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How Far Will AI Energy Consumption Grow?

2

Or can we make AI dramatically more energy efficient?



AI Energy Inefficiency Limits Its Best Applications

• Edge AI implemented in a medical implant could allow epilepsy

prediction, advanced BMI…

• But currently limited to elementary AI
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Yoo and Shoaran, 

Current Opinion Biotechnol., 2021



The AI Energy Problem Is a Memory Problem

• Neural networks: not a lot of arithmetics, 
but Huge volume of parameters

• In computers, GPUs, and AI accelerators developed by industry (Google 
TPU, Apple NPU…), memory access is extremely costly
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Operation Energy

Addition of data (fixed point) 1x

Access data (onchip cache) 60x

Access data (offchip main memory) 3500x
Absent in the brain!

Pedram et al , IEEE D&T 2016



The Brain Achieves High Energy Efficiency
by Computing « In Memory »

Controlled current

source

Ion channel

~5nm

~500nm

10,000 times more synapses than neurons!

Connection, memory,

nonlinear dynamics, 

Synapses
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Brain = a gigantic memory with some computation in the middle

No shared arithmetic unit



Integrating Logic & Memory Is a Considerable Challenge

• Only possible technology: Static RAM

• Even in “5-nanometer CMOS”, SRAM bit is 150x150 nanometers

• Leaky

• Volatile

• New Memories are coming to the rescue!
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Toward Energy-Efficient and Trustworthy Embedded AI: 

The In-Memory Computing Approach

➢ Cointegrating Logic & Memory for Low-Energy AI

➢ The Analog & Stochastic Paths

➢ Learning with Physics 

7



Memristor/RRAM: an Artificial Synapse!

• TiN/HfOx/Ti/TiN stack
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High voltage: move atoms to switch memristor between low/high resistance

Low voltage: allows reading the resistance

Low resistance High resistance



These New Memories Already Have a Market: 

Microcontroler Applications (NOR Flash replacement)
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We repurpose them as magic memory for AI!



Memristors Are Very Different From SRAM/DRAM

• Read is just as good as SRAM/DRAM

• Write is slower and write endurance is limited
• You need to move atoms!

• BER is typically ~ 10-6
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A Super-Robust Digital Binarized Neural Network

11Jebali et al, Nature Communications 15, 741 (2024)

Collaboration



Binarized Neural network:
A Low Precison Neural Networks
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Synapses {+1,-1}

Hubara, Courbariaux et al. NIPS 2016

Yoshua Bengio’s group

⋮

⋮

Binary 

Inputs 

{+1,-1}

Binary 

Outputs 

{+1,-1}
Our work :

Memristor as binary synapse



Robust Logic-In-Memory Feature:
Multiplication Within the Sense Amplifier
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Sense

Amp.

RRAM

matrix

(2T2R)

aprev0

input

Weisheng Zhao, … Klein, Querlioz …., IEEE TCAS I: 2014.

IEEE Guillemin-Cauer Best Paper Award

Jebali et al, Nature Communications 15, 741 (2024)

One weight:

Programmed as 

0/1 or 1/0



Self-Powered Operation
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Miniature wide-bandgap solar cell

Neuron value  𝑡𝑗 = 𝑓 σ𝑤𝑖𝑗𝑠𝑖

Under low illumination the circuit naturally switches to approximate computation 

Jebali et al, Nature Communications 15, 741 (2024).
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Illumination 8 suns 0.8 suns 0.08 suns

Accuracy 97.2% 96.9% 96.5%

Self-Powered Operation

Jebali et al, Nature Communications 15, 741 (2024).



Computing In-Near Memory Is Applicable
to Other AI Approaches
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𝑝 𝐷𝑖𝑠𝑒𝑎𝑠𝑒 | 𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 ∝ 𝑝 𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 | 𝐷𝑖𝑠𝑒𝑎𝑠𝑒 × 𝑝(𝐷𝑖𝑠𝑒𝑎𝑠𝑒)

Thomas Bayes

Likelihoods Prior

Constructed with expert knowledge+Data

Hard to Compute

Wikimedia

The Brain Might Be Using Bayesian Reasoning



The Memristor-Based Bayesian Machine
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RRAM

TE

BE

Harabi, Hirtzlin, Turck et al, Nature Electronics 6, 53 (2023)

1000x more energy efficient than microcontroller unit on gesture

recognition & sleep cycle recognition

Collaboration



The Memristor-Based Bayesian Machine
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O1 O2 O3 O4

∝ P(Y=1|O1,O2,O3,O4)

∝ P(Y=2|O1,O2,O3,O4)

∝ P(Y=3|O1,O2,O3,O4)

∝ P(Y=4|O1,O2,O3,O4)

P(O1|Y1) P(O2|Y1) P(O3|Y1) P(O4|Y1)

P(O2|Y2) P(O3|Y2) P(O4|Y2)

P(O1|Y3) P(O2|Y3) P(O3|Y3) P(O4|Y3)

P(O1|Y4) P(O2|Y4) P(O3|Y4) P(O4|Y4)

I/O Pads

P(O1|Y2)

RND1 RND2 RND3 RND4

Digital Control Unit

P(Y=4|O1,O2,O3,O4) ∝ P(O1|Y=4) ×⋯× P(O4|Y=4)

Harabi, Hirtzlin, Turck et al, Nature Electronics 6, 53 (2023)



Integration of a Memristor 

Bayesian Machine with a RISC-V Processor

• Prototype of a SoC with Bayesian machine, 

network on chip and RISC-V core

Allows testing real-life application 

(e.g., sleep cycle classification)

19Turck et al, Communications Engineering (2025)



Stochastic Computing
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AND

p(S3)=p(S1)×p(S2)

A AND gate implements the 

multiplication of two probabilities!

Some resemblance with neurons

(one wire = one real number)

Logarithmic Computing

𝑝1 × 𝑝2 = 0.5 Τ𝑛1+𝑛2 𝑚

Probabilities represented

logarithmically with integers

Products becomes integer

sum



Energy Efficiency of Bayesian Machines
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STM32 Microcontroller units: a few microjoules

Sleep Cycle Classification Gesture Recognition

Turck et al, Communications Engineering (2025)



➢ Cointegrating Logic & Memory for Low-Energy AI

➢ The Analog & Stochastic Paths

➢ Learning with Physics 

22

Toward Energy-Efficient and Trustworthy Embedded AI: 

The In-Memory Computing Approach



Analog In-Memory Computing Performs
Neural Network Inference Very Naturally
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A matrix of analog memristors naturally implements a layer of neural 

network with Ohm’s and Kirchhoff’s laws!

V=s1

V=s2

V=s3

…

Neuron value

𝑡𝑗 = 𝑓 σ𝑤𝑖𝑗𝑠𝑖

𝐼1 = 𝑡1 = σ𝑤𝑖𝑗𝑠𝑖

Memristor conductance G = synaptic weight w



Analog In-Memory Computing with Memristors

24Esmanhotto et al, 2200145, Advanced Intelligent Systems, 2022

Accuracy on arrhythmia identification

HfOx memristor integrated in BEOL of 130 nm-CMOS

1T1R 

Memristor

Array
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Collaboration



Current State of the Art
(IBM Research, Almaden)
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Nature 2023

• 35M phase change memories

Despite prototype nature, 14x more 

energy efficient than any AI accelerator



« 7 TOPS/W Is Not That High »

• Only a prototype

• TOPS/W is a problem metric
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Real Energy Consumption Can Be Dramatically
Higher than Peak
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Batch Size
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NVIDIA A100 GPU

ResNet50

8J per image

0.2J per image

Courtesy of David Novo

(Univ Montpellier/CNRS)



How I View Architecture Research
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Digital Neural Network Accelerator (TPU…) 

Memristor In-Memory Computing



How I View Architecture Research
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Digital Neural Network Accelerator (TPU…) 

Memristor In-Memory Computing



The Challenge of Analog In-Memory Computing: 

Memristors Act as Random Variables
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8 differerent programming currents

Esmanhotto et al, 2200145, Advanced Intelligent Systems, 2022



Fighting the Random Character of Memristors:

Program and Verify
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Program Memristor

Resistance 

OK?

YES

NO

Conductance (µS)
P

ro
b

. 
d
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n

si
ty

(a
rb

. 
u

.)

7 differerent programming currents

Esmanhotto et al, 2200145, Advanced Intelligent Systems, 2022
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Memristor Imperfections Can Naturally Produce 
a Bayesian Neural Network!

In Bayesian models, everything is a 

random variable that follows 

specific probability distributions

Our concept: Bayesian models can be a “better” way to exploit memristors

Memristors actually act as a random variable that 

follow specific probability distributions! 

Bonnet et al, Nature Communications 14, 7530 (2023)
Collaboration



Bayesian Neural Networks
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a

Inputs

Output

h1
h2 h3

x1 x2 x3

g1
g2 g3

vij

ukl

g4

Conventional Neural Network

0.7

Each synapse 

has one weight

Bayesian Neural Network

a

Inputs

Output

h1
h2 h3

x1 x2 x3

g1
g2 g3

vij

ukl

g4

Synapses follow 

probability distribution

“99.7% proba.

that this a cat,

0.3% that it is a 

dog”

“I am not really sure what this is, 

because I have never seen it”

Assuming NN was trained to recognize « cats » and « dogs »

“99.9% proba.

that this a cat,

0.1% that it is a 

dog”
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arrhythmia

identification

Memristor-Based Bayesian Neural Networks

…

We program 50 memristor-neural networks (each with two layers). We apply same input to them

We get 50 outputs:

their dispersion tells about the 

certainty of the neural network

Neural network trained 

with Variational Inference 

incorporating a specific 

“technological loss”
Output 50

Output 2

Output 1
conductance

Bonnet et al, Nature Communications 14, 7530 (2023)
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…

LOW UNCERTAINTY

Arrythmia type 1

Arrythmia type 1

Arrythmia type 1

arrhythmia

identification

We program 50 memristor-neural networks. We apply same input to them

Memristor-Based Bayesian Neural Networks

Bonnet et al, Nature Communications 14, 7530 (2023)
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We program 50 memristor arrays, and we apply the same input to them

Arrythmia type 1

Unknown data:

EPISTEMIC 

UNCERTAINTY

…

Memristor-Based Bayesian Neural Networks

arrhythmia

identification

Hesitates

arrythmia type 1 or 2

Hesitates

arrythmia type 3 or 4

Bonnet et al, Nature Communications 14, 7530 (2023)
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80% classification accuracy

Traditional Neural Network Bayesian Neural Network

79% classification accuracy

Easily recognizes

unknown types of arrythmia

Fully Experimental Arrythmia Recogniton

Bonnet et al, Nature Communications 14, 7530 (2023)



➢ Cointegrating Logic & Memory for Low-Energy AI

➢ The Analog & Stochastic Paths

➢ Learning with Physics 
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The Grand Challenge of On-Chip Learning

• Current in-memory computing AI accelerators are focused on inference, which 
makes sense

• On-chip learning/adaptation would also have tremendous prospects

Medical applications

39

Yoo and Shoaran, 

Current Opinion Biotechnol., 2021



Backpropagation, the Canonical Method for Training 
Networks, Is Not Adapted for In-Memory Computing

a

Inputs

Output a
Supposed to be 1

Pixels of an image

𝐶 = − ln𝑎

𝜕𝐶

𝜕𝑤𝑖
= 𝑎 − 1 ℎ𝑖

𝜕𝐶

𝜕𝑣𝑖𝑗
= 𝑎 − 1 𝑤𝑖ℎ𝑖 1 − ℎ𝑖 𝑥𝑗

𝜕𝐶

𝜕𝑢𝑘𝑙
= 𝑎 − 1 ෍

𝑖

𝑤𝑖ℎ𝑖 1 − ℎ𝑖 𝑣𝑘𝑙𝑔𝑘 1 − 𝑔𝑘 𝑥𝑙

h1
h2 h3

x1 x2 x3

g1
g2 g3 g4

To update weight ukl, you need calculation that

involves information about the whole network!

wi

vij

ukl

40



Learning in the Brain Is Mysterious

• Synapses are physical objects that have only access to local information

• An old idea (Hebb): « cells that fire together wire together »

• Multiple theoretical works show that Hebbian learning rules (e.g., STDP) 
are not as powerful as backprogation

Activity si

Activity sj

The synaptic weight changes by sisj

41



EqProp: a Type of Neural Networks Grounded in 
Physics and with « Brain-like » Learning

𝑑𝑠𝑖

𝑑𝑡
= −

𝜕𝐸

𝜕𝑠𝑖

Scellier & Bengio, fnins 2017

𝑠𝑖 : neuron states, 𝜌 : sigmoid function

Energy 𝐸 =
1

2
σ𝑖 𝑠𝑖

2 −
1

2
σ𝑖,𝑗𝑤𝑖𝑗𝜌 𝑠𝑖 𝜌 𝑠𝑗

Learns with Hebbian-like learning but is equivalent to backpropagation

The neural network is a dynamical system that goes naturally toward its

energy minimum

𝑑𝑠𝑖

𝑑𝑡
+ 𝑠𝑖= σ𝑗𝑤𝑖𝑗𝜌 𝑠𝑗 𝜌′ 𝑠𝑖

Local: depends only on si nearest-neighbors
Similar to leaky integrate-and-fire neuron

When the network has converged, we get the output a 

a

Inputs

Output a=s1

Pixels of an image

s2
s3 s4

s9 s10 s11

s5
s6 s7 s8

42



If the Output a Is Not the Right Value, 
EqProp then “Nudges” the Network Toward It 

The perturbation of the output a

propagates throughout the network 

that reaches a new equilibrium

snudged

Scellier & Bengio, fnins 2017

a

Inputs

Output a=s1

Pixels of an image

s2
s3 s4

s9 s10 s11

s5
s6 s7 s8

Error 𝐶 =
1

2
𝑎 − 1 2

Nudged Energy 𝐹 = 𝐸 + 𝛽𝐶

𝑑𝑎

𝑑𝑡
+ 𝑎 = ෍

𝑗

𝑤𝑖𝑗𝜌 𝑠𝑗 𝜌′ 𝑎 + 𝛽 𝑎 − 1

« Nudging »

Right answer 1

43



Equilibrium Propagation

• Change the weight wij by

• 𝜌 𝑠𝑛𝑢𝑑𝑔𝑒𝑑,𝑗 𝜌 𝑠𝑛𝑢𝑑𝑔𝑒𝑑,𝑖 − 𝜌 𝑠𝑓𝑟𝑒𝑒,𝑗 𝜌 𝑠𝑓𝑟𝑒𝑒,𝑖

➢If neurons i and j had MORE Hebbian correlation during the nudged
phase, then INCREASE their connection wij

➢Otherwise, DECREASE wij

44



The Local Learning Rule of Equilibrium 
Propagation Leads to High Recognition Rates

45

M. Ernoult, J. Grollier, D. Querlioz, 

Y. Bengio, B. Scellier, NeurIPS (2019) 

A. Laborieux, M. Ernoult, B. 

Scellier, Y. Bengio, J. 

Grollier, D. Querlioz, fnins

15, 129 (2021)

EP scales to 

CIFAR-10Mathematical

equivalence of EP 

gradients with

Backpropagation

Through Time

EP trains Binary Neural Networks

• Binary synapses (CIFAR 10)

• Binary synapses and neurons (MNIST)

• Ternary gradients

J. Laydevant, M. Ernoult, D. Querlioz, J. 

Grollier, CVPR (2021)

Collaboration
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EqProp Can Train a Quantum Ising Machine 

46

Laydevant, Markovic and Grollier, Nature Communications 15, 3671 (2024)

• EqProp adapts very naturally to physical systems that compute



Conclusion

• Computing with nanoelectronics devices: huge potential to reinvent electronics for 

cognitive-type tasks and AI

• Memristors are rich devices that can be used in a variety of ways 

• Memristors are particulary adapted for Bayesian approaches, paving the way toward 

trustworthy AI

• Next grand challenges: scaling and solving learning

• Very important & creative time for micro/nano-electronics research. 

Considerable benefits from algorithm/electronics/technology research
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