if a device is free and
its sub-queue is non-empty, immediately dis-
patch the next task from that sub-queue.

2. EFT comparison: estimate finish times on
both devices and assign the task to whichever
finishes sooner:

free finish = tnow + ŵ(t, dfree), (9)

busy finish = tfree(dbusy) + ŵ(t, dbusy) (10)

If the busy device wins, the task is parked in
its sub-queue.

3. Stop: if both devices are fully loaded, halt the
pass until the next task completion event.
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3.3 Execution

We use two execution backends because Dynamic
and Static scheduling place different requirements
on the runtime. Dynamic scheduling requires an on-
line executor that can react as tasks become ready,
overlap GPU kernels with data transfers, and en-
force dependencies without blocking the CPU sched-
uler. CUDA streams and events provide this flex-
ibility. Static scheduling, on the other hand, pro-
duces a fixed schedule before execution, which al-
lows eligible GPU work to be represented as CUDA
Graphs and submitted through a graph-based back-
end. The following two execution modes therefore
target different tradeoffs: CUDA streams prioritize
runtime flexibility, while CUDA Graphs exploit the
predictability of static schedules.

Dynamic Execution with CUDA Streams For
Dynamic scheduling, GPU execution uses a fixed
pool of non-blocking CUDA streams managed
by the StreamManager. When the scheduler
assigns a ready task to the GPU, the execution
engine acquires a stream and enqueues input
setup, asynchronous data transfers, and the kernel
launch on that stream. Cross-device CPU-to-GPU
transfers are issued with cudaMemcpyAsync, so
data movement becomes part of the stream-ordered
GPU work instead of blocking the host before
submission. The implementation also uses event-
based dependency chaining: after a GPU task
launches, the engine records a completion event on
its stream and stores it by task id; successor GPU
tasks can then call cudaStreamWaitEvent on their
own streams to wait for predecessor completion
without blocking the CPU dispatch thread. The
task promise is resolved after the GPU work has
been enqueued and the completion event has been
recorded, while a background wait keeps the stream
from returning to the pool before the event is
reached. This design allows independent GPU
tasks and transfers to overlap across streams while
preserving DAG precedence constraints.

Static Execution with CUDA Graphs For Static
scheduling, the device assignment and estimated
timing of every task are computed before execution,
and the executor follows this precomputed schedule
at runtime. It uses the dependency manager to
release tasks after their predecessors finish, submits
each task to the scheduled device, wires succes-
sor inputs through copies or buffer borrowing, and
records actual timing for evaluation. When CUDA
Graph execution is enabled, eligible GPU tasks are

executed through per-task CUDA graph capture:
the engine checks that the input buffer is already
prepared and that the task type supports capture,
then captures the GPU function on a CUDA stream,
instantiates the captured graph, and launches it
with cudaGraphLaunch. This preserves the Static
scheduling policy because CPU/GPU placement de-
cisions do not change at runtime; CUDA Graphs
only modify the GPU submission path by represent-
ing eligible GPU work as a fixed executable graph,
which can reduce host-side scheduling and launch
overhead.

3.3.1 CPU Thread Pool and GPU Stream
Manager

The runtime uses a CPU thread pool (8 threads as
default) to execute CPU-assigned tasks in parallel
without repeatedly creating and destroying worker
threads. Ready CPU tasks are submitted to the
pool, where persistent worker threads fetch tasks
from a shared queue and execute them concurrently.
This design reduces host-side scheduling overhead
and provides a simple execution backend for CPU
tasks.

For GPU execution, the system uses a
StreamManager that maintains a pool of reusable
CUDA streams (4 streams as default). When a
task is assigned to the GPU, the runtime acquires a
stream, enqueues asynchronous memory copies and
kernel launches on that stream, and then releases
the stream after completion. The stream manager
also supports CUDA event operations, which
allows the runtime to coordinate dependencies
across streams and overlap GPU computation with
communication more effectively.

4 Testing

Our heterogeneous system consists of a CPU and
a GPU. Most of our tests were conducted on the
GHC machine with an NVIDIA GeForce RTX 2080
and an Intel(R) Core(TM) i7-9700 CPU @ 3.00GHz,
while the granularity test was performed on a local
machine equipped with an NVIDIA GeForce GTX
1650 Ti and an Intel(R) Core(TM) i7-10750H CPU
@ 2.60GHz. Our test cases are AI-generated.

4.1 Evaluation: Random DAG Generator

To evaluate scheduler performance more broadly,
we adopt the parametric random DAG generator
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from Topcuoglu et al. [1], which has become a
standard benchmark methodology in heterogeneous
task scheduling research. The generator produces
weighted DAGs whose structural and computational
properties are controlled by the following parame-
ters.

• Number of tasks v: The total number of
nodes in the DAG.

• Shape parameter α: Controls the aspect
ratio of the graph. The DAG’s number of levels
is drawn from a uniform distribution with mean√
v/α, and the width of each level is drawn

with mean α
√
v. A value α ≫ 1 produces

a wide, shallow graph with high parallelism;
α ≪ 1 produces a tall, narrow graph with low
parallelism.

• Mean out-degree: The expected number of
successors per node, sampled uniformly. This
controls the density of inter-task dependencies.

• Communication-to-computation ratio
(CCR): The ratio of average edge commu-
nication cost to average task computation
cost.

• Heterogeneity factor β: Controls the spread
of per-processor compute costs. The execu-
tion time of task ni on processor pj is sampled
uniformly from:

w̄i

(
1− β

2

)
≤ wi,j ≤ w̄i

(
1 + β

2

)
where w̄i is the task’s mean compute cost. A
high β causes significant variation across pro-
cessors; β = 0 gives a homogeneous system.

In our implementation, edge weights are sampled
to match the target CCR via a nominal inter-device
bandwidth. The per-task workload descriptor is
derived from the average compute cost using a nom-
inal effective throughput, allowing the existing cost
model to consume the generated graphs without
modification.

Test Configuration

Table 1 lists the parameter values used in our eval-
uation sweep.
For each parameter combination, multiple inde-

pendent DAGs are generated using different seeds,
and each DAG is executed multiple times to reduce
timing variance. Unlike the Cholesky benchmark,

Parameter Values Effect

Task count v 8, 12, 16, 24 DAG size
Shape α 1.0 Balanced

height/width
Mean out-degree 2, 3 Edge density
CCR 0.5, 1.0 Comm. vs. com-

pute

β (fixed) 0.5 Moderate hetero-
geneity

Table 1: Parameter sweep for the Topcuoglu random
DAG evaluation.

these synthetic workloads do not have a closed-
form correctness check; instead, we evaluate sched-
uler quality by comparing makespan across different
scheduling strategies.

4.2 Evaluation: Different DAG Structures

To evaluate whether the schedulers behave consis-
tently across different dependency patterns, we test
several representative synthetic DAG structures.
These DAGs are not tied to a specific application
kernel; instead, they are used to isolate how graph
topology affects scheduling decisions. As shown in
Figure 3, the benchmark includes a chain DAG, a
fork-join DAG, a layered DAG, a random DAG,
and a reduction-tree DAG. The chain DAG has
almost no task-level parallelism and is useful for
testing dependency serialization and data-transfer
overhead. The fork-join and layered DAGs expose
more parallelism, allowing us to evaluate whether
the scheduler can keep multiple devices busy. The
random DAG represents irregular dependency pat-
terns, while the reduction tree models workloads
with many independent inputs that gradually merge
into a final result.

Figure 3: Representative synthetic DAG structures used
in the evaluation.
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Task Operation Indices Device

POTRF A(k, k) = LL⊤ — CPU
TRSM A(i, k)L(k, k)−⊤ i > k GPU
SYRK A(i, i)− L(i, k)L(i, k)⊤ i > k GPU
GEMM A(i, j)− L(i, k)L(j, k)⊤ i > j > k GPU

Table 2: Task types and device assignments.

4.3 Validation: Cholesky Decomposition

To validate the correctness of our scheduler, we
needed a workload with a mathematically verifiable
output. Blocked Cholesky factorization is an ideal
choice: given a symmetric positive definite (SPD)
input matrix A, the factorization must produce a
lower-triangular factor L such that A = LL⊤. Any
violation of task ordering will corrupt the factor
and produce a measurable numerical error.

4.3.1 The Cholesky DAG

The blocked Cholesky algorithm partitions an n×n
matrix into nt × nt tiles, each of dimension b ×
b elements. Each factorization step over panel k
generates four types of tasks with explicit data
dependencies, summarized in Table 2.

4.3.2 Input Matrix Generation

The SPD input matrix is generated deterministically
using a low-rank construction:

A(i, j) = δij α+
T−1∑
t=0

f(i, t) f(j, t)

where f(i, t) = sin(0.013 i t+φ)+0.5 cos(· · · ) is a si-
nusoidal latent feature, α = 128.0 is a diagonal bias
ensuring positive definiteness, and the summation
spans T = 8 low-rank terms. The random seed con-
trols the phase offsets, enabling fully reproducible
test matrices.

4.3.3 Correctness Metric

After the scheduler completes all tasks, we recon-
struct the dense factor L and compute the relative
Frobenius residual:

εrel =
∥A− LL⊤∥F

∥A∥F

A run is considered correct if εrel < 10−8 and the
maximum absolute element-wise residual is below
10−6.

4.3.4 Test Variables

We tested different problem sizes, as shown in Ta-
ble 3.

Variable Values Effect

Tile count nt 4,6,8,10,12 DAG size and paral-
lelism

Tile size b 64,96,128,192,256,384 Per-task compute
and data volume

Runs per case 3 Accounts for run-
time variability

Table 3: Parameter sweep for the Cholesky validation
benchmark.

5 Results

5.1 Cost Model

Estimation Error vs Task Number We test three
different types of cost model on Static HEFT sched-
uler using the random-generated DAG tasks and
get the cost estimation error when the number of
tasks grows. The result is shown in Fig4.

Figure 4: Cost Estimation Error vs N

As shown in Fig. 4, the analytic cost model has
significantly higher mean estimation error than the
calibration and learned models. This is because
the analytic model relies on simplified roofline-style
assumptions and hardware parameters. Although
it captures the rough effects of computation, mem-
ory traffic, and GPU launch overhead, it cannot
fully model task-type-specific behavior, cache ef-
fects, kernel implementation details, PCIe overhead,
or runtime scheduling overhead. These factors are
especially important for small tasks, where fixed
costs such as launch latency and data movement
can dominate execution time. As the DAG size
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increases, the analytic error becomes more stable,
but it remains consistently higher.

In contrast, both the calibration and learned cost
models achieve much lower error across all task
scales. The learned model uses profiling data from
the target machine to capture empirical relation-
ships between workload features and actual run-
time, while the calibration model further refines
predictions using measured feedback from previ-
ously observed tasks or similar workloads. As a
result, both empirical methods keep the mean er-
ror below roughly one in most cases, showing that
machine-specific runtime data is essential for accu-
rate scheduling in heterogeneous CPU/GPU sys-
tems.

Estimation Error vs CCR This test is also using
Static HEFT scheduler and the random-generated
DAG tasks. Figure 5 shows that the mean esti-
mation error is relatively insensitive to changes in
the communication-to-computation ratio (CCR).
The analytic model remains consistently inaccurate
across the full CCR range. This suggests that its
main source of error is not only the relative amount
of communication, but also the simplified assump-
tions used to model both computation and transfer
costs. In particular, fixed overheads, cache effects,
kernel behavior, and PCIe latency are not fully cap-
tured by the analytical formula, so increasing or
decreasing CCR does not eliminate the gap.

In contrast, the learned and calibration models
maintain low and nearly flat error curves. Since
these methods are based on measured runtime data,
they can better capture both device execution be-
havior and data-transfer overheads on the target
machine. The stability across CCR values indicates
that the empirical models generalize well as the
workload shifts from more compute-dominated to
more communication-dominated cases.

Figure 5: Cost Estimation Error vs CCR

5.2 Scheduling

(a) Makespan without noise

(b) Makespan with noise

Figure 6: Makespan comparison: (a) without noise and
(b) with noise

Makespan vs Task Number We test the perfor-
mance by adding noise to task execution. Experi-
ments are conducted on randomly generated DAGs
and learned cost model. In our study, noise is im-
plemented as a random sleep duration injected into
each task’s execution to simulate the unpredictable
timing fluctuations and delays found in real-world
heterogeneous environments.

From Figure6 (a) we can find that, without noise,
Static scheduling algorithms such as HEFT and
MCT show better performance. When task du-
rations are more predictable, these methods can
calculate an optimal global plan that leads to a
significantly lower makespan than the Dynamic ap-
proach. In this scenario, the Dynamic method per-
forms poorly because it makes local, immediate
decisions without the benefit of a long-term exe-
cution strategy, leading to less efficient resource
allocation as the number of tasks scales.

However, the introduction of system noise in Fig-
ure (b) reverses these results. The performance of
planning-based algorithms like HEFT and MCT de-
grades sharply because their rigid schedules cannot
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adapt to unexpected timing fluctuations, causing ac-
cumulated delays across the DAG. In contrast, the
Dynamic scheduler proves to be more robust, achiev-
ing the lowest makespan under uncertainty. The
speedup over GPU-only execution is about 1.3×.
By assigning tasks based on real-time resource avail-
ability rather than a fixed schedule, the Dynamic
approach effectively absorbs system noise and gets
better makespan.

Figure 7: Speedup on Different DAGs

Speedup vs DAG Type Figure 7 evaluates the
speedup of various schedulers across different DAG
topologies. In balanced structures like Fork-Join
and Layered DAGs, HEFT and MCT achieve the
highest performance gains. This is because these
topologies offer high parallelism, allowing smart
schedulers to efficiently distribute tasks between
the CPU and GPU while prioritizing the critical
path. Their ability to balance computation and
communication is key to maximizing throughput in
these complex scenarios.

However, the Dynamic scheduler consistently shows
significantly lower speedups compared to its static
counterparts. Because it makes reactive, local deci-
sions at runtime, it lacks the look-ahead capability
required to optimize for the DAG’s critical path
in a stable environment. In these noise-free tests,
the Dynamic scheduler cannot match the execution
efficiency of static planners that pre-calculate an
optimal global schedule.

The effectiveness of these algorithms changes greatly
in other scenarios. For Chain structures, GpuOnly
outperforms both HEFT and Dynamic because the
lack of parallelism makes cross-device communica-
tion a liability rather than an asset; keeping the data
on the GPU avoids unnecessary transfer overhead.
In Transfer Heavy Random DAGs, all algorithms
show a sharp decline in speedup. This indicates
that when data movement becomes the primary
bottleneck, the computational advantages of the
GPU are minimized, proving that the hardware’s
interconnect speed becomes the limiting factor.

Figure 8: CPU/GPU Ratio vs CCR

GPU/CPU Task Ratio vs CCR Figure 8 shows
the GPU and CPU scheduling ratio of different
scheduling algorithims as CCR increases. The re-
sults are measured on random DAG workloads with
varying CCR. HEFT and MCT maintain a high
GPU allocation by prioritizing the earliest finish
time and keeping successor tasks on the GPU to en-
sure zero transfer overhead, while Dynamic schedul-
ing shows a higher CPU ratio because it schedules
from the ready queue at runtime, offloading tasks
to the CPU to hide expensive communication wait
times.

As communication portion increases, HEFT main-
tains a remarkably stable allocation ratio, whereas
MCT and Dynamic scheduling exhibit opposed
trends. MCT’s GPU allocation rises while Dynamic
scheduling’s GPU share declines. Driven by the
logic of assigning tasks to whichever device finishes
them fastest, MCT increasingly keeps successor
tasks on the GPU to ensure zero transfer overhead
as communication costs become prohibitive. In con-
trast, Dynamic Greedy schedules tasks based on the
ready queue at runtime, opting to increase the CPU
load to offset and hide expensive communication
wait times rather than waiting for the GPU bus.
Meanwhile, HEFT remains stable because its static,
rank-based decisions are rooted in the global DAG
topology, making it less sensitive to local latency
trade-offs than the other two strategies.

5.3 Execution

Figure 9 compares the makespan of the static HEFT
scheduler with and without CUDA Graph execution
as the number of tasks increases. The results are
evaluated on randomly generated DAGs. For small
DAGs, the two methods perform similarly because
the number of GPU submissions is limited, so kernel
launch and host-side scheduling overhead do not
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dominate the total runtime. In this range, the
execution time is mainly determined by the task
computation itself, and the extra cost of graph
capture and instantiation can reduce the visible
benefit of CUDA Graphs.

As the DAG becomes larger, CUDA Graph ex-
ecution achieves lower makespan than the normal
HEFT execution path. The gap becomes more obvi-
ous at high task counts because repeated GPU ker-
nel submissions accumulate significant launch over-
head in the stream-based backend. CUDA Graphs
reduce this overhead by representing eligible GPU
work as executable graph instances and launching
them through cudaGraphLaunch, while preserving
the same static scheduling decisions. This shows
that CUDA Graphs are most beneficial for task-rich
DAGs where the execution structure is fixed and
GPU submission overhead becomes a larger part of
total runtime.

Figure 9: Makespan CUDA Graph

5.4 Task Granularity

Figure 10: Makespan across Different Task Granularity

This experiment evaluates the effect of task gran-
ularity using the Static scheduler(HEFT) with

learned cost model. Experiments are conducted
on random DAGs. To isolate granularity, the total
expected amount of computation is kept approxi-
mately fixed while the average computation per task
is varied. Therefore, larger granularity values corre-
spond to fewer but heavier tasks, while smaller gran-
ularity values correspond to more fine-grained tasks.
As shown in Fig. 10, the makespan is not monotonic
with task granularity. Very coarse-grained tasks,
such as the 192 ms case, reduce scheduling overhead
but expose less parallelism. Since there are fewer
ready tasks at each stage of the DAG, the scheduler
has fewer opportunities to overlap CPU and GPU
work, which can increase the final makespan.

On the other hand, very fine-grained tasks also do
not necessarily give the best performance. Although
smaller tasks create more parallelism, they intro-
duce more scheduling, dependency-management,
and GPU launch/transfer overhead. The best re-
sult appears around the middle granularity range,
especially near 96 ms per task, where the workload
has enough tasks to expose useful parallelism but
each task is still large enough to amortize runtime
overhead. This suggests that for Static learned
scheduling, there is a practical granularity sweet
spot: tasks should be fine enough to keep heteroge-
neous devices busy, but not so fine that overhead
dominates useful computation.

5.5 Cholesky Decomposition

Table 4 shows that the implementation is numeri-
cally stable overall, with 119 out of 120 validation
runs passing. Minor discrepancies in a small num-
ber of runs are expected in parallel heterogeneous
execution due to floating-point rounding errors and
differences in execution order across devices. These
variations do not indicate incorrect behavior, as the
numerical error remains within acceptable tolerance.

Method Correct Incorrect

Static Learned 30/30 0/30
Static Online Calib. 30/30 0/30
Dynamic Learned 29/30 1/30
Dynamic Online Calib. 30/30 0/30

Overall 119/120 1/120

Table 4: Correctness results for the Cholesky validation
benchmark. Each method is evaluated on 30
runs.

Figure 11 compares the makespan of Cholesky
decomposition across different problem sizes. As
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the tile count and tile size increase, the makespan
increases sharply because the DAG contains more
tasks and each task performs more dense linear
algebra work. The Learned Static and Dynamic

Figure 11: Makespan across different sizes

methods follow similar scaling trends, but the Dy-
namic learned scheduler is often slower. This is
because Dynamic scheduling makes local runtime
decisions based on ready tasks and device avail-
ability, while Cholesky decomposition has strong
panel dependencies and a sensitive critical path.
When the Dynamic scheduler assigns more tasks
to the CPU to avoid waiting for the GPU, those
slower tasks can delay later dependent work. The
Static scheduler, by contrast, computes a complete
schedule before execution and can better account
for dependency structure.

Online calibration reduces makespan for both
Static and Dynamic scheduling, especially on larger
cases. This indicates that measured runtime feed-
back helps correct inaccuracies in the learned model,
particularly for Cholesky kernels whose actual cost
depends on library overheads, GPU launch behavior,
and data transfers. The Dynamic online calibration
method performs best on the largest case, show-
ing that calibration can make online decisions more
effective when the workload becomes sufficiently
large.

6 Work Distribution

Both team members contributed substantially to
the design, implementation, evaluation, and writing
of the project. While each member took primary re-
sponsibility for different components, many parts of
the system were developed collaboratively through
joint design discussion, debugging, and experimen-
tal analysis. We therefore assign the final credit
evenly between the two contributors.

Student Main Contributions Credit

Jingxuan Zhang Project code structure design,
Cost model development, sched-
ulers, CUDA stream improve-
ments, main test cases, testing
and report writing

50%

Peiran Hou Cost model development, Sched-
ulers, Topcuoglu and Cholesky
benchmarking, CUDA graph,
profiling database support, test-
ing and report writing

50%

Table 5: Work distribution and credit allocation for the
project.
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