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Today: Training in the Cloud, Inference at the Edge

Shared data Learning
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FiE o Single shared model

Inference

Burden of training is centralized
in the cloud

BUT

User data shared in the cloud

A single shared model for all
users

Inadequate for confidential or
customized use cases




Tomorrow: Distributed Learning for Secure Al
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Model-Agnostic Meta-Learning (MAML)

Learn to learn
Off-chip
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Model-Agnostic Meta-Learning (MAML)
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Resistive Memories for In-Memory-Computing

A crossbar of ReRAM
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« Zero standby power
thanks to non-volatility




Objectives of this work

To equip neural networks with learning capabilities at the edge.

Our Approach:

» Algorithm: Learning-to-learn (meta-learning) — enables fast

adaptation in just a few steps and is robust to hardware non-
idealities.

 Hardware: Neuromorphic hardware based on resistive memory —

energy-efficient due to in-memory computing (IMC) and non-volatility,
ideal for normally-off systems.




Outline

Analog ReRAM for Meta-learning




Our network

Objective: learn to recognize new characters from the Omniglot dataset

4 convolutional layers: hard- 2 fully connected layers:
wired (non-trainable) trainable (updatable)
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On-chip learmng with ReRAM

FC layers implemented | [Batch-Norm 2D
on 32x32 crossbars 3bit Quantization

N Y

2

Currents

V°'tfge5  After off-chip meta-training, the
. model is programmed into multi-
Py level ReRAM crossbar arrays.
%?(} Currents . ]
R TR R Batch-Norm2D| | \\ _ o+ o G!, Gi, » During the adaptation phase,
e e o= 3bit Quantization|| ¥ Y " 4 updates are performed directly on
Qc‘e Voltages the ReRAM, enabling on-chip

learning.

Key question: What is the optimal
multi-level programming strategy ?

Off-chip (learn to learn)
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Mean Accuracy (%)
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Mean Accuracy (%)
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Mean Accuracy (%)

100t

80r

607

40+

2071

Impact of Memory Window

' Experiment
Ov. 8.46%

Density
o
N
o

o
o
a

100 200 50
Conductance

&

100 200 300
Memory Window (uS)

200




Impact of Memory Window
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Impact of Memory Window
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Multi-level SET vs Multi-level RESET
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Multi-level SET vs Multi-level RESET
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Hybrid programming strategy
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Density
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Outline

ll. Few Shot on Chip Learning Experiments




On-chip learning experimental set-up
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On-chip learmng experlmental set-up
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A computer-in-the-loop
system configures voltages to
read and program ReRAM
during both training and
inference

The off-chip trained
parameters are programmed
onto different ReRAM
platforms, each of which is
adapted to a different set of
characters with 5 gradient
updates.




Experimental on-chip learning curve
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On-chip Learning on Different Datasets

100y « Repeated on-chip training shows stable
learning curves across tasks for both Iterative
30! Set and Hybrid programming methods.
g « Results closely align with hardware-aware
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Accuracy before and after a 12 h bake at 150°C
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l1l. Conclusions
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Conclusion

Achieved over 97% accuracy in character recognition using only five
weight updates on an in-memory ReRAM platform.

Off-chip training cost can be shared across users, reducing local
compute burden during personalization.

Retention verified at 150 °C

This approach enables secure and energy-efficient edge Al with
resistive memory.
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