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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



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 

5



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



A Super-Robust Digital Binarized Neural Network

8Jebali 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

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



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 σ 𝑤𝑖𝑗𝑠𝑖

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



➢ Cointegrating Logic & Memory for Low-Energy AI

➢ The Analog & Stochastic Paths

➢ Learning with Physics 
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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 σ 𝑤𝑖𝑗𝑠𝑖

𝐼1 = 𝑡1 = σ 𝑤𝑖𝑗𝑠𝑖

Memristor conductance G = synaptic weight w



Analog In-Memory Computing with Memristors

16Esmanhotto et al, 2200145, Advanced Intelligent Systems, 2022

Accuracy on arrhythmia identification

HfOx memristor integrated in BEOL of 130 nm-CMOS

1T1R 
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Collaboration



Current State of the Art
(IBM Research, Almaden)
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• 35M phase change memories

Despite prototype nature, 14x more 
energy efficient than any AI accelerator
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IBM Research
LSTM Language model
35M memristors (phase change)
Ambrogio et al, Nature 2023

TSMC Research/NTHU
MobileNet-v2 
64M memristors
Khwa et al, Nature 2025

Current State of the Art

7 TOPS/W
(140 fJ/operation)

40 TOPS/W
(25 fJ/operation)



« These TOPS/W Are Not That High »

• Only prototypes

• TOPS/W is a problem metric

19



Real Energy Consumption Can Be Dramatically 
Higher than Peak
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NVIDIA A100 GPU
ResNet50

8J per image

0.2J per image

Courtesy of David Novo
(Univ Montpellier/CNRS)



What Memristors Can Do
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Digital Neural Network Accelerator (TPU…) 

Memristor In-Memory Computing



What Memristors Can Do
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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
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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 a “technological 
loss”

Output 50

Output 2

Output 1
conductance

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



28

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 

32

Toward Energy-Efficient and Trustworthy Embedded AI: 
The In-Memory Computing Approach



The Grand Challenge of On-Chip Learning

• Current in-memory computing AI accelerators are focused on inference

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

Medical applications

But on-Chip learning requires reprogramming the weights repeatedly

33

Yoo and Shoaran, 
Current Opinion Biotechnol., 2021



Learning With Memristor Low-Voltage Reset

34Imbert, Renaudineau, Diallo et al, IEEE IEDM (2024)



Low voltage Reset is noisy, but:

• Energy efficient (<1V, <100ns)

• Outstanding endurance

• Month-long retention
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Learning With Memristor Low-Voltage Reset

Imbert, Renaudineau, Diallo et al, IEEE IEDM (2024)



Learning to Classify Bears with 8,064 
Memristors
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Brown Bears

Sloth Bears

Giant Panda

Polar Bear

          
            

  

  

  

  

  

  

 
 
  
 
 
  
 
 
  
 
 
 
 
 
 
 
  
 
 

                
                

  

          
            

  

  

  

  

  

  

 
 
  
 
 
  
 
 
  
 
 
 
 
 
 
 
  
 
 

                
                

            

             

             

           
             

             

         
       

             

         
       

 

 

  

 

    

 

 

  

 

    

                                

Forward-only learning: learning using the same 
memristor-level operations than inference

Renaudineau et al, submitted (2025)



Hafnium Oxide Can Also Provide a Short Memory

37

Ferroelectric HfO2 Memristor HfO2

Ultra-low energy writes, outstanding endurance 
Destructive read

Higher energy writes, lower endurance 
Destructive read

Martemucci et al, Nature Electronics 8, 921 (2025)



The Ferroelectric-Memristor Memory

38Martemucci et al, Nature Electronics 8, 921 (2025)

Collaboration



Information Can Be Transferred From Ferroelectric 
Short-Term to Memristor Long-Term Memory

39Martemucci et al, Nature Electronics 8, 921 (2025)



Conclusion

• Computing with nanoelectronics devices: huge potential 

to reinvent electronics for low-power & trustworthy AI

• Interdisciplinary approach to electronics: codevelopment/codesign of 

technology, circuits, computer architecture and algorithms

• Current challenges: going 3D and moving toward genAI

40



Acknowledgments
• Clément Turck

• Atreya Majumdar

• Marie Drouhin

• Jacques-Olivier Klein

• Maxence Ernoult

• Axel Laborieux

• Adrien Renaudineau

• Théo Ballet

• Théo Dupuis

• Mohammed Akib Iftakher

• Kellian Cottart

• Filip Osana

• Benjamin Walker

41

• Jacques Droulez

• Pierre Bessière

• Elisa Vianello

• Laurent Grenouillet

• Louis Hutin

• Tifenn Hirtzlin

• Eduardo Esmanhotto

• Djohan Bonnet

• Michele Martemucci

• Niccolo Castellani

• François Andrieu

• Kamel-Eddine Harabi

• Jean-Michel Portal

• Marc Bocquet

• Fadi Jebali

• Mamadou Hawa Diallo

Raphaël Laurent

• Stéphane Collin

• Oleksandr Bilousov

• Amadéo Michaud

• Jean-Pierre Walder

• Eloi Muhr

• Mathieu-Coumba Faye

• Julie Grollier

• Thomas Dalgaty

• François Rummens

• Yannick Malot

• Adrien Vincent

• Sylvain Saïghi



Thank you for your attention!
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