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Introduction

What Problem Are We Solving?

• Performance model tools (ASPEN) require human effort (COMPASS)

• LLMs strengths in language, pattern recognition, but lack determinism

• Agentic AI Solution – Combine LLM strengths and accurate, deterministic performance modeling tools

Can an agentic workflow deliver accurate prediction with no compiler-level effort?

Objective: Automate ASPEN performance modeling with LLMs
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Aspen:

• A domain-specific language (DSL) for analytical performance modeling

• Provides two formal model types: 

• Application model — parallelism, operation counts, data structures, control flow

• Abstract machine model — hardware characteristics (nodes, sockets, cores, memory, interconnect)

• Models are compiled, checked for correctness, then queried/simulated for performance predictions

• Key advantages over ad-hoc analytical modeling: 

• Enforces consistency and correctness through formal grammar

• Enables modular, reusable, composable models

• Positioned between structured analytical models and functional simulation — fast and flexible, but 
less detailed than full simulation

K. L. Spafford and J. S. Vetter, "Aspen: A domain specific language for performance modeling," SC '12: 
Proceedings of the International Conference on High Performance Computing, Networking, Storage and Analysis, 
Salt Lake City, UT, USA, 2012, pp. 1-11, doi: 10.1109/SC.2012.20.
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ASPEN DSL For Performance Modeling

COMPASS annotations and automatically 
generating ASPEN application  models

Lee, Seyong, Jeremy S. Meredith, and Jeffrey S. Vetter. "Compass: A framework for automated performance 
modeling and prediction." Proceedings of the 29th ACM on International Conference on Supercomputing. 2015.
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The workflow (3) uses Langgraph

Steps:

LLM parses natural language input

Kernel code and user input parameters

Target device

Prediction (runtime, loads, stores, flops)

2.  LLM (1) invokes translation method (1a or 2b)

3.  LLM (2) calls ASPEN tools (2c) to traverse ASPEN application 
model (1c) and ASPEN Machine model (2a)

Analytical models stored in (2a)

4.  LLM (2) receives tool output and returns

GenASPEN Workflow
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Fine-Tune to Reasoning

Fine Tuned LLM (ChatHPC) Prompt Engineering

Model Code Llama 7B GPT OSS 120B

Prompt Zero shot
Context Aware, Chain of Thought

(CA-CoT)

Pros Fast inference Generalization

Cons
Data scarcity

Memory constraints
Overfitting

Context Window Challenges
Prompt size

Needle in haystack
Larger token requirement
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CA-CoT: Analyze First, Synthesize Second

Stage 1: Teach LLM how to do performance 
analysis

• How to count operations, identify memory 
access patterns, etc.

Stage 2: Teach LLM how to build an ASPEN 
application model

• What the JSON IR means
• ASPEN grammar rules
• How to structure ASPEN application model
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ASPEN Application Model Generation Trade-Offs

Takeaways:
• Fine-tuned LLM: generates accurate ASPEN application models similar to those in the training set, fails 

otherwise, fast inference time and low token cost
• CA-COT: Generates accurate ASPEN models for in all cases, but for longer time and higher token cost
(time cost largely due to slow Ollama server)
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Pattern-Specific Analytical Model

the interface ASPEN provides

The ASPEN application model hands the tool four 
things:

• FLOPs

• loads

• stores

• an access descriptor (added new ones to 
grammar)

Documentation lost...

obj: find anything that works empirically

• λ per term = measured actual ÷ base 
prediction, against a unit-stride global 
baseline

• Stencil and sparse: λ on loads only, as 
a function of stencil points / nnz

• Up to 12 points per pattern, fit per 
architecture
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Op Counts and Runtime

Kernel FLOPS %
MOPS 

%

Benchmarks,
CG

100 100

XSBench 94.53 90

MiniMDock 86.4 82.95

LULESH 86.14 91.39

stencil_3d HIP (71.44), stencil_2d HIP (77.95), MiniMDock (58.34)

HIP ommited for LULESH, MiniMDock (only CUDA versions available)

- GPT OSS 120B unable to reason 
about runtime parameters

- Passed dynamic information via 
user prompt

- Challenge in structuring prompts 
and tooling for proxy application
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Extending GenASPEN

Goal: Use LLMs to automate "Non-LLM Component" for  fully automatic performance modeling
In-place performance modeling for large applications
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Conclusion

Outcome: LLMs able to 

1. translate source code to ASPEN DSL

2. count operations

3. identify memory access patterns

Tradeoffs: 

• Fine-tune: Small kernels, quick translation

• Reasoning: Complex codes, higher token usage

Results: execution time predictions 94.64% accuracy on NVIDIA 
and 92.19% accuracy on AMD GPUs

Future work: Add tools for more robust prediction models

This work has been been supported by DOE ASCR AI for Science projects, 
Durban and Ellora.
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Supplemental Material: Application Model GenASPEN
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Machine Model GenASPEN
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Langgraph Nodes: Benchmark Kernel



17

Langgraph Nodes: large app
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