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Compute Cycles (execution unit: warps)

Memory Wait CyclesCWP: Max # of warps that 
SM/CU can execute during 

memory wait periods
(Kernel-specific)

MWP: Max # of warps per 
SM/CU that can access the 

memory simultaneously
(System-specific)

3.1 GPU Warp Parallelism Model 3.2 MPI Communication K-Model
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Using an abstract machine model for GPU 
 à helpful for kernel analysis!
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§ 𝛼 → start-up time
§ 𝛽 → (network bandwidth)-1
§ 𝑛 → message size
§ 𝑘 → # of processes per node
§ 𝐾!"#$% → max. # of inter-node messages
§ 𝐾#&#'( → max. # of total messages

Explicitly distinguish b/w intra/inter-node 
 à important for multi-GPU scenario!

3.3 ML-based Error Correction Model

CONTRIBUTIONS
v  Interpretability of Results ✅ à insights using “analytical machine model”
v  Estimation Accuracy ✅   à  via ML-based error correction
v  Portability ✅            à  enabling “cross-vendor/platform analysis” (Section 2)
v  Performed evaluations using two real-life applications: 
 (1) Helmholtz equation solver from Computational Fluid Dynamics (CFD), and 
 (2) Gromacs application from Molecular Dynamics (MD).
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2.1 Implementation Overview

2.2 Proposed Workflow

GIVEN
Performance data à 𝑋
Predicted runtime à 𝑚(𝑥) 
       (Analytical Model)
Actual runtime à 𝑡

GOAL 
Learn error function: 𝑒(𝑥), 
à for getting corrected runtime prediction 𝑡̂

𝑡̂ 	= 𝑚 𝑥 + 𝑒 𝑥

METHODOLOGY 
Use of Gradient Boosting Regression (GBR)
à a stage-wise ensemble  of decision trees.

WHY GBR? 
Non-linear error patterns can be well-
identified for underlying analytical models.

4.2 Evaluations

Setup 1
(Nvidia GPU)

8 x NVIDIA A100 40GB HBM2e 400W TDP
2 x AMD EPYC 7713 (Zen3), 2 x 64 cores @2.0 GHz

(Multiple-GPUs/nodes: up to 2 x 8 = 16 GPUs)
Application 1

PDE Solver – Helmholtz Equation: High-order FEM 
with Polynomial Degree 7 using deal.II Library [8],

Varying # of Degrees of Freedom that fits on the GPU

Setup 2
(AMD GPU)

AMD Instinct MI210 64GB HBM2e 300W TDP
2 x AMD EPYC 7713 (Zen3), 2 x 64 cores @2.0 GHz

(Single-GPU/node)
Application 2

Molecular Dynamics Simulations – Gromacs [9]:
Simulation Types: (1) R-143a in Hexane,

(2) RNA Piece with Explicit Water, (3) Protein inside a 
Membrane, (4) Protein in Explicit Water

4.1 Setup

⚙ Modular Integrations. 🎯 Delivering Accuracy.💡 Uncovering Insights.
“Enabling Performance Modeling for Scalable GPU Computing”

BACKGROUND
§ Executing applications on large-scale GPU systems is often costly and time consuming.
§ Without committing compute resources, performance modeling enables to
 à ⏱ estimate runtime, 📈 evaluate scalability, and ⏳ identify bottlenecks.

CHALLENGES
ØAccurate analytical models requires in-depth considerations of the architecture.
ØUsing performance data, ML models performance well but sacrifices interpretability.
Ø Existing tools target specific GPU performance tasks:
 à no unified ecosystem for large-scale GPU performance modeling.

GOAL: Build a software stack for modeling and analyzing distributed GPU performance.

Analytical Performance Models

"White-box":
Interpretable

Results

Detailed
Architecture Insight

Required

ML-based Performance Models

"Black-box":
Insights

Unavailable

High Prediction
Accuracy:

Curve Alignment

Accuracy Bound
to Analytical
Assumptions

Data-driven:
No Analytical
Basis Needed

CONCLUSION: Using a combination of analytical insights and ML-based error corrections, this work proposes software ecosystem for end-to-end performance modeling and 
scalability analysis for distributed GPU applications, achieving estimation errors < 5% for GPU kernels (for adequate problem sizes) and < 9% for inter-GPU communications. 
FUTURE WORK: (1) validate model for other HPC and AI workloads, (2) compare against other SOTA performance modeling methods or tools.
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Section 3.3§ Integration of various components 
and performance tools. 

§ Modular Approach 
à allows use of other analytical/ML 

models. 

§ Two candidate models investigated 
for performance analysis. 

 (Section 3)
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GPU KERNEL RUNTIME ESTIMATIONS
(Single GPU evaluations)
§ High accuracy achieved for larger grid 

sizes for the Helmholtz Equation Solver:
     à relative estimation error below 5%
(up to 30% w/o error correction model).

§ For MD problems using Gromacs: 
     à relative estimation error under 3% in
      all but one case.

MPI DATA TRANSFER TIME ESTIMATIONS
(Multiple-GPUs/nodes evaluations)
§ Strong and weak scaling for the 

Helmholtz Equation Solver: 
     à average estimation error of 8.52%
(28.67% w/o error correction model).

§ Larger-scale evaluations planned!

Proposed Extensions: 
Original Model [1] does not 

consider caches!
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