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Why AI and not more traditional tools?



The Tooling Gap in HPC Research and Analysis

15

[1] A. Netti, W. Shin, M. Ott, T. Wilde, and N. Bates, “A Conceptual Framework for HPC Operational Data Analytics,” in 2021 IEEE International Conference 
on Cluster Computing (CLUSTER), Sep. 2021, pp. 596–603. doi: 10.1109/Cluster48925.2021.00086.

https://doi.org/10.1109/Cluster48925.2021.00086


16

[1] A. Netti, W. Shin, M. Ott, T. Wilde, and N. Bates, “A Conceptual Framework for HPC Operational Data Analytics,” in 2021 IEEE International Conference 
on Cluster Computing (CLUSTER), Sep. 2021, pp. 596–603. doi: 10.1109/Cluster48925.2021.00086.

The Tooling Gap in HPC Research and Analysis

https://doi.org/10.1109/Cluster48925.2021.00086


The Tooling Gap in HPC Research and Analysis

17

[1] A. Netti, W. Shin, M. Ott, T. Wilde, and N. Bates, “A Conceptual Framework for HPC Operational Data Analytics,” in 2021 IEEE International Conference on Cluster Computing (CLUSTER), Sep. 2021, pp. 596–603. doi: 10.1109/Cluster48925.2021.00086.

https://doi.org/10.1109/Cluster48925.2021.00086


Predictive and Diagnostic Analytics are Frontiers 
and Require Bespoke Workflows
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Maybe. But there are problems mitigating 
quick and easy adoption.
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AI still poor at complex visualization and formal 
hypothesis testing.*
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No indication of 
“median” or any 
aggregation or
uncertainty

Not grouped by 
quartiles

Insensitive to 
nature of skewed 
data in domain. 

No error bars for 
assessing 
statistical 
significance.



AI weak at complex visualization and modeling?
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Issues even with good generation.

24

Manual data uploads 
to proprietary 
software platform.

No provenance on production of 
visualizations and report.

Download and 
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analysis workflows 
necessary.

No guarantees of 
accurate translation 

between natural 
language and visual 

representation.
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Part 1: Getting Good VIS from LLMs
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Red Line?

Dotted Line?How can we measure this drift systematically 
and fix this issue?
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expressed by the natural 
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- Is there modeling or 
uncertainty in the hypothesis? 
(uncertainty, modeling)

- What is the hypothesis about? 
(quantity, comparator, referent)

- Are there any filters or groups 
defined over the data? 
(conditioning)

Natural Language: “Is there a positive correlation between my system’s GPU 
utilization and my system’s power usage?”

Provides us with a model to evaluate that critical human 
intent is preserved when working with LLMs for complex 

tasks.
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Prompt Engineering – Highly Specific and 
Unscientific
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? “You are an expert in 
statistical analysis and HPC.”

“Be absolutely, completely, 
certain NOT to use these 
visual marks.”

“Were those interventions 
effective?”



Using the power of formal grammars to scaffold 
LLM “thought.”
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Defining a hypothesis using a formal grammar.
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All formal hypotheses are claims about an event 
that data captures.

An event describes a relationship between a 
quantity of interest and reference value?

An example in the HPC space:

Natural Language: “Is there a 

positive correlation between my 

system’s GPU utilization and my 

system’s power usage?”



Using the power of formal grammars to scaffold 
LLM “thought.”
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Natural Language: “Is there a positive correlation between my system’s GPU 
utilization and my system’s power usage?”

LET 

EXPR @e.rho := CORR(
  GPU_UTILIZATION_AVG,
  GPU_POWER_USAGE_AVG
); 

PREDICATE @p.sig := p_value(
   spearman_test(
     [GPU_UTILIZATION_AVG],
     [GPU_POWER_USAGE_AVG]
    )
) < 0.01 

IN 

@e.rho WHERE @p.sig > 0



Semantic Invariants

Natural Language: “Is there a positive correlation between my system’s GPU 
utilization and my system’s power usage?”

Visualization:
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A checklist of semantics 
expressed by the natural 
language translation that 
should not change during 
the translation process.

Semantic Invariants



Translation Fidelity
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IR: Visualization:LET 

EXPR @e.rho := CORR(
  GPU_UTILIZATION_AVG,
  GPU_POWER_USAGE_AVG
); 

PREDICATE @p.sig := p_value(
   spearman_test(
     [GPU_UTILIZATION_AVG],
     [GPU_POWER_USAGE_AVG]
    )
) < 0.01 

IN 

@e.rho WHERE @p.sig > 0



Translation Fidelity – Grammar Guided

Natural Language: “Is there a positive correlation between my system’s GPU 
utilization and my system’s power usage?”
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IR: Visualization:LET 

EXPR @e.rho := CORR(
  GPU_UTILIZATION_AVG,
  GPU_POWER_USAGE_AVG
); 

PREDICATE @p.sig := p_value(
   spearman_test(
     [GPU_UTILIZATION_AVG],
     [GPU_POWER_USAGE_AVG]
    )
) < 0.01 

IN 

@e.rho WHERE @p.sig > 0



We can use semantic invariants to measure drift 
across many trials.
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Some aspects of the quantity are 
better preserved by the grammar 
interventions.

But the quantity itself is usually 
better preserved by the LLM 
alone with no grammar.



We can use semantic invariants to measure drift 
across many trials.
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Referents and comparators are 
often better preserved by the 
grammar.



We can use semantic invariants to measure drift 
across many trials.
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Referents and comparators are 
often better preserved by the 
grammar.

Grammar-based interventions to scaffold LLM thought 
show promise, but more work is needed.



Returning to the problems with naïve analysis approaches.
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Manual data uploads 
to proprietary 
software platform.

No provenance on production 
of visualizations and report.

Download and 
manual integration 
into notebook and 
analysis workflows 
necessary.

No guarantees 
of translation 

fidelity between 
natural 

language and 
visual 

representation.



Part 2: Integrating Effective Visualization into 
Common Workflows
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HPC Systems Analysis and Research Currently

Graphana2

1. Furlani, Thomas & Schneider, Barry & Jones, Matthew & Towns, John & Hart, David & Gallo, Steven & Deleon, Robert & Lu, Charng-Da & Ghadersohi, Amin & Gentner, Ryan & Patra, Abani & von Laszewski, Gregor & Wang, 
Fugang & Palmer, Jeffrey & Simakov, Nikolay. (2013). Using XDMoD to facilitate XSEDE operations, planning and analysis. ACM International Conference Proceeding Series. 10.1145/2484762.2484763. 

2. Labs, Grafana. "Grafana Documentation." 2018. https://grafana.com/docs/. 
3. Nguyen, Ngan, Tommy Dang, Jon Hass, and Yong Chen. "Hiperjobviz: Visualizing resource allocations in high-performance computing center via multivariate health-status data." In 2019 IEEE/ACM Industry/University Joint 

International Workshop on Data-center Automation, Analytics, and Control (DAAC), pp. 19-24. IEEE, 2019.

Focus on 
Short Term 
Streaming 

Data

Individual Line Charts Show 
Trends but Elide Distributions

Using basic visual idioms that 
can be supported by any out of 

the box VIS software in a 
Notebook

Conditionally-
useful fixed 
organization of jobs

HyperJobVis3

Not designed or 
evaluated using 
formal HCC methods

XDMoD1 
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Scripting Space

HPC Systems Analysis and Research Currently
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Visualization Space



Scripting Space

HPC Systems Analysis and Research Currently
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Visualization Space

Most 
Complicated 

Analysis 
Requires Both



Spanning Visualization and Scripting with Guidepost



Guidepost Overview



Guidepost

Guidepost – Selection






Guidepost

Guidepost – Export






Where Guidepost Fails, and AI Naturally Fits In.
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Each user group’s analysis still needs to be built up manually.

Guidepost only allows for the interactive retrieval of “interesting” data.



Where Guidepost Fails, and AI Naturally Fits In.
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Each user group’s analysis still needs to be built up manually.

Guidepost only allows for the interactive retrieval of “interesting” data.

When a user identifies an interesting phenomenon in the 
data, we should provide tools that help answer focused 

questions about it.



Designing AI integration for notebook-based workflows.
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Interactive Visualization with Export
Selection Object

Provenance In-Depth 
Statistics

Predicates that
Describe the 

Selection

DataFrame

Input Data

Output New Analysis 
Cells in Place

LLM w/ Focused 
Question



Designing AI integration for notebook-based workflows.
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Selection 
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In-Depth 
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Designing AI integration for notebook-based workflows.
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Selection 
Object

In-Depth Statistics

Predicates that Describe the 
Selection

DataFrame

Provenance

LLM Calling Interface

“Do busy weeks on the system have higher failure 
rates for jobs?”



Designing AI integration for notebook-based workflows.
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Selection 
Object

In-Depth Statistics

Predicates that Describe the 
Selection

DataFrame

Provenance

selection.analyze()

“Do busy weeks on the system have higher failure 
rates for jobs?”



Designing AI integration for notebook-based workflows.
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Selection 
Object

In-Depth Statistics

Predicates that Describe the 
Selection

DataFrame

Provenance

selection.analyze()

“Do busy weeks on the system have higher failure 
rates for jobs?”

VIS Code Cell



Designing AI integration for notebook-based workflows.
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Selection 
Object

In-Depth Statistics

Predicates that Describe the 
Selection

DataFrame

Provenance

selection.analyze()

“Do busy weeks on the system have higher failure 
rates for jobs?”

VIS Code Cell



Designing AI integration for notebook-based workflows.
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“Do busy weeks on the system have higher failure rates for jobs?”



Conclusions
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Our two barriers and the solutions.

Workflow Integration Translation Fidelity

• Provide tools for 
users to move from 
exploratory analysis 
to focused 
hypothesis testing.

• Design tools to work 
with analysis 
platforms like Jupyter

• Scaffolding LLM 
thought with formal 
grammars shows 
promise but needs 
more work

• Semantic invariants 
allow us to measure 
systematically how 
translations drift 
across 
representations

75

Manual data uploads 
to proprietary 
software platform.

No provenance on production 
of visualizations and report.

Download and 
manual integration 
into notebook and 
analysis workflows.

No guarantees of accurate 
translation between natural 

language and visual 
representation.



Thank you! :D
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$ pip install guidepost

Connor Scully-Allison 

77

Successful integration of LLM workflows 
into HPC analysis will require multiple 
interventions to address diverse issues 
related to deployment and fidelity. 

cscully@uchicago.edu

https://github.com/cscully-allison

mailto:cscully@uchicago.edu


Publicly available

$ pip install guidepost

RECENTLY UPDATED WITH 
NEW FUNCTIONALITY!

COMPATIBLE WITH ALL 
HISTORICAL JOBS DATA.
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