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1 Summary

We propose to develop an intelligent heuristic, list-based task scheduler for directed acyclic
graphs (DAGs) that optimizes execution across heterogeneous CPU and GPU resources.
The core objective is to minimize the total completion time of complex task sets by balanc-
ing computational speedups against data transfer overheads. We will implement a custom
heuristic cost model that estimates task duration based on computational workload, data
size, CPU/GPU processing rates, and PCle bandwidth to make informed scheduling deci-
sions.

2 Background

DAGs are the standard abstraction for managing task dependencies in high-performance
computing. They are essential in Data Analytics (e.g., Spark), Model Training Pipeline, and
Scientific Computing for managing large-scale simulation workflows. By modeling execution
as a DAG, systems can identify independent tasks that can be executed in parallel while
respecting synchronization constraints.
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Figure 1: Computation DAG



Some tasks are ”control-heavy” (better suited for the CPU), while others are ” data-parallel”
(ideal for the GPU), which introduce a ”communication vs. computation” trade-off. A good
task scheduler is required to decide when the acceleration on a GPU outweighs the transfer
latency of moving data from CPU memory. There are two aspects in which the problem can
benefit from parallelism. One is task parallelism, which indicates that independent nodes in
the DAG can be executed simultaneously. Another is data parallelism. Within an individual
node, the GPU can process massive arrays in parallel.
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Figure 2: System Architecture
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3 The Challenge

This problem is challenging because efficiently mapping a DAG-based workload onto hetero-
geneous CPU-GPU systems requires balancing computation, data movement, and resource
constraints.



3.1 Workload

e Computation Granularity: When a DAG consists of hundreds of fast-executing
nodes, the time required for the CPU to prepare a command and trigger the GPU via
the driver can exceed the task’s actual execution time. This launch overhead makes
it difficult to parallelize fine-grained tasks.

e Memory Access and Locality: Tasks might use entirely different data sets, forcing
the VRAM to constantly swap data in and out.

e Dependencies: Some workloads have long sequences of serial tasks that limit the
theoretical speedup regardless of how many GPUs are available.

3.2 Constraints

The constraints below make it difficult to map workloads efficiently, as task placement
decisions must consider both memory availability and communication bottlenecks in addition
to computation.

e Limited VRAM Capacity: Since the CPU and GPU do not share a physical mem-
ory space, the program is constrained by VRAM capacity. If the MemoryPool runs
out of space, the entire pipeline stalls.

e Shared PCle Bandwidth: The PCle bus is shared between multiple tasks. If
two CUDA streams try to copy data at the same time, they compete for bandwidth,
slowing down the entire system.

3.3 Cost Model

Predicting the best device for a task is difficult. The total execution cost depends not only
on computation time but also on data transfer overhead between CPU and GPU. Addition-
ally, resource contention, such as competition for VRAM bandwidth, PCle bandwidth, and
compute units, introduces variability that is difficult to model statically.

3.4 Scheduling Algorithm

Making the scheduling algorithm efficient is challenging. A standard scheduling algorithm
like HEFT (Heterogeneous Earliest Finish Time) often struggles because it assumes hard-
ware is static. In reality, the GPU might be busy but actually have idle SMs that could
take more work.

4 Resources

We will develop our system using a heterogeneous computing environment consisting of
multi-core CPUs and NVIDIA GPUs. Development and testing will primarily be conducted
on CMU GHC machines.

We plan to implement the scheduler largely from scratch to maintain flexibility in designing
and evaluating different scheduling strategies. However, we will build on several existing
components and frameworks to accelerate development. For GPU execution, we will use



CUDA (including CUDA Streams and potentially CUDA Graphs) as the primary program-
ming model. For CPU parallelism, we will use C4++ threading libraries. We may also reuse
basic DAG representations and task execution structures from existing open-source projects
such as the heterogeneous task scheduler repository[6] as a reference, but not as a full code-
base.

Our scheduling algorithms will be inspired by prior work in heterogeneous DAG scheduling,
particularly the HEFT (Heterogeneous Earliest Finish Time) algorithm[1]. We will use the
following references as guidance for both algorithm design and evaluation methodology:
[1,2.3,4,5,6, 7

5 Goals and Deliverables

5.1 Plan to Achieve

Our project consists of three main components: system design, performance optimization,
and evaluation.

e System Design:

— Build a heuristic, list-based DAG scheduler capable of parsing a DAG and dis-
patching tasks to either a CPU thread pool or a CUDA stream based on a static
cost model.

— Implement a HEFT algorithm that assigns weights to nodes based on average
execution time and edges based on data transfer costs.

— Incorporate a static cost model to guide scheduling decisions, enabling the system
to balance computation and data transfer overhead across CPU and GPU.

e Performance Optimization:

— Develop and integrate the MemoryPool to eliminate cudaMalloc calls during the
critical execution path.

— Implement a logic where an idle CPU can steal tasks from the GPU queue if
the estimated PCle transfer time makes GPU execution a net loss in real-time,
improving resource utilization.

o Evaluation:

— Compare against multiple baselines including CPU-only execution, GPU-only
execution, and static HEFT scheduling. We aim to achieve at least 1.5x-2.0x
speedup over CPU-only execution, and 1.2x—1.5x improvement over GPU-only
and static HEFT, especially in workloads with heterogeneous task sizes and non-
trivial PCle transfer costs.

5.2 Hope to Achieve

e Apply CUDA Graph Integration for Fine-Grained Tasks. The scheduler can automat-
ically detect clusters of small nodes and make them into a CUDA Graph to reduce
the CPU-side launch overhead.



e Use learned rather than static cost model to predict the runtime of the workflow
execution. Refine the cost model to account for PCle bus contention when multiple
streams are performing data transfers simultaneously.

6 Platform Choice

We use C++ with CUDA on GHC machine to support efficient heterogeneous computing.
C++ provides low-level control for implementing the DAG scheduler and CPU parallelism,
while CUDA enables GPU acceleration and concurrency through streams. The GHC ma-
chines support multi-core CPU and GPU execution.

This platform is well-suited for our workload because DAG tasks exhibit diverse characteris-
tics: compute-intensive tasks benefit from GPU execution, while smaller or latency-sensitive
tasks are better handled by CPUs. The heterogeneous system allows us to balance com-
putation and data transfer costs, making it ideal for studying scheduling strategies that
minimize overall execution time.

7 Schedule

‘Week Planned Tasks / Goals Notes / Dependencies
Mar 23 — Mar 29 | Submit proposal and build | Implement dependency manager,
initial framework ready queue, and basic load balanc-
ing
Mar 30 — Apr 5 | CPU task parallelization Implement thread pool and task ex-

ecution on CPU

Apr 6 — Apr 12 | GPU task optimization Develop memory pool and optimize
CUDA execution

Apr 13 — Apr 19 | Cost model design and inte- | Integrate scheduling policy with run-
gration time cost estimation

Apr 20 — Apr 26 | Comprehensive testing and | Benchmarking, profiling, and perfor-
optimization mance tuning

Apr 27 — Apr 30 | Finalize report and poster Prepare final deliverables
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