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Towards Intelligent Control

Lorenzo Saccaro

SENSORS

ACTUATCRS

SENSORS
DAG

Meaningful
compression

FARAMETERS DATA DENCISE
DISENTANGLEMENT RECOVERY

%

- &

5o o
”341;1 WS

@I EEE @
NPSS saioidos:

125t

MODELS

7

STATE
Aggregation

Physics ML
PRIORS CONTROL

SENSORS
DECIMATION

Y

FEEDBACK
AMPLIFIERS

Global state
feedback

RFX LEGACY
CONTROL

Anomaly
detection

N

25t |EEE Real Time Conference - May 25-29, 2026



@ SIS Py
1EEE @ Jfef-2
NPSE o 4

N

12320

Towards Intelligent Control
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oo S| Foonor. || Full toroidal magnetic reconstruction:
Jl ¢ Equilibrium (this work)
* Perturbations
y— Current limitation:
E < * Toroidal model: accurate (offline analysis)
’ * Cylindrical approximation: for RT control
<
3 FEEDBACHK
= AMPLIFIERS
‘_&:J < Goal: low-latency NN surrogate of the
H ) toroidal model
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Toroidal Equilibrium Surrogate Model
Equilibrium Model Neural Surrogate
Assumptions: Approximate the non-trivial part of the flow map
* Plasma with circular cross section and hard-constrain the |.C.:
* Force-free (e.g. low- RFP = neglect pressure effect) \
* |deal shell as magnetic boundary YNN('!" )\) o Yo()\) 4 (i _ TU)NSW Learna?le
bl - b parameters

Using flux co-ordinates: Simple MLP architecture w/ ReLU activations

todo = a(r)Bg

o(r) = 209 (1 B 5)‘1 Database of experimentally relevant equilibria:

a a s a€[3,10]

Parametric system of ODEs: * 0y €[13,1.6]
dy « Ay €[—0.01,0.01]m
7 =f(y. 7 A). y(ro) = Yo(A)

]/ \, Training set:

y = [BY,BY, AN BS. BY] A= a.0.Ay] « Parameters sampled on regular grid (101x101x11)
i * 100 equally spaced pointsr € [rg, 'max]
Shift of .
MEASUREMENTS surface * 100k params triplets uniformly sampled
* 250 uniformly sampled pointsr € [rg, 'max]

Inputs to NN mappedto [0, 1]

Lorenzo Saccaro 25t |EEE Real Time Conference - May 25-29, 2026



Architecture Optimization

hyperparameter optimization framework e —— Smoothed Pareto trend
e Pareto-optimal trials
Multi-Objective Optimization (MOO): 10-5 | All trials
* Trade-off network size (# of parameters) vs Validation ! True Pareto front
Mean Squared Error (MSE)
*  NSGA-Il sampler: well suited for MOO ﬁ
«  Depth (1-5), Width (10-500) > °
* 1000 trials budget = \
) ()
= 1076 ¢
< 5 \,.
Takeaways: E ' \
* Accuracy plateau in the 6k to 40k params region [ .\
* Diminishing returns for larger models [ .‘3
* Shallow, wide architecture dominates low 10-7 L e o9
parameters region ; '.NQ-“.
~.~.p...".
102 103 104 10° 106

Network Size

Lorenzo Saccaro 25t |EEE Real Time Conference - May 25-29, 2026



Architecture Optimization

hyperparameter optimization framework

Multi-Objective Optimization (MOO):

* Trade-off network size (# of parameters) vs Validation
Mean Squared Error (MSE)

*  NSGA-Il sampler: well suited for MOO

* Depth (1-5), Width (10-500)

* 1000 trials budget

Validation MSE

Takeaways:

* Accuracy plateau in the 6k to 40k params region

* Diminishing returns for larger models

* Shallow, wide architecture dominates low
parameters region

Selected candidat

: -tayer
networks with 280 and 490 units
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o - Smoothed Pareto trend
e Pareto-optimal trials
All trials

True Pareto front
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Quantization-Aware Training

32-bit floating point (FP32) 10-s |
i EL10—10 E
H G Q H n-bit fixed-point precision o
10—12 L
3x10° +
High Granularity Quantization: g 0
* Heterogeneous quantization (down to 3x10°
individual weights / activations)
1073 ¢ —— MSE + - EBOPs
* Hardware-cost proxy: o Validation MSE
2 107*
Effective Bit Operations (EBOPs) 80
* Bit-widths optimized via gradient descent © s |
e Training loss: MSE + 3-EBOPs
3] 1073
. . (£
Training Strategy: 100 o
e Start with pretrained FP32 network o L Validation
* Fixinputs and outputs precisions 5x107 |
* Vary B during training via scheduler g
« Use cosine annealing with warm restarts for £
the learning rate § "
e 6 10.00 20l00 30l00 40.00 50l00
Epoch
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Quantization-Aware Training

32-bit floating point (FP32) oo | 1074 ¢
i @ 10—10 b
10711 ¢
n-bit fixed-point precision : ¢
HGQI " " i
3x10° é ﬁ i
£ < ?
. . . . o 5 H=]
High Granularity Quantization: g E \
* Heterogeneous quantization (down to 3x100 : . | . . 1076 | —
individual weights / activations) —— Smoothed Pareto front \!
10-3 | —— MSE +B-EBOPs e Pareto-optimal epochs \:
* Hardware-cost proxy: o Validation MSE All epochs 3
Effective Bit Operations (EBOPs) 3% 100 10° 3% 10°
* Bit-widths optimized via gradient descent » EBOPs

" Training loss: MSE + - EBOPs QAT run traces a Pareto trajectory:

gy 1077 * Initial EBOPs reduction and increased loss
Training Strategy: 210_4 . . Gradugl recovery of accuracy with limited
» Start with pretrained FP32 network o L - }Tf;lai?ation , , , , EBOP increase
«  Fixinputs and outputs precisions Sx 10| Explore new regions with different 3
* Vary B during training via scheduler g schedulers:
* Use cosine annealing with warm restarts for g * Conservative (focus on precision)
the learning rate g . Aggressive (focus on EBOPSs)
. 6 10.00 20l00E h30l00 40I00 50l00 ° MOderate (mlddle ground)
poc
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Heterogeneous quantization results

1072
Units - B Sched.
= 490 aggressive
* 490 conservative
= = 490 moderate
280 aggressive
= = 280 moderate

H -=== 280 conservative
. ——- 490 FP32

280 FP32

100 == e = -

10—6 -

Validation MSE

1077
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Heterogeneous quantization results

1075 ¢ h d Bias 1 Bias 2
UIlltS - SC ed. (280) Activation (6)
1 B . [ {00 DT OO COIAATTC T W TPDUTT —rtctoh 13
| = 490 aggressive ] ﬁ
I + 490 conservative | 10
| = = 490 moderate . S
. : —— 280 aggressive ! E
%) l = = 280 moderate Z S
= 1 ===« 280 conservative 3
8 1076 | A ——- 490 FP32 - :
= ——- 280 FP32 0
e} Kernel 1 Kernel 2
% (4x280) (280%6)
>
Bias 1 Bias 2
___________________________________________________ (280) Activation (6)
10-7 HIERNEERNeEemm 13

* Pruning recovered EH-I.H 2
* Inner weight matrix more compressed :
* Outer weight matrix retains higher precision .l.“- ;
 FP32-level performance achieved with a 2x (x330) (380%6)

EBOP reduction
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HLS Conversion: Resource and Latency Estimates

Firmware implementation of ML algorithms Il DSP
hls 4 mI using high-level synthesis (HLS) 490 Aggressive mm LUT
s FF
. ... s - C-TTTTTTIITTIIITIIl
Automatic precision inference: 490 Moderate
* Bit-exact with HGQ model
* No need for manual tuning 490 Conservative Fm s S S S DD I CIIIICIIIIIIIIET
Target minimum achievable latency: 280 Aggressive
e Latency strategy
* io_parallel
* 10 ns clock period 280 Moderate
* Mayincrease resource usage
280 Conservative e — — — — - - — - S S DS DT T Hl Vivado Synth

=71 C/RTL Synth

Achieved latency (single inference):

40 50 60 70

. ns./aggr. 30 ns lock L
. ;28;228 fnoocT. 23(5)% is (2 cloc(:?(f:;ccles)yc ) I~ Utilization (%)
' Target device: Kria K26 SOM
Fully pipelined in all cases (I1 = 1) « DSP: 1248
e LUT: 117k
Selected NN for hw implementation: 280 conservative * FF:234k

oo
oM
(wey
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Profiles Reconstruction

RFX-mod SHOT #29474 t=0.061s: a =8.192, 8,=1.371, A,=-0.001, /,=1.498 MA

Numerical solution
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Equilibrium Poloidal Flux Map W(R, 2)

NN-FP32
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NN-FP32

NN-HLS

Average profile error < 1%
Only spikes when reference quantity > 0, or
outside plasma radius
Largest flux-map deviations occur in the core

e o o o B = omoe
[N ST =T R N )
|wmodel - u}numlllwnuml [%]

o
S

N
—
)
)
)
%, o o

3
&

Luzgp e

0.5301
0.4712
0.4123
03534 _
0.2045 %
023565
0.1767
0.1178
0.0589
0.0000



Radial Position of Rational Surfaces

T‘BQO m

"~ RBy n

Rational surfaces: q(r)

* Resonant (mainly tearing) modes inside the plasma

* Accurate positioning key for perturbation reconstruction and =

control purposes

* Errordistributions computed over 500 RFP equilibria for the most

relevant modes

020 T
0.15]

0.10
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image credits: https://doi.org/10.1088/0029-5515/51/9/094023
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Units
1 490
1 280

B scheduler

[ aggressive
EZd moderate

E=3 conservative

Rational Surface

qg=1/8 | 11

X3 FP32

Lower Upper
Quartile Quartile

— [

Min Median Max
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Final Hardware Implementation

Realistic wrapper implementation:

* Slowly varying inputs (a, ©,, A,) received via AXl4-Lite

* 21-pointradial scan from internal fixed LUT

*  Qutputs streamed via AXl4-Stream to downstream NN HLS cores or
back to the processing system via DMA

Post-implementation timing simulation:
* Fullradial scan latency: ~300 ns
* ~500 nsincluding input readout

FP32 model:
*  Optimized implementation + JIT compilation (hnumba)

* Average latency: 86.2 ps (5.0 pys std, 105.6 ps 99t pct)
 =280x speedup

@IEEE @

NP5 e

axi_smc
2 TSI pSE_ 0 BoM . L | 4 500 AXI l?l r
i lk EoE MOD_AX] oo ‘_

Slenwesk Syric. ik b, reset = " = AT +
ext_reset_in bus_struct reset{0:0] . = [

L -
aux_reset_in peripheral_reset[0:0] AT G B CaRmas 12 &
mb_debug_sys_rst interconnact_aresetn[0:0]
dem_locked peripheral_aresetn[0:0] UltraSCALE+
- . L

Processor System Reset

psB_0_axi_periph

i+
{4 s00_AXI
il 4= S01_ANI

ACLK
ARESETN
500 ACLK

—n -
500 ARESETN _ 2 _ MOO_AXI 4
MOO_ACLK MO1_AXI + (i
Xn

Moo areseTn M
MOL_ACLK
MO1_ARESETN
501_ACLK

501 ARESETN

AXI Interconnect
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myproject_wrapper_0

Myproject_wrapper (Pre-Production)

axi_dma_0

+ 5_AXI_LITE

L3 + 5 AXI5 S2MM M_AXI S2MM -t
ite_sclk s2mm_prmry_reset_out n
mm_ac k s2mm_introut
n

AX| Direct Memory Access




Conclusions

Summary

Compact quantized NN surrogate for toroidal

equilibrium reconstruction:

* Accurate reconstruction of magnetic field profiles
and Shafranov shift

* Preservation of key physical quantities

FPGA implementation meets real-time

requirements:

* Fullradial scan completed in the sub-microsecond
range

* Large latency and resource margin to accommodate
larger and/or additional models

Demonstrated an end-to-end workflow that
transforms a computationally expensive
physics-based model into a low-latency FPGA
accelerator

Lorenzo Saccaro
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Future work

Complete full magnetic reconstruction chain:
* Extend surrogate approach to perturbations
* Integrate with magnetic measurements

Enhance physical consistency of NN

predictions:

* Improve smoothness and derivative consistency of
reconstructed profiles

* Add PINN-like regularization terms: penalize ODE
residuals using automatic differentiation

Improve deployment workflow:

* Combine architecture optimization and quantization

* Constraint bit-widths to boost hardware efficiency
(LUT/DSP usage)

12
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Thank you

Questions?

lorenzo.saccaro@igi.cnr.it
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