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Research Motivation: Optimization of workload mapping and scheduling in
Heterogeneous HPC-Compute Continuum (H-HPC-CC).

e Users: Seek minimum overall completion time, full feature flexibility, with smooth data | [y .EEZ;LL 1' Scar\s the MRI 4= » Requests to analyze
transfers, and scalability. AN ooz Images the data based on

e Hosts: Aim for optimum resource utilization & less idle time to justify the associated ”“;}93 selected diagnosis
infrastructure and operation costs. b ‘ i

e Workload Managers: Must adapt to heterogeneous tasks, dependencies, and delays to loT+Edge Nodes
available heterogeneous nodes.

Key Challenges: ye! -\ 7y 1. Edgedevice: 2. Edge device:
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3. Workload Manager:

Current Status: Workload managers are domain-specific, lack task dependencies & data Maps and Schedules

latency evaluation across nodes. Workflows along with data
transfer time.

: Example Scenario
Research MEthOdOIOgy: Strateglc Research The Imagine an MRI diagnosis use case where commands are

fired from edge devices and tests are carried-out
throughout the system linking loT (a hospital MRI) to
Cloud and HPC system (supercomputer with thousands
1. Phase I: Literature Review — State-of-the-Art & Gap Analysis of processors) - all working together like an integrated
1.1 Reading papers and doing systematic literature review system having invisible highway of computing power.
1.2 Understanding the issues, state-of-the-art and analyzing the gaps.

Hybrid Waterfall Model
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Workload
Manager

This is the Compute Continuum: tiny edge devices, city-
scale servers, cloud data centers, even supercomputers,

2. Phase II: Work on Gaps Found During Literature Review seamlessly linked so each task runs exactly where it is

2.1 Answer the questions raised after literature review analysis. fastest and cheapest.
2.2 Workout to fill the outlined gaps from the literature and the analysis.
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4. Objectives: How to select

Real-World Impact
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e
The general framework applicable across HPC-CC the best resources for the f: 4:7 = :
3. Phase lll: Implement, Evaluate, & Revise The Workouts domains for workload (e, MLOps, Climate, Health) optimum performance with === l
3.1 Apply the workouts, do the necessary performance & quality tests. optimization. =il l=
=l =

For example: a mobile MRI scanner in a rural clinic. Our
system lets the device process critical image slices on a
nearby edge server for instant diagnosis—and then

sends full-resolution data to the cloud for 3D Cloud Nodes HPC Nodes

4. Phase IV: Thesis Write-up and Submission. reconstruction. That change alone cuts patient wait time
from hours to minutes.

minimum completion time?

3.2 Validate the outcomes and analyze the weakness/impedances.
3.3 Revise/optimize the workouts and re-evaluate the work.

Convinced

Phase ll: System & Workload Modeling Integrated With Snakemake Scheduler Plugin

Workflow-Driven Modeling for the Compute Continuum: An Optimization Approach to Automated System and

Phase I: Literature Review

A Review of Tools and Techniques for Optimization of Workload Mapping and Scheduling in Heterogeneous :
Workload Scheduling [2]

HPC System [1]

ivati Framework Details
. o o o HPC Compute Continuum System Workflow (DAG: Direct Acyclic Graph) MOtlvatlon . . . e
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= ® Optimization-based, Automated mapping & scheduling, and l N )5, Procss orkllow Characterislics input odes Characterisiics
Sensors and loT Edge Cloud HPC low Tas ueues b Cl
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g Pap TABLE IV: Strategic Questions Guiding the Systematic Review and Discussion Proposed Modellng Framework: Overview T | Workioad Manager |
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. . . . n . . . . . Output Executors | Executor API
3. Drafted the review analysis and results into an article. Question ID _ Strategic Question Grouped by Different Objectives - : i h """"""" pemmeneene- T s,
Problem Understanding * Unified modeling of: & ! Map & Schodulo Sorled S1] | ¢ bemetes | |
Findin gs Q1 What are the fundamental challenges in workload mapping and scheduling for heterogeneous computing environments? * Systems - Compute Continuum (resources, features, properties), et HSON Wappima OUtpit e e e ey !
. . . e Q2 How can we effectively model workload mapping and scheduling problems to reflect real-world scenarios and constraints? e Workloads - Workflows (tasks utility, and dependencies). am -
e Outlined multiple tools & techniques for workload optimization: Optimization Formulation _ ) eﬁﬁ Fm e
.r . . . Tttt ]
* They can be classified into four categories: Q3 What are the key performance metrics and objectives when formulating optimization problems? e Optimization: %] ® i EH‘:". y
H i i i . . T . . . Cloud User Service | S=—ri3 5
1. Mathematl-ca! approaches, like Integer Linear Pr‘?grammms (LP), Q4 What are the state-of-the-art algorithmic approaches and optimization techniques for workload mapping and scheduling? « Multi-objective optimization for automated mapping & scheduling. Framework F g 2
2. Meta-Heuristics approaches, mostly Nature-Inspired algorithms, Qs Are there any methods that could provide near-optimal solutions with reduced computational complexity? External User User Workloads m\‘xfr'ﬁg;gMap;ﬁgr& Dense Compute (DC) Nodes &
3. Heuristics based approaches, mainly search and sorting methods, & Resource Management and Energy Efficiency « Workflow integration: odons) Scheding) Dense Storege (D) otes
4. Emerging - Hybrid approaches, like AI-ML & Quantum Computing Q6 How can resources in heterogeneous computing environments be effectively managed and allocated for workload execution? Snak gk h. dul | deol
’ ! ) ot 1 e e il o ad ranming and <o . X — : e Snakemake scheduler extension, practical deployment. . . .
Q7 What strategies Idnd tools are available for optimizing wurklluad1mdpp|ng and .*,Lhedu!mg ln{ reduce energy L{?nlaumpllun? P ploy OriginalSnakefile MOdellng |ntegrat|0n With Snakemake Extended Snakefile
Q8 How can we strike a balance between performance (execution time) and energy efficiency in scheduling decisions?
Main Matrices Q9 What technologies can be integrated into scheduling for performance/energy savings? e Evaluation: rule all: configfile: “scheduler config.yaml®
e They mostly look for Efficiency, Cost, Time, Scalability, and Robustness. System Implementation ¢ Performance & scalability tests with real-world workloads. input: "results/output.txt® T
e Most of them have reported less then 30% of overall improvement. Q10 What methods exist for parallelizing scheduling decisions to efficiently handle large-scale workloads? resources: input: "results/output.rxt®
Tool Support and Integration glurm partition - cpuNode —
Q11 What are the available software toolkits, frameworks, and libraries for implementing workload mapping and scheduling . :nt:;ﬂ:j "results/outpat . txt™
Gaps Found I System Model Workload Model i threads: 2 o
* No clear mathematical model formulating H-HPC-CC system & workload, Q12 How can these tools be integrated into existing HPC and cloud computing environments? y o . _ oo output: "results/outpul.txt" resources:
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ata delay time & tasks dependencies are neglected, to avoid complexity. valuation and Benchmarking ] ) ) o runt ime—5
Q13 How do we benchmark and evaluate the performance of different workload mapping and scheduling approaches? * Ri: Resources (e.g., Cores, memory, storage) * Rrj S Ri: Resource compatibility resources: params: -
. Qu4 What are the key considerations when conducting experiments and comparing the effectiveness of various tools and techniques? e Fi: Features (e.g., ISA, accelerators) ® Frj C Fi: Feature compatibility mE‘m_f!"b' 1024, Jﬁ;ﬁ:if:;i?h[":;:m*l
Next to flnd Applications and Best Practices e Pi: Properties (e.g., compute rates) e Uj: Resource usages, (data delays) runt ime=5, _ " rasonreas” - I"-inpulr'._size_mb*: 10, *
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. .. . 1 Qs AT ghell:- "properties®: {"cpu flopa®: le
Q1. How we can use tools & techniques to optimize in our use case? improved system performance? , , L e DAG - precedence " " I
P echo_Hello_» {output)
C L . Q16 How do the lessons learned from these analyses inform best practices for solving similar problems? o _tello ~ -put. shell -
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"acho Hella > foutput}®
h . | : | - Multi-Objective Function: Minimize { a(Uijxij) + B(Cmax) }, where xij = 1, node i is assigned to task j, 0 otherwise, and Cmax: Overall completion time.
Phase lll: Implementation | - Evaluations —_ — ‘
. 5 s ~ The table on left shows a sample system and characteristics of its three nodes. Similarly, table on right shows a sample e An optimum solution for MRI sample workload: Mapping and Scheduling
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e Mainly for heterogeneous HPC-CC mapping and scheduling. -
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