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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?



Intelligent electronics™ substrates progress over time
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Conventional computers

DRAM

Brains

Taken from Abu Sebastian’s slides- ISCAS 2025

SRAM

CORE

Custom DL accelerators

PE PE PE

s>
PE PE PE

DRAM | <
Y PE PE PE

« Parallelism
 Less precise arithmetic

In-memory computing (IMC)-
based DL accelerators

IMC Cores

SRAM

Digital Processing Units

 Massive parallelism

« Less precise (potentially
analog) arithmetic

* In-place computing

We have been progressively incorporating brain-inspired attributes
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1) IMC periphery overhead is exj Macro-Level Breakdown of Energy and Latency
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“Intelligent” systems: current challenges on the system level

1) IMC periphery overhead is expensive.
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1) IMC periphery overhead is expensive.
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“Intelligent” systems: current challenges on the system level
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Also...IMC array size is limited due to parasitics.
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IMC architectures.

2) But... data moves again in routers...

S. Jain et al, IEEE TVLSI 2023
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1) IMC periphery overhead is expensive. Macro-Level Breakdown of Energy and Latency
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Keep connectivity local.

As it turns out, that’s also what the brains do.

& Do more computation within a macro: Enrich computation.
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Macro

Keep connectivity local.

Enrich computation.

Micro
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Dendritic structures enrich Local connectivity enables
computation locally. scalable efficient architectures.
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Soma: Dendrites:

* (leaky) integrates the input * Receive the input

» applies thresholding function (f) « Spatio-temporal pre-processing
* generates the output
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What are dendrites and why should you care?
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= = l.e. multi-state dynamical system
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What are dendrites and why should you care?
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Note: Position of input along the tree impacts the arrival time at the soma.
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K. Boahen, Nature 2022

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

Key operation:
« multiplicative input-dependent gating
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DenRAM: Modeling dendrites as passive cabels
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D’Agostino*, Moro*, Torchet*, et al, Nat. Comm. 2024



DenRAM: Delays improve acc. and param. efficiency

Task: Spoken digit dataset
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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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“Were RNNs all we needed?”, Feng, et al, 2024
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MGRADE: minimal Recurrent Gate + Delays

Model: Task: Long Range Arena (LRA), GSC
MGRADE: Gated recurrent + delays
LRA:
=(] synapse Suit of multi-time scale sequence tasks
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Torchet*, Metzner*, et al, Arxiv 2025



MGRADE: Results
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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

Torchet*, Metzner*, et al, Arxiv 2025
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Christian Metzner
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Model: Task: Long Range Arena (LRA), GSC
MGRADE: Gated recurrent + delays
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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
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How to build this in HW?

36
Torchet*, Metzner*, et al, Arxiv 2025
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MINIMALIST: SC circuits for IMC of gated recurrent units
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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

100 1.2
98 [ 1.0
B2
‘; - 0.8
§ 96
= - 0.6
o
< 94
7 - 0.4
92 0.2
90 - 0.0
quantized =~ HW-compatible
W f32 i2 i2
b f32 i6 i6
A 32 32 i6
oh e I I
O'f e e a
a h ./ / 1
Zt = O'(Wz$t) ]

Billaudelle*, Kriener*, et al, ArXiv 2025
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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 I Part Il:
Dendritic structures enrich Local connectivity enables
computation locally. scalable efficient architectures.
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Part Il

Local connectivity enables

scalable efficient architectures.



Brain connectivity shows a small-world topology.
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a Measurement
= @
5 e ®
— &
£ e ‘.\.X
L —— Q & ~ . N
Z\ ./ \?N‘.‘/ r\‘.
~ Neural unit o 50 \2
Example: white matter tract; (via diffusion tensor imaging) Adjacency matrix Structural brain network
« Small-world topology:
« Strong local connectivity and sparse global connectivity
» Short path length and high clustering: Information spreads very fast in the network.
« Connectivity matrix: sparse and only dense around diagonal connections
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Mosaic architecture

* Mosaic follows similar connectivity profile to the brain’s connectivity profile.
* In-memory compute core used as high-clustering nodes.
* In-memory router nodes used for sparse global connectivity.

RRAM is used as the memory for both compute and route.

Dalgaty*, Moro*, Demirag®, et al, Nat. Comm. 2024
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Local connectivity reduces the communication distance.
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One Mosaic tile
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Part Il: Summary
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« Localizing connectivity brings power advantage.
Mosaic: the first fully RRAM In-Memory Compute AND route chip!!

Stateful computation brings advantage in masked environments.

Compilation and placement becomes important.
Co-design is important.
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