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1. CryoAl Overview & Motivation

Prototype SoC for machine learning applications
o  Autoencoder: Early anomaly detection
o Use case: Industrial failure prevention (audio)
o  Quantized training

e Cryogenic environment

e New system-level design flow based on:
o  HLS4ML (Siemens Catapult backend)
o ESP

e Based on a modular tile-base architecture

o LP 32bit RISC-V microcontroller (Ibex)
256kB SRAM scratchpad
18K-parameter Al accelerator
Auxiliary circuitry for 10 handling
Tiles interconnected using NoC

o O O O

e GF 22nm process (22 FD SOI)

/ 256 kB SRAM \

Data storage: Anomaly detection ML
8x(8192x32b) . :
16kB SRAM '
Boot: ° °
4x(4096x8b) 18k-param AE ~> qKeras
[ On-chip mem tile ) NoC NoC Accelerator tile ]
) (
[ CPU tile NoC NoC 10 tile ]
J (N
LP - Ibex 32bit
RISC-V Auxiliary 10 signal
processor handling

G

Fig 1. Diagram showing the four tiles
composing our architecture.
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2. Modular infrastructure close-up

e CPUtile

o RISCV Ibex 32b pcontroller [2]

LOW-RISC (formerly, p-riscy)
RV32IMC instruction set
Highly parametrizable
Designed for minimal area
Very low power

Bare-metal

o  Program the accelerator

o  Constantly poll the accelerator to look for
completion of inference.

o  Compute MSE for anomaly detection.

e Accelerator tile
o  TinyMLPerf accelerator

Modelled and trained — gKeras
Designed with hls4ml
Synthesized with Catapult HLS

o  Contains its own DMA engine

Lower memory access latency

Instruction Mem
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RTL wrapper (FSM)

Accelerator Tile
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2. Modular infrastructure close-up (ll)

e Memory tile (Scratchpad)
o Integrated on-chip SRAM
m Fast exchange of data
m  High reliability
m  Accessed by all other tiles by read/write
requests

o Ultra low-power (0.5V)

o 256 kB Data memory:
m 8x(8192x32b) SRAM
m  CPU general ops mem

m  Accelerator data (Inputs, Outputs,
Features, ...)
m  Stores main program

e |Otile
o  Brings data in/out chip
o Handles voltage level conversion
o  Boot operation
o Handles Wake/Reset CPU
Wake-up Write ACC Invoke
Reset CPU inputs to > CPU
(soft-reset) SRAM -
. : Read ACC ACC
e —> iz \ outputs [« inference
SORHOEEET program from SRAM on inputs

o  16kB Boot memory:
m 4 x(4096x8b)
m Stores simple bootloader

Fig 2. Diagram showing the normal operation of our chip for data inference
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Reconstructed
MFC

Neural network architecture: L . ¥
Autoencoder (18K parameters) SFTF MFC MFC

7 dense layers '
Ref. model 270k parameters (AUC 85%)
Quantization 10b W&B — AUC 83% ‘

3. Al model & application Source [6]

Source [7] Relk

, : i i \ \ / / 128 inputs
i e b il \;%}QXQW
Based on MLPerf Tiny v0.5 [4] _ .é‘ii.w‘\\;?"\. =
e Benchmark for ML embedded devices . _ N b/ nodes
performance on-edge 10 Receiver Operating Charactensfi }%‘\ .64 E |Z|
e ToyADMOS dataset [5] (audio signals) - ST nodes
e Pre-processing: 08 1
o  Short-Time Fourier Transf. (STFT) y 2 8 nodes ] [A]
o  Mel-frequency Cepstrum of PWR ¥ %¢] — Gkeras AUCm 0 = 0.8
= ‘,»" === hisAUCm 0=08 64
. 8 04 1l gkeras AUC m_1 = 0.84 nodes E |Z|
Anomaly detection: 80 r — his AUC m_1 = 0.83
e Recreation pf MFC features 0o I ::(se»r:UsCAr:fzm:_ 20 : 10_72 RN
e  Badrecreation — Anomaly e — qkeras AUC m_3 = 0.85
-~ hisAUCm 3 =0.84
0'00,0 0'2 0,4 OIG 078 10 © 000000128 outputs

False Positive Rate
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C++
4. System level design flow ;

gKeras

_ . . (-py, json, — hls 4 m| ——
Our flow is based in two main components: .h5)

e HLS4ML [8] for accelerator translation:
o gKeras ~> C++

Catapult®

q_ Top level

e ESP [9] for automatic tile RTL generation
Ibex RISCV
Accelerator tile wrapper

o O O O

Memories General soc Py Cache
virtexup Use caches: )
Core: ibex —
SIS —I Implementation: SystemVerilog —
No JTAG
Eth (192.168.1.12) Shared Local Memory: | L2 SETS: 512 —
Use SGMIl
No SVGA KB pertile: 1024 — L2 WAYS: =
With synchronizers LLC SETS: 1024 —
n Datatranerers: | ucwavs 8=
his 4 ml 1:{‘]: B ] C Bigphysicalarea | pcc g 5rs: s
“ Scatter/Gather
O PyTo rch ACC L2 WAYS: =
HLS Noc tion Noc Tile Configuration
Design Rows: [ cols: 2 ©,0) ©1
g Config sim — ENCODER HLS4ML  — [Impl.: dma3zw32 —
Flows
r I~ Monitor DDR bandwidth T ENCODER_HLSAML.
I~ Monitor memory access. -
Vivado HLS P= bicogiecioate & | clkReg: [0 5 r I HasL2 | ClkReg: [0 3 &
e i = [ 3 I~ Monitor router ports =
ratus HLS EG:' 3 I Monitor accelerator statt 1.0/ a1
Cataput HLS [~ Monitor L2 Hit/Miss. il = L =

I~ Monitor LLC Hit/Miss

Prototyping =

S— Num CPUS: 1 7 | ClkReg:fo & B i CkReg: [i5 i
N Num memory controllers: 0 (2,0 @

> Num local memory tiles: 2
= il an = EncoDgR HLsaML [ impl_ama32 w3z —

Num accelerators: 2 o

Sos b QCQV sim ENCODER_HLS4ML.
SW Build & < Num CLK regions: 1 ) .
Num CLKBUF: 0 clkReg: [0 3 1 [ HasL2 | ClkReg: 0 2

VF points: |

SW Library — .
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= Linux apps
.7 bare-metal apps
device drivers

cHISEC RTL
Design >

T S

grsenieciop Flows ) ’

third-party
accelerators’ SW
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5. Digital implementation on 22nm

Digital flow:
e GF 22nm process

e Use of SLVT devices — Speed bottleneck (1GHz)
e Forward body-biasing (FBB) required:

o  Cryo temperatures — Increase in Vth

o FBB — Compensate Vth

o  Operate devices at lower voltage
e Currently investigating:

o  How low can be bring the voltage down?

» Forward BB (FBB) enables low
voltage operation down to 0.4v 2V to +2V
without speed loss Body-Biasing

« Reverse BB (RBB) enables
low leakage down to 1pA/micron

» Dynamic body biasing enables
active tradeoff of performance
vs. power

= Can be used to reduce
variability across the die and/or
die-to-die
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6. Current status 3 mm .

A

R e
AR
CryoAl chip specs. Version 1.0 ; IR (RALLE,
s g 1 ]
— B u
e Chip received in Apr 2022 ; ! Bed li '

e Final size 1x1.2mm
o [ our chip (1x1.2mm)

e Integrated in a multi-project chip
o  Independently tested

s l‘lllll

1 ﬁn§§

ST

O U

‘m

e PCB designed for testing purposes

Cryo testing:

e Determine operability at cryo temps
o 4K cryostat

ww g
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7. Conclusions

How does this fit into quantum control for quantum computing?

e New design methodology
o ML applications

o  Cryogenic environments Scale by Integrating Control Electronics
o Low-latency cogil

o  Ultra-low-power ' Power budget

©)

Integrated architecture \ | @COTS cooler [N
300K

Digital 1/0 el
“Quantum Assembly” ! L
Digital | g
W
: .
i i\

e Quantum applications can benefit from this flow.

/!
‘.

3K =

e Flexible to be adapted to other ML applications. &

e Alternative to mitigate the wiring problem

wiring

Interconnect +
Thermal isolation

10 mK

box+ ‘amp&
mount _filters
Q. hardware

il Mount+ SFQ Logic + MUX + Drivers
: Q. hardware

n Google Al Quantum
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