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The Revolution is Now... Ubiquitous Distributed Compute
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In the midst of a technology jump Deployable Adaptivity
. Greater than 2x jump in global energy consumption, Low-power context-aware inference = on-device autonomy

borne by the technically advanced nations
We’'re not saving energy, just reducing energy per inference

and moving to ubiquitous, scaled, deployed, and
continuous training and inference

. | bet $20 on an 8x jump in the US

. Doubling time drops from 39 to 29 years.



The Revolution is Now... Computational Ecosystem

Exemplar Systems of Systems
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FPGA Level
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System - HPC

CPUs/GPUs

Courtesy of Jana Thayer

Interconnected Light Sources

Rate reduction

Versatility

Inherently Multi-scale

Interconnected Fission and Fusion Reactors .

Ms-ms latency decisions
Minutes-hours scale “run” evolution

Days-months scale “campaign” forecasting

Location A
Database Security

Hcmomo ph ic
Slﬂrhw

Mask

Data

Model = py

09
0

4 Location B
Database Security

Homomorphic
FGHMM'DI'I
symﬂ tic:

\Data Mask

0

Model= pp

Location C

Database Security

Homamorphic
synmeuc

Model = p.

Data Mask

opr-
0

General Atomics — DIII-D

R. Archibald et al., "Privacy Preserving Federated

Learning ...

," 2024 |EEE BigData 2024, p. 4132, 3

doi: 10.1109/BigData62323.2024.10825977.



Autonomous Systems of Systems

At the light source At the tokamak
* 1MPix at 1IMSps rates * 1k channels at GSps rates
* 1Byte/sample = 1TBps * 1Byte/sample = 1TBps
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Is AGI actually our goal?

A word for dense information

. Three orthogonal shadows are likely better than 13 coupled

. Interpolation evaporates in high dimensions
. Reducing the chatter among information channels reduces ] : : : ::
extraneous network traffic 100 1 | '
. Correlation dilution across channels increases the cross- ]
section for information leakage. o ]
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All you need is Edge

A Jumping spider

Hardware and wetware work in
unison

ML in Science is predominantly
acceleration of known
interpretation
Let’s design for Jumping Spider
Specificity and efficiency...

... We need an Al Pit Crew
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Domain and Detector specific

Generalizabe algorithms -
what users need, not what
they want

Recast offline for streaming
— explores
information sufficiency

FPGA/ASIC encoding opens
a new can of worms, e.q.
firmware is meta-data

SLAZ  Opportunity

(a) Vectorized Calculation of the Photon Correlation
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Strempfer et al., "Homomorphic data compression for real time
photon correlation analysis," Opt. Express 33, 12059-12070
(2025)
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A case study - The Cookie Box

Caught with our hands in the...

Decomposed Double Sub-Spike Events

X-ray Laser is a wild ride, just like the
big wide world Xray Pulses

Single Sub-Spike

Nature uses context-dependent Multi Sub-Spike

reasoning/responses

!

She even pricks ears and shifts gaze
as context evolves

Our detectors should do the same

Phase-to-Temporal Resolution
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Autonomous Streaming Decisions

a Inputs b Denoiser ¢ Classifier d LSTM Block
e Ay
P
Modular parallel streams |,
. | ]
. Denoiser takes longer than 23M parameter |l
Regressor... Trix are for FPGAs. | 1}/
. Motivates direct coupling of different I
hardware |" |
h Downstream
. . . Processin,
. S3Al working with vendors (Grog and Cornami \, | ’
for now) to open the communication to their J |l T
chips N, ' |
| ‘.‘ll | l’
Table 2 DCIPHR parameters and runtime
. Parameter Single Inference
Model (Identifier) # Parameters Memory (MB) Buntine ()
Densizas (i) Zero Classifier (1a) 70,345 0.28 28.2
Autoencoder (1b) 46,529 0.19 96.3 ! |
Classifier (2) 1,458 597 5.83 614 {111
Single Pulse ¢ Regression (3) 12,196,240 48.78 52.2 — ““
Double Pulse A¢ Regression (4) 23,330,400 93.32 ‘ 720 | . ]|
Totals 37,102,111 148.40 168.3 4‘7,“‘\’

Hirschman et al., accepted APL-ML Grog GC-1
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Courtesy of Ryan Herbst
o IRI

A Testbed of our Own

£ Custom Commercial

=

S3AI for heterogeneous exploration

0

. Simulating direct conversion of time-series into - Neuro Photonic

spiking binary signals EXPe”me”ta' e

P 9 ysig Systems
. Comparing traditional approaches to Spiking L The S3Al Testbed

Neural Networks ... just as Nature intended! Domain 1

Scientists E”gi”eers
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Gouin-Ferland et al., submitted



Taking Control of Our Destiny

Autonomous Control Signals

Photoinjector Laser
CPA NLO

Real-time diagnostics do not need to be human- I
readable i
|
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Channel

But humans know how to read the important
minor features e T ity 4 L
N\l

Chicane

Compression = reduction to those features
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Multi-modal signal interpretation Undulators
. CookieBox for fast classification

. XtC&V/PaSSiVG Streaker for Constraint a) STCAV Measurement b) XTCANVOMIII-ggis:Jement c) XTCAVLgn;izurement d) X-ray Temporal Profile
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Actual Self-Adaptation -

Even on FPGA

Real-time learning +
Ultrafast inference =
Autonomous Revolution

Context control = Agency for Al

. SNL allows for weight updates in real-time
on FPGA

. Weights are trained on remote LCF e.g.
Frontier ALCC project LRNO45 (DIII-D
forecasting)

. But honest autonomy requires bi-directional
real-time exchange between the sensors,
the controls, and the LCF.
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L. Scomparin et al., “Preliminary results on the reinforcement

learning-based control of the microbunching instability” (2024) 15

IPAC doi:10.18429.JACoW-IPAC2024-TUPS61
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Autonomous Decisions - The Light Source Ecosystem

100s of meters of optical fiber between The Hutch and The DRP.

The Data Flow Rea“ty Event Building is a luxury that users take for granted

LCLStream crosses
Blood—Brain Barrier

E i tal End-stati Data Reduction Pipeli i
e e T e oRe Fast Feed-back o-200
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Autonomous Decisions - The Fusion Ecosystem

U.S. DEPARTMENT | Office of

At the tokamak (eventually) cENEECHIS Ee
° 1 k Cc h anne I S at G S pS rates Title: Real-Time Adaptive Disruption Forecasting at DIII-D
Principal Ryan Coffee (SLAC National Accelerator Laboratory)
* 2Byte/sample = 2TBps R ,
Co-investigators: David Rogers (ORNL-NCCS)
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Triumvirate for the Win

Decision Support Diagnostics

The DIII-D ELM identifier is itself multi-modal
. BES is an imaging modality highest sample rate

. Filterscopes are point detection but uniquely
see ELMs

d Interferometers are ultrasensitive belt &
suspenders

2 interferometers

— DIII-D archive

up-sample
each signal
to 1 MHz

3 filterscopes BES

rescale half of
channels by 2

Incarnation of a mixture of different experts

first order time average
derivative then abs 64 channels
percent}le filter threshold
by signal i
>0.997

N

/

convolution
— smoothing, —
100 ps kernel

ELM candidate

Finn H. O’'Shea, et al., “Automatic identification of edge
localized modes in the DIII-D tokamak” APL Mach. Learn.
(2023) 1, (2) 026102 https://doi.org/10.1063/5.0134001
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An Important Destiny to Control

LCLStream crosses
Blood—Brain Barrier

Orthogonal Views on Fusion

Y —
Time Series
Breaking through silos, linking Waveform
across Labs, and partnering with Imaging ﬂ

industry

Remote HPC-based Digital Twin

. LCLStream model for

Edge-to-Exa streaming > lgg;s; @—
—0)
. INTERSECT enables
. \ /
eographically remote
geograp y B Sensor Control
autonomous control oA B T Signals and Twin
. 4':' 1 A Z". Constraints
*  Embrace industry o &=, _6®) Multi-sensor
coIIaeratlon for d_|rect @g{% ’Q ’ Heterogeneous Ensemble of Fusion Model
coupling of sensing to — % Models on Heterogeneous
inference acceleration "\ % % Archectectures '

Analog Tokamak Controls

& XILINX @
SLAT CCRNAMI nviDIA.

Intelligent Computing




Fitting the Pieces Together for the Ecosystem

S h ove | -rea dy CO m p onents '( Secure Scientific Service Mesh (S3M)
& 0003,7: [ streaming ] [workflows ] [ status ] [ compute ]
*  Focus on what we have rather than what we want i ol 7 e p— —<
. Users P h = OLCF Computing
. Interconnect modules rather than boil the ocean o <S------> m — @;g y — Enclaves:

*  Must break down rivalri com oy, Login Node )
ust brea own rivalries L 40t/,e;t~"ira¢°r Scheduler & QoS Seeker |NFgelglil=1g
e ~ T IR T TR TTTTTY Reservation

*  Thisis the time to burrow under silo walls Compute i ~a | [ = ][ > ]
Devices Dat;lgtre';;;inlgull\'llodes Bataisueam ° J)

.S. DEPARTMENT | Office of

of ENERGY | science !
1

Open Security Enclave | ~| Moderate Security Enclave |
1

Title: Real-Time Adaptive Disruption Forecasting at DITII-D
Principal Ryan Coffee (SLAC National Accelerator Laboratory)
Investigator:

Co-investigators: David Rogers (ORNL-NCCS)

ALCC Allocation:
Site(s): Oak Ridge Leadership Computing Facility (OLCF)

Allocation(s): 350,000 on Frontier

Research Summary: 3
This project will extend an existing statically trained machine-learning based disruption prediction model ACE Testbed
for tokamak fusion reactors by leveraging a meta-learning method for fast optimization of the plasma state
forecasting model and also leveraging an encoder/decoder model that accommodates a dynamic
quantization scheme. The quantization will be optimized to explore the space of model and feature
encoding. This exploration will inform decisions about reduced fidelity diagnostics that would remain

sufficient for a reactor regime tokamak state prediction consistent for energy on the grid. Development - Production

Production - Leadership Computing

2025 ASCR Leadership Computing Challenge Award
o1 A Etz, Rogers, Brim, et al., “Enabling Seamless Transitions from Experimental to

DN Production HPC for Interactive Workflows” arXiv:2506.01744v1 [cs.DC] 17



Future-proofing the Ecosystem

Inherently Multi-Party

. Security with Shared Resources/Orthogonal views
. Interconnecting secure enclaves with open cloud
. Design for “Collaborating Competitors”

° Generates key set: Secret Key, Encryption Key (Pub1),
and Evaluation Key (Pub2)

° Sends Pub1, Pub2, and Control Directives to Labs

CeRNAMI

e Send Pub2 to Data Facility

o Encrypts AES key using Pub1, sends to Data Facility

Control

Experimental User
Facilities (Semi-trusted)

2
° Encrypts metadata using Pub1, sends to Data Facility e Fuk2
_ § [ |OECE
o Encrypts data using AES key, sends to Data Facility oo °
8) <
Transciphers data from AES to FHE, computes - e E @«
analytics using Pub2, sends FHE-encrypted analytics </> e E @ ‘ Leadership Computing
results to Aggregation Platform [, | ] Facility (Untrusted)
Performs analysis on aggregated results, sends final Control
FHE-encrypted result to Lead Institution Directives - -
o=-Jo-DITL -AB 2 | & =
Decrypts results w/ Secret Key, updates Control u 2 Q Pub2
Directives for next data period :@: oo @ E
'|= D Mea oo _| O
- B- N
- (s J-TOREd
N
e as </> o0t
o Lead Institution E / 0 E @
AESkey  Metadata Data L
Generated Keys Control Y'Y
Private Public e [
+ (3]
FHEPubLKey  FHE Pub2 Key Pub2
Encryption  Evaluation > : oo
P [=e pe7_|OE
4 & oo las oG
E < 0=
ASSkey  Metadata  Data L

Intelligent Computing
Facilities (Untrusted)

LI ] - LI
AN
Lead Institution @

(Trusted)

(All arrows repi

-secure TLS

over pi

Coffee, Rogers, Ligeti et al., in prep




How I learned to stop worrying...

X-Ray Laser: DOE BES - Eliane Lessner
Dance of Shadows DIII-D Fusion: DOE FES — Matt Lanctot
S3Al: SLAC LDRD & PD - Chi-Chang Kao, John Sarrao

Although beautiful, a single shadow
does not well represent the dancer

Multi-modal signal interpretation

. Every sensor is responsible
for its own brutal parsimony

. Nature abhors redundant
arrays

. Autonomy requires a rich,
diverse, and efficient sensor

environments : .
Shackled in our cave, we must conspire

. It's all for naught if you have ;
oy together to infer the dance

to deliberate every move ...
latency really matters




Thank You! '
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Now let's get *
crackin’

coffee@slac.stanford.edu
el ‘h NATIONAL

1 ———-@® ACCELERATOR

b NN\ | 7BORATORY

Stanford 2% US. DEPARTMENT
University l\\@ f ENERGY




	Slide 1
	Predicting the energy revolution = SwarmAI explosion
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Autonomous Streaming Decisions – The CookieBox
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20

