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=
The Inference Group N

* An informal group in TPC to focus on the role of inference in science, and
particularly inside academic and quasi-academic infrastructures.

* Inference is a different beast, however, that may require new modalities to
support — and we all lack experience running this at scale (We have run batch
for decades, but “Al Factories” building tokens is not something we have done
as much of).

* So:
* What are the use cases we see for (Scientific) inference services in research , teaching,
and operations for (mostly academic-ish) HPC Centers?

* How do we provision and support these services and the software stacks around them?
* Are we all doing the same thing? Can we share practices or even services?

* What sort of utilization/uptake are we seeing?

* What data and privacy issues have we encountered?
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S=
A Quick History of This Discussion N
* First formal session at TPC25, last July in San Jose, CA

* Asecond session as a BOF at SC25 in November in St. Louis

* During this time, we have had speakers from Asia, Europe, and the US.

* Universities, a few labs and national infrastructures.
* Asia: Taiwan CHPC, Japan AIST, Singapore
* Europe: Finland (CSC), Portugal (MACC)
* USA: TACC, SDSC, NCAR, Argonne
* A number of other sites in the rooms to listen.
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A Quick History of This Discussion

* The focus has been on identifying the problems and common
challenges.

* No established technical directions for new development, yet, but some
themes are becoming clear based on the two sessions, and a some
slack and email discussions.
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What have we learned about operations so
far, and what are the challenges?

* Every site is running inference services, at some level or another.

All the sites believe a lot more is coming — but for most of us, it remains a relatively

small "special” workload so far.
Often, a set of agents is run temporarily as a big batch job(s), and is stood up and torn down for

each experiment.
Except for chatbots, mostly for support, code generation, etc. — not a huge load given our user

base.
* Most sites are exploring dedicated hardware for inference workloads.
GPUs are universal, but there is a lot of experimentation with SambaNova, other platforms.

* Most work is labeled “Pilot™ at this point.

NSF Leadership-Class Computing Facility

Texas Advanced Computing Center | The University of Texas at Austin




Observations and Challenges(2) .

* The current model for standing up an inference service (especially an
LLM), both vendor platform and open source, isn’'t well-suited for multi-
tenancy, security, protected data, etc.

* As aresult, many sites (at least 4!) are building frameworks to support
running many model endpoints, often based on something like
LightLLM, with some added features.

* Impacts on auth, identity, scheduling, etc. Need load-balancers for endpoints,
multiple user spaces, logs for audit/analysis, etc.
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Observations and Challenges(3).

* We don’t have a great feel for how much of inference workloads look like a
permanent service (a chatbot, a cloud-like APl endpoint), and how much is tied
to specific experiments/campaigns/runs.

* (Some examples in a couple of slides)

* This is critical for sizing resources and for scheduling — do models need to be resident,
or can they be swapped?

* Qur best guess:

* \We need both!

* Largest runs may be ephemeral — but things like services to query large datasets may
need to be run in a cloud-model.
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Observations and Challenges(4).

* Not knowing the mix, we have lots of scheduling and resource management
challenges.

* The previously mentioned problem of resident models or loading from “out of core”, and
provisioning compute for that.

* Most end users coming from cloud services who might be willing to run “temporary”
services want them to schedule as containers with Kubernetes.

* To share endpoints, we also need lots of RAG storage — and this is likely not Lustre
(graph stores, etc.).

* Failure/restart modes are different.

* We may have enough hardware for all this, but we can’t share and utilize it
with anywhere near the efficiency we can run batch HPC/training workloads.
* Hence the scheduling issues.
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Observations and Challenges(6).

* Not sure that a lot of what “scaling” means in the commercial context (for inference
services) applies the same way to our use cases.

* |tis unlikely we will have a coding assistant, chatbot, or other interactive services that
need to scale to thousands of simultaneous users and super high sustained token
rates.

* Areasonable trained LLM for coding or chat can fit on a GB10 for $4k, as long as you are the only
one using it.

* Much as we might like it to, an astrophysics-specific coding assistant will not have 100,000
simultaneous users.

* Much of the commercial “GPU sharing/efficiency” space doesn’t make our assumptions
about reproducible performance — and we don’t know if our users really care.
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Observations and Challenges(7).

* QOur Compliance models won’t work anymore.

* We've historically done a good job of controlling the things we can control, and making
lots of bad behaviour the user’s problem (at least for liability/criminal purposes).

* E.g., if they copy a restricted code to an open space and put a bunch of students on it, they
violate the end-user agreement, and the problem is often contained in that group...

* And auditors consider this “settled law”.
* If a user gives restricted data to your chatbot service, and the LLM behind it spits that
out to a different user... who is responsible?
* This is not settled at all — meaning we have risk.

* Note - this is about compliance, it has nothing to do if the Al is correct or
Trustworthy — that's a separate problem not unique to us!
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Integration of NSF NCAR’s Compute and Data
(stolen from Thomas Hauser, NCAR)
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Inference Pilot — Making Al/ML Accessible in Earth
System Science

Inference platform - NCAR’s Geoscience Data GDEX
Multiple models Exchange (GDEX)
Choice of initialization datasets . Data Commons | S
Democratize access - Data products used in Al/ML

Evaluate accessibility and workflows

scientific utility - Data fully accessible on our
Ease of use compute platforms
Model intercomparison - Integrated with Open Science
Inform our infrastructure and Data Federation (OSDF)

future services
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Aleksi Kallio, Director, LUMI Al*Factory Service Center

Utilizing Inference for Science Services Within the Academic Community, SC25



(Courtesy of Aleksi at CSC) L U M | Al Factory

Inference services in LUMI Al Factory
* Aitta: general purpose scalable Al inference service for

R&D
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* Developed in-house

* Other frameworks will be provided as well, including
EXA4MIND (by IT4l and METU)




(Courtesy of Aleksi at CSC)
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ALCF IS DEPLOYING DIVERSE INFERENCE SYSTEMS FOR SCIENCE
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SOME INFERENCE SERVICE USE-CASES

https://docs.alcf.anl.gov/services/inference-endpoints/

Drag and drop file here

Browse files

Download RITM Data

< Download RITM

Export Conversation

Export Conversation

__ Example Questions

RITM0429668 - Need help with this
ticket

How do | access Aurora systems?
What are the data transfer options?
Help with RITM0430179
How to submit a job to ALCF systems?

RITM0429668 - Help me with this ticket

ul System Status
Client: &4 Ready

Last Ticket: RITMUnknown
Messages: 2

RITM Queries: 1

E2= ALCF User Support

Get help with ALCF systems and support tickets

& User Support Mode

Retriever: dense_gemini_004 | LLM: gemini-2.0-flash

— Ticket Details: RITM0429668

Ticket Information: Generated Query:
+ RITM: RITM0429668
"How can | check the status of storage disks on the

« Date: 2025-05-28T15:14:50 ALCF Eagle system?"

« Subject: [SN] Request
RITM0429668 assigned to
your group: ALCF Eagle
storage disk status- [ALCF-

First Interaction (Preview):

Support]

« Total Interactions: 2

[L You

RITM0429668 - Need help with this ticket

[ ¥ Assistant

Based on the available context, | can see that the Eagle file system is a Lustre file system [1],
and itis used for intensive job output and large files [1]. To check the disk quota usage on the
Eagle file system, you can use a command that will output your project name, quota type, file

system, current data usage, allocated quota, and grace period [2].

Courtesy of Venkat
from Argonne

ChemGraph — Thang et al. https://www.arxiv.org/pdf/2506.06363

Regular
Output

-

ChemGraph
: 1 Response | Structured
3 Agent Output

Tools

User prompt

Workflow and Cheminformatics Simulation Backends

- LangGraph - RDKit Semi-empirical  Ab initio ML Potentials
- ASE - PubChemP - XTB - NWChem - MACE
y - EMT - ORCA - UMA

AuroraGPT-EAIRA — Capello et al. https://arxiv.org/pdf/2502.20309

Increase Benchmark saturated

‘ difficulty
Al4S
Accepted Benchmark

Manual Manual MCQs
Generation Validation

Library
of scientific
papers

Results
Accepted
Validated — ol »
Quality MCQs

Automatic i Comparison [= == ==
i Validation
Generation aau With SOTA

Manual ment
tuning assessment

Manual tuning

Increase Benchmark saturated
difficulty

Current Status: ~200 users, ~10 million requests, over 11 billion tokens generated
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FIRST: Federated Inference Resource

Scheduling Toolkit

Access token

o Rl s

LR E e =

VM (Inference API)

Backend Reverse proxy

|

Globus Compute

Sophia / |

C Job scheduler

(LLM o= RAY

>/

Courtesy of Venkat
from Argosee

Authentication

Allows authorized
users to interact with
inference service.

Django Portal

Provides API
access to running
vLLM endpoints.

Endpoints

Multiple pre-registered
endpoints owned by a
service account.

GPU Nodes

Compute resources
running vLLM + Ray
with various models.
Elastic based on
requested model.

https://au roragpt-anl.github.io/inference-gateway/
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= openai/gpt-0ss-120b v +

Set as default

& openai/gpt-oss-12(  reesement e

Powered by Open WebUI and Globus

openai/gpt-0ss-120b

2. How Gravitational Waves Are Produced

Gravitational waves are generated whenever y The strongest

astrophysical sources are:

sounce TYPICAL FREQUENCY (2) TYPICAL STRAIN (M) AT EARTH
Binary Black Hole (BH-8H) Merger 0" 10"
Binary Neutron Star (NS-NS) Merger 0" 10"
Supernova Core Collapse 002 10%
Rapidly Rotating Neutron Stars (mountains) 10-1000 10
Stochastic Background (early unrverse) 10 -0 Extremely by, mocel-dependent
Key points:

ant contribution to gravitat
ment Q. A changing

al radiation comes from the second time

derivative of the mass quadrupo nopole (total mass) or dipole (center-of-ma

motion) does not radiate in GR.

Energy Loss: As a system radiates, it loses orbital energy, causing binary components to spiral inward (the

ban you explain what a gravitational wave is?

“chirp® observed by detectors)

+ () Code Interpreter

tational Wave Does to Space

it stretche uusage-: (
roles as the wa “prompt_tokens": 43,

"total_tokens": 436,
ds* = —c*dt’) “completion_tokens

(transverse-traceless) gauge lo

cURL Python (OpenAl SDK

API Usage Examples

Querying Endpoint Status
@ OQuerying Endpoint Status

Chat Completions

Request Outcomes

—

ken=5(python inference_auth_token.py get

"prompt_tokens_details": null
"id": "chatcmpl-68de4d3ddesbasssIbacd)

*object®: *chat.completion*, +
1755114588, "prompt_logprobs": null,

: "meta-llana/Meta-Llana-3.1-8| ky transfer_params®: null,
*choices*: [ z =

< “response_time": 3.179178237915039,
*index": "throughput_tokens_per_second": 137.14235798428732
*message*
*role*: “assistant”,

“content": “Quantum computing is a new way of processing information that's
different from the way regular computers work. Here's a simplified explanation:\n\n=+Regul
ar Computers:s+\n\nRegular computers use \*bits\" to store and process information. Bits ar
e like light switches that can be either ON (1) or OFF (8). When you combine these bits, yo
u get numbers, letters, and other data.\n\nesQuantum Computers:w+\n\nQuantum computers use
\"qubits\* (quantum bits) to store and process information. Qubits are special because they
can be both ON and OFF at the same time, which is called a \"superposition.\* This means a
qubit can process multiple possibilities simultaneously, making it much faster than regula
r computers for certain tasks.\n\ne#Another Key Concept: Entanglements#\n\nQubits can also
be \"entangled,\" which means that when something happens to one qubit, it instantly affect
s the other qubits, no matter how far apart they are. This allows quantum computers to perf
orm calculations on multiple qubits simultaneously, making them incredibly powerful.\n\nssH
ow Quantun Computing Works:##\n\nImagine you have a combination lock with 1@ numbers. A reg
ular computer would try each nusber one by one, taking a long time to find the correct comb
ination. A quantum computer, on the other hand, can try all 10 numbers simultaneously, than
ks to the power of qubits and entanglement. This makes quantum computing incredibly fast fo
r certain tasks, such as:\n\nl. s«Cryptography:#+ Breaking complex codes and encryption met
hods.\n2. ++Optimization:++ Finding the best solution for complex problems, like logistics
and supply chain management.\n3. s#Simulation:=+ Simulating complex systems, like weather p
atterns and molecular interactions.\n\nssChallenges and Limitations:s#\n\nQuantus computing
is still a developing field, and there are many challenges to overcome, such as:\n\nl. #+€
i + Qubits are prone to errors, which can affect the accuracy of calculation
. *sScalability:«« Currently, quantum computers are small and can only perform a limit

ed nusber of calculations.\n3. ssNoise:s Quantum computers are sensitive to external noise

Users per Model

Argonne &

NATIONAL LABORATORY



Where to go from here?

* Simply the exchange of ideas is, to me, very valuable, even if we do

nothing but provide updates a couple of times a year.
It affects our operations, | suspect it impacts everyone else participating too — and

everyone they talk to at other sites.
* But, if we wanted a technical outcome. .. There are promising avenues

to pursue.
* Shared front-end for inferences services — we are building ~4 already.

* Resource Managers, Schedulers, and their associated *policies™.
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Thanks!
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