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Macro Animal behavior:
Sensing, perception,
action

Brain regions and
their organization

Sparse network arch.

Dendritic feature detection ?%

Synaptic filtering

Micro
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Brain is a proof of existence for intelligent systems.

(How) can these brain structures bring efficiency/generalization to
intelligent electronics* substrates?
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In-memory computing (IMC) -

Conventional computers Custom DL accelerators
based DL accelerators
B B IR
CORE
> > >
<C P PE PE IMC Cores
DRAM | & DRAM | < <C
? PE PE PE @
Digital Processing Units
Brains A Parallelism A Massive parallelism

A Less precise (potentially
analog) arithmetic
A In-place computing

A Less precise arithmetic

We have been progressively incorporating brain-inspired attributes

Taken from Abu SIEGAS2X®5 ands slides
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1) IMC periphery overhead is expensive.

Layer i

—Forward—
. i A

o

S. Yu, et al, IEEE CAS magazine, 2021

Layer j+1

IN[0]

®_ =

Mapped to
Memory

O— L

IN[N]

Ctrl

WL Driver

50 QRRAM| ] ADc ] Router
AU Register

Area Power
65 nm

Design

X. Wang et al, IEEE TCAS 1l 2022

()
Power (W)

o o o

.
o
o v o

o w

10



University of
) Zurich™

zuri

Al ntelligento systems: current

1) IMC perl phe ry ove rh ead IS eXp en Slve ) Macro-Level Breakdown of Energy and Latency

During 4b x 1b Computation [ResNet18]

Layer i Layer j+1 | SLUBL Fioad 2.0 —] 33? de(lty Ion::rco?é\ecl Er;ergy - 120 5008 EEAM = AE:C E Router -0
—| eader T i L] ers (Latency| ers (Energy) egister
Forward > 6T SRAM Bitline delay ADC Energy - 100 4501 9 5
i [ ] 1 I NOR delay Adder Enel = aool
/ - Adder tree dela -80 g ~ .0
N3 c T &350F e~
W IN[O] =14 L60 B 53
4 — m S E_SOD - =
) N | g a F40 & g2sof 0%
Mapped to = 0 =
Memory ; ‘ \ . L 20 <200p 50
< — - i
@ % mmmm e 0.0 o a %) 18 =10 123 0
—_— W, ' B
z ININ] e HEE g HBEE g sof 5
. w0 — — HHEH R HEE i = .
° ® : =]= = =l= = Area Power Area Power Area ’
* L Critical Delay Energy 65
22 | 7 [s|af2[1] 22 | 7 |s][3]2]1 nm Desi
@ Winn O Shift-Add Technology Node (nm) esign
Lee et al, IEEE TCAS | 2024 X.Wang et al, IEEE TCAS Il 2022

S. Yu, et al, IEEE CAS magazine, 2021
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Macro

Keep connectivity local.

Enrich computation.

Micro

19
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Dendritic structures enrich Local connectivity enables
computation locally. scalable efficient architectures.
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Layer i Layer i+1

—Forward -
\

Soma: Dendrites:
A (leaky) integrates the input A Receive the input
A applies thresholding function () A Spatio-temporal pre-processing

A generates the output

22
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What are dendrites and why should you care?

Soma /}A
‘

\
N
/ Y [E
T9T:Y |
f% TE AL A —36

= = l.e. multi-state dynamical system
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What are dendrites and why should you care?

~.

29

Iz 2

Note: Position of input along the tree impacts the arrival time at the soma.

= == Iéi .

HH

Ti9Til

HH

Ti9 T8




u University of

K. Boahen, Nature 2022

A Sequence detection:
A Each dendritic spine acts as a gate for the next.

A Key operation:
A multiplicative input-dependent gating
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DenRAM: Modeling dendrites as passive cabels
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DenRAM: Delays improve acc. and param. efficiency

Task: Spoken digit dataset
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On BrainScaleS-2 Neuromorphic chip - HW emulation
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Learning delays and weights
using chip-in-the-loop training

number of hidden neurons

30
Pehle*, Billaudelle*, et al, Frontiers in Neuroscience 2022 Goeltz*, Weber*, Kriener*, et al, Nat. Comm. 2025
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Summary: (Learning) delays increase accuracy and reduce size!
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Torchet*, Metzner*, et al, Arxiv 2025
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Gated recurrent networks
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MGRADE: minimal Recurrent Gate + Delays
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Model: Task: Long Range Arena (LRA), GSC \ \ \
MGRADE: Gated recurrent + delays ey
LRA:
=(] synapse Suit of multi-time scale sequence tasks
[ spine Tas kListQpsoii result of a math ;
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Torchet*, Metzner*, et al, Arxiv 2025

LayerNorm

Channel Mixing - 2-layer MLP
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MGRADE: Results

mGRADE | |
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LRU Liquid-S4
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Christian Metzner

DSSSoﬂm ax

801
S4
Recurrence-based Models

® Temporal Convolution Models

® Our work

== On-chip memory of Google Coral

= On-chip memory of Syntiant NDP250

= On-chip memory of STM32N6

== On-chip memory of SiMa MLSoC

== On-chip memory of Versal Al Edge Gen 2

Avg. Test Accuracy (%)

757

o
-
|
o

2 4 8 16 32
Max. Memory Footprint (MB)

34
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Model:

MGRADE: Gated recurrent + delays
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2t = O'(WZ.’Et) )

ilt = Whﬂ?t

zy = (k *u)t]

Torchet*, Metzner*, et al, Arxiv 2025

Task: Long Range Arena (LRA), GSC

LRA:

Suit of multi-time scale sequence tasks

Ta s k ListQpso
2 .

Tas k
Tas Kk
Tas k
Tas k

Output

3:
4 :
5.

mGRADE
I

x N
I
mGRADE

— 1

; Encoder ;

Input

80

LayerNorm

Avg. Test Accuracy (%)

Channel Mixing - 2-layer MLP

75

[} T D R —— N—

® |l
I
I
I
I
I
I
11
Il LrRu
I

o result of a math

ANnText O: Binary sent AT C :
ARetrieval o: Ci't atTr'rFTtOPrmll?ﬁ"risﬂaBMe@Z“er
A | Hoyapxed image ¢Paissx e |

nPathfindero: FindheBflss Path in an
Network o 1L e
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Recurrence-based Models
@ Temporal Convolution Models
® Ourwork
== On-chip memory of Google Coral
= On-chip memory of Syntiant NDP250
= On-chip memory of STM32N6
= On-chip memory of SiMa MLSoC
= On-chip memory of Versal Al Edge Gen 2

8 16 32

Max. Memory Footprint (MB)

Delay convolutions model short-term dynamics
gating model long-term dynamics:

good inductive bias!

35



i %) University of
Zurich™

ETH:zurich

Summary: Input dependent gating + delays = light-weight multi-time scale
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Recurrence-based Models
® Temporal Convolution Models
Our work
= On-chip memory of Google Coral
== On-chip memory of Syntiant NDP250
== On-chip memory of STM32N6
= On-chip memory of SiMa MLSoC
== On-chip memory of Versal Al Edge Gen 2

Il LRU
I

Avg. Test Accuracy (%)

751

4 8 16 32
Max. Memory Footprint (MB)

How to build this in HW?

36
Torchet*, Metzner*, et al, Arxiv 2025
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MI NI MALI ST: SC cilrculrts for | M
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Closing the switch calculates the weighted sum: mix and stir .

Billaudelle*, Kriener*, et al, ArXiv 2025
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MINIMALIST: SC circuits for IMC of gated recurrent units
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Billaudelle*, Kriener*, et al, ArXiv 2025



Hardware aware training of MINIMALIST
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SMNIST Benchmark
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Part I: Summary

Dendritic structures enrich
computation locally.

Enriching neural network architectures with dendritic
kernels brings memory footprint and accuracy advantage!!

Co-design has been key in achieving this!
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Part | Part Il:
Dendritic structures enrich Local connectivity enables
computation locally. scalable efficient architectures.
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Local connectivity enables

scalable efficient architectures.



Brain connectivity shows a small-world topology.
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a Measurement

N " T s

Example: white matter tracts (via diffusion tensor imaging)
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Mosaic architecture >
AMosaic follows similar connectivity profile to

A In-memory compute core used as high-clustering nodes.
A In-memory router nodes used for sparse global connectivity.

RRAM is used as the memory for both compute and route.
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Mosaic architecture £58 288 widriver £58 Sel
WL
N““g‘l?j;rphlc TrueNorth®? | SpiNNaker®® | Neurogrid® | Dynap-SE* | Loihi® Mosaic
Technology 28 nm 130nm 180 nm 180 nm 14 nm 130nm
(0.775V) (1.2V) (3V) (1.8V) (0.75V) (1.2V)
Routing on-chip on-chip on/off-chip | on-chip on-chip on-chip
0-hop* | original 26 pJ 30.3nJ InJ 30p] 23.6pJ 400 fT °
energy | sct™. 130nm | 62.4 pJ 30.3nJ 160 pJ 13.4 pJ 60.416 pJ | 400 fJ
T-hop® | original 23p] T.1TnJ T2 nJ T7TpI(@1.3V) | 3.5p) Topl°
energy | sct. 130 nm 5.52pl 1.11nJ 8.35n] 17 p] 10.24 pJ 1.6 pJ°
1-hop original 6.25 ns 200 ps 20 ns 40 ns 6.5 ns 25ns
latency | sct. 130 nm 29 ns 200 ps 14.4 ns 28.88 ns 60.35 ns 25ns
Optimized for
Small-Worldness No No No Yes No Yes
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Mosaic architecture

Se

IWL

WL driver
N‘”‘“Ig’;‘j;rph“: TrueNorth®? | SpiNNaker®® | Neurogrid® | Dynap-SE* | Loihi® Mosaic
Technology 28 nm 130nm 180 nm 180 nm 14nm 130nm
(0.775V) (1.2V) 3VvV) (1.8V) (0.75V) (1.2V)
Routing on-chip on-chip on/off-chip | on-chip on-chip on-chip
0-hop* | original 26 pJ 30.3nJ InJ 30pJ 23.6 pJ 400 fT °
energy sct™. 130 nm 62.4 pJ 30.3nJ 160 pJ 13.4 pJ 60.416 pJ 400 fJ
1-hop® | original 23p] 1.11nJ 14 nJ 17pJ(@1.3V) | 3.5p] 1.6pl°
energy | sct. 130 nm 5.52pl 1.11 nJ 8.35n] 17 pl 10.24 pJ 1.6 pJ°
1-hop | original 6.25 ns 200 ps 20 ns 40 ns 6.5 ns 25ns
latency | sct. 130 nm 29 ns 200 ps 14.4 ns 28.88 ns 60.35 ns 25ns
Optimized for
Small-Worldness No No No Yes No Yes
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