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TWO TOPICS

How do we 
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User data: 17  à Encrypted: 27142

24  à Encrypted: 98716

Cloud: {27142, 98716}
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17+24  = 41
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Computing in the cloud (encrypted data):
User data: 17  à Encrypted: 2x3+3x2+5x+6
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Cloud: {2x3+3x2+5x+9, 7x3+2x2+2x+2}

Process: 2x3+3x2+5x+6
+ 7x3+2x2+2x+2
9x3+5x2+7x+8

Data not 
decrypted 
in cloud

To user: 9x3+5x2+7x+8 à 41 (decrypted)
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Abstract
Catastrophic forgetting/interference is a critical
problem for lifelong learning machines, which
impedes the agents from maintaining their pre-
viously learned knowledge while learning new
tasks. Neural networks, in particular, suf-
fer plenty from the catastrophic forgetting phe-
nomenon. Recently there has been several efforts
towards overcoming catastrophic forgetting in
neural networks. Here, we propose a biologically
inspired method toward overcoming catastrophic
forgetting. Specifically, we define an attention-
based selective plasticity of synapses based on
the cholinergic neuromodulatory system in the
brain. We define synaptic importance parame-
ters in addition to synaptic weights and then use
Hebbian learning in parallel with backpropaga-
tion algorithm to learn synaptic importances in
an online and seamless manner. We test our pro-
posed method on benchmark tasks including the
Permuted MNIST and the Split MNIST problems
and show competitive performance compared to
the state-of-the-art methods.

1. Introduction
Existing artificial neural networks including the well cel-
ebrated deep learning architectures, such as Convolutional
Neural Networks (CNNs) (Krizhevsky et al., 2012; He et
al., 2016) and Recurrent Neural Networks (RNNs) (Graves
et al., 2013), are uniformly plastic. In the presence of
large amounts of training data and guided by a sensible
loss function, the plasticity of artificial neural networks en-
ables them to learn from the data in an end-to-end manner
and often provide the state-of-the-art performance in vari-
ous applications. These include object detection (Redmon
and Farhadi, 2017), action recognition from videos (Car-
reira and Zisserman, 2017), speech recognition (Saon et
al., 2017), and language translation (Edunov et al., 2018),
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Figure 1: Depiction of catastrophic forgetting in binary classifi-
cation tasks when there is a distribution shift from an initial task
to a secondary task. When exposed to the distribution of the new
task, the uniformly plastic parametric model, f(·, ✓), conforms to
the new distribution with no constraints on maintaining its perfor-
mance on the previous task.

among many others. The same uniform plasticity, on the
other hand, is the culprit for a phenomenon known as
“catastrophic forgetting/interference” (McCloskey and Co-
hen, 1989; McClelland et al., 1995), that is, a tendency to
rapidly forget previously learned tasks when presented with
new training data.

A uniformly plastic neural network requires independent
and identically distributed samples from a stationary distri-
bution of training samples, i.e., the i.i.d. assumption. In
other words, The ‘identically distributed’ part of the as-
sumption, however, is easily violated in real-world appli-
cations, specially in the continual, sequential, and lifelong
learning settings. The training data could violate the identi-
cally distributed assumption, i.e., have non-stationary data
distribution, when: 1) there is a shift in the distribution of
the training data over time (e.g., the visual input data to
a lifelong learning agent during ‘day’ versus ‘night’), and
2) the training data is not fully observable at once and dif-
ferent modes of variations of the data will be explored or
revealed through time. This leads to a fundamental chal-
lenge in lifelong learning known as ‘catastrophic forget-
ting/interference’, which indicates that a learning agent for-
gets its previously acquired information when learning a
new task. A cartoon depiction of catastrophic forgetting
is depicted in Figure 1. An ideal system should provide a
balance between its plasticity and stability in order to ac-
quire new information while preserving the old one (e.g.,
the decision boundary in the rightmost panel in Figure 1).
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Networks cannot be easily 
retrained to adapt to new 
classes of data
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Network training costs high, prohibitive on IoT devices
EIE: Efficient Inference Engine on Compressed Deep Neural Network

Song Han⇤ Xingyu Liu⇤ Huizi Mao⇤ Jing Pu⇤ Ardavan Pedram⇤

Mark A. Horowitz⇤ William J. Dally⇤†

⇤Stanford University, †NVIDIA
{songhan,xyl,huizi,jingpu,perdavan,horowitz,dally}@stanford.edu

Abstract—State-of-the-art deep neural networks (DNNs)
have hundreds of millions of connections and are both compu-
tationally and memory intensive, making them difficult to de-
ploy on embedded systems with limited hardware resources and
power budgets. While custom hardware helps the computation,
fetching weights from DRAM is two orders of magnitude more
expensive than ALU operations, and dominates the required
power.

Previously proposed ‘Deep Compression’ makes it possible
to fit large DNNs (AlexNet and VGGNet) fully in on-chip
SRAM. This compression is achieved by pruning the redundant
connections and having multiple connections share the same
weight. We propose an energy efficient inference engine (EIE)
that performs inference on this compressed network model and
accelerates the resulting sparse matrix-vector multiplication
with weight sharing. Going from DRAM to SRAM gives EIE
120⇥ energy saving; Exploiting sparsity saves 10⇥; Weight
sharing gives 8⇥; Skipping zero activations from ReLU saves
another 3⇥. Evaluated on nine DNN benchmarks, EIE is
189⇥ and 13⇥ faster when compared to CPU and GPU
implementations of the same DNN without compression. EIE
has a processing power of 102 GOPS/s working directly on
a compressed network, corresponding to 3 TOPS/s on an
uncompressed network, and processes FC layers of AlexNet at
1.88⇥104 frames/sec with a power dissipation of only 600mW.
It is 24,000⇥ and 3,400⇥ more energy efficient than a CPU
and GPU respectively. Compared with DaDianNao, EIE has
2.9⇥, 19⇥ and 3⇥ better throughput, energy efficiency and
area efficiency.

Keywords-Deep Learning; Model Compression; Hardware
Acceleration; Algorithm-Hardware co-Design; ASIC;

I. INTRODUCTION

Neural networks have become ubiquitous in applications
including computer vision [1]–[3], speech recognition [4],
and natural language processing [4]. In 1998, Lecun et
al. classified handwritten digits with less than 1M parame-
ters [5], while in 2012, Krizhevsky et al. won the ImageNet
competition with 60M parameters [1]. Deepface classified
human faces with 120M parameters [6]. Neural Talk [7]
automatically converts image to natural language with 130M
CNN parameters and 100M RNN parameters. Coates et
al. scaled up a network to 10 billion parameters on HPC
systems [8].

Large DNN models are very powerful but consume large
amounts of energy because the model must be stored in
external DRAM, and fetched every time for each image,

4-bit	  
Relative	Index

4-bit	  
Virtual	weight

16-bit		
Real	weight

16-bit	  
Absolute	Index

Encoded	Weight	
Relative	Index	
Sparse	Format	

ALU

Mem

Compressed	
DNN	Model Weight		

Look-up

Index		
Accum

Prediction

Input	
Image

Result

Figure 1. Efficient inference engine that works on the compressed deep
neural network model for machine learning applications.

word, or speech sample. For embedded mobile applications,
these resource demands become prohibitive. Table I shows
the energy cost of basic arithmetic and memory operations
in a 45nm CMOS process [9]. It shows that the total energy
is dominated by the required memory access if there is
no data reuse. The energy cost per fetch ranges from 5pJ
for 32b coefficients in on-chip SRAM to 640pJ for 32b
coefficients in off-chip LPDDR2 DRAM. Large networks do
not fit in on-chip storage and hence require the more costly
DRAM accesses. Running a 1G connection neural network,
for example, at 20Hz would require (20Hz)(1G)(640pJ) =
12.8W just for DRAM accesses, which is well beyond the
power envelope of a typical mobile device.

Previous work has used specialized hardware to accelerate
DNNs [10]–[12]. However, these efforts focus on acceler-
ating dense, uncompressed models - limiting their utility
to small models or to cases where the high energy cost
of external DRAM access can be tolerated. Without model
compression, it is only possible to fit very small neural
networks, such as Lenet-5, in on-chip SRAM [12].

Efficient implementation of convolutional layers in CNN
has been intensively studied, as its data reuse and manipu-
lation is quite suitable for customized hardware [10]–[15].
However, it has been found that fully-connected (FC) layers,
widely used in RNN and LSTMs, are bandwidth limited
on large networks [14]. Unlike CONV layers, there is no
parameter reuse in FC layers. Data batching has become
an efficient solution when training networks on CPUs or
GPUs, however, it is unsuitable for real-time applications
with latency requirements.

Network compression via pruning and weight sharing
[16] makes it possible to fit modern networks such as
AlexNet (60M parameters, 240MB), and VGG-16 (130M
parameters, 520MB) in on-chip SRAM. Processing these
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Table I
ENERGY TABLE FOR 45NM CMOS PROCESS [9]. DRAM ACCESS USES

THREE ORDERS OF MAGNITUDE MORE ENERGY THAN SIMPLE
ARITHMETIC AND 128X MORE THAN SRAM.

Operation Energy [pJ] Relative Cost

32 bit int ADD 0.1 1
32 bit float ADD 0.9 9
32 bit int MULT 3.1 31
32 bit float MULT 3.7 37
32 bit 32KB SRAM 5 50
32 bit DRAM 640 6400

compressed models, however, is challenging. With pruning,
the matrix becomes sparse and the indicies become relative.
With weight sharing, we store only a short (4-bit) index for
each weight. This adds extra levels of indirection that cause
complexity and inefficiency on CPUs and GPUs.

To efficiently operate on compressed DNN models, we
propose EIE, an efficient inference engine, a specialized
accelerator that performs customized sparse matrix vector
multiplication and handles weight sharing with no loss of
efficiency. EIE is a scalable array of processing elements
(PEs) Every PE stores a partition of network in SRAM and
performs the computations associated with that part. It takes
advantage of dynamic input vector sparsity, static weight
sparsity, relative indexing, weight sharing and extremely
narrow weights (4bits).

In our design, each PE holds 131K weights of the
compressed model, corresponding to 1.2M weights of the
original dense model, and is able to perform 800 million
weight calculations per second. In 45nm CMOS technology,
an EIE PE has an area of 0.638mm2 and dissipates 9.16mW
at 800MHz. The fully-connected layers of AlexNet fit into
64PEs that consume a total of 40.8mm2 and operate at
1.88⇥ 104 frames/sec with a power dissipation of 590mW.
Compared with CPU (Intel i7-5930k) GPU (GeForce TITAN
X) and mobile GPU (Tegra K1), EIE achieves 189⇥, 13⇥
and 307⇥ acceleration, while saving 24, 000⇥, 3, 400⇥ and
2, 700⇥ energy, respectively.

This paper makes the following contributions:
1) We present the first accelerator for sparse and weight

sharing neural networks. Operating directly on com-
pressed networks enables the large neural network mod-
els to fit in on-chip SRAM, which results in 120⇥ better
energy savings compared to accessing from external
DRAM.

2) EIE is the first accelerator that exploits the dynamic
sparsity of activations to save computation. EIE saves
65.16% energy by avoiding weight references and arith-
metic for the 70% of activations that are zero in a
typical deep learning applications.

3) We describe a method of both distributed storage and
distributed computation to parallelize a sparsified layer
across multiple PEs, which achieves load balance and
good scalability.

4) We evaluate EIE on a wide range of deep learning

models, including CNN for object detection and LSTM
for natural language processing and image captioning.
We also compare EIE to CPU, GPU, FPGA, and other
ASIC accelerators.

In Section II we describe the motivation of accelerating
compressed networks. Section III reviews the compression
technique that EIE uses and how to parallelize the workload.
The hardware architecture in each PE to perform inference
is described in Section IV. In Section V we describe our
evaluation methodology. Then we report our experimental
results in Section VI, followed by discussions, comparison
with related work and conclusions.

II. MOTIVATION

Matrix-vector multiplication (M⇥V) is a basic building
block in a wide range of neural networks and deep learning
applications. In convolutional neural network (CNN), fully
connected layers are implemented with M⇥V, and more
than 96% of the connections are in the FC layers [1]. In
object detection algorithms, an FC layer is required to run
multiple times on all proposal regions, taking up to 38%
computation time [17]. In recurrent neural network (RNN),
M⇥V operations are performed on the new input and the
hidden state at each time step, producing a new hidden state
and the output. Long-Short-Term-Memory (LSTM) [18] is
a widely used structure of RNN cell that provides more
complex hidden unit computation. Each LSTM cell can
be decomposed into eight M⇥V operations, two for each:
input gate, forget gate, output gate, and one temporary
memory cell. RNN, including LSTM, is widely used in
image captioning [7], speech recognition [19] and natural
language processing [4].

During M⇥V, the memory access is usually the bottle-
neck [14] especially when the matrix is larger than the
cache capacity. There is no reuse of the input matrix, thus
a memory access is needed for every operation. On CPUs
and GPUs, this problem is usually solved by batching, i.e.,
combining multiple vectors into a matrix to reuse the param-
eters. However, such a strategy is unsuitable for real-time
applications that are latency-sensitive, such as pedestrian
detection in an autonomous vehicle [20], because batching
substantially increases latency. Therefore it is preferable to
create an efficient method of executing large neural networks
without the latency cost of batching.

Because memory access is the bottleneck in large layers,
compressing the neural network offers a solution. Though
compression reduces the total number of operations, the
irregular pattern caused by compression hinders the effective
acceleration on CPUs and GPUs, as illustrated in Table IV.

A compressed network is not efficient on previous accel-
erators either. Previous SPMV accelerators can only exploit
the static weight sparsity. They are unable to exploit dynamic
activation sparsity [21]. Previous DNN accelerators cannot
exploit either form of sparsity and must expand the network

Memory transfer costs preclude use of 
sophisticated networks on edge devices
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Vinyals, O., Blundell, C., Lillicrap, T., Kavukcuoglu, K. & Wierstra, D. Matching networks 
for one shot learning. In Proc. Advances in Neural Information Processing Systems 29 
(NIPS 2016) (eds Lee, D. D. et al.) 3637–3645.

(NCA) [18], and the follow up non-linear version [20]. The loss is very similar to ours, except we
use the whole support set S instead of pair-wise comparisons which is more amenable to one-shot
learning. Follow-up work in the form of deep convolutional siamese [11] networks included much
more powerful non-linear mappings. Other losses which include the notion of a set (but use less
powerful metrics) were proposed in [28].

Lastly, the work in one-shot learning in [14] was inspirational and also provided us with the invaluable
Omniglot dataset – referred to as the “transpose” of MNIST. Other works used zero-shot learning on
ImageNet, e.g. [17]. However, there is not much one-shot literature on ImageNet, which we hope to
amend via our benchmark and task definitions in the following section.

4 Experiments

In this section we describe the results of many experiments, comparing our Matching Networks
model against strong baselines. All of our experiments revolve around the same basic task: an N -way
k-shot learning task. Each method is providing with a set of k labelled examples from each of N
classes that have not previously been trained upon. The task is then to classify a disjoint batch of
unlabelled examples into one of these N classes. Thus random performance on this task stands at
1/N . We compared a number of alternative models, as baselines, to Matching Networks.

Let us introduce some notation. L0 denotes the held-out subset of labels which we only use for
one-shot. Thus, unless otherwise specified, training is always on 6=L0, and test in one-shot mode on
L0.

We ran one-shot experiments on three data sets: two image classification sets (Omniglot [14] and
ImageNet [19, ILSVRC-2012]) and one language modeling (Penn Treebank). The experiments on
the three data sets comprise a diverse set of qualities in terms of complexity, sizes, and modalities.

4.1 Image Classification Results

For vision problems, we considered four kinds of baselines: matching on raw pixels, matching on
discriminative features from a state-of-the-art classifier (Baseline Classifier), MANN [21], and our
reimplementation of the Convolutional Siamese Net [11]. The baseline classifier was trained to
classify an image into one of the original classes present in the training data set, but excluding the
N classes so as not to give it an unfair advantage (i.e., trained to classify classes in 6=L0). We then
took this network and used the features from the last layer (before the softmax) for nearest neighbour
matching, a strategy commonly used in computer vision [3] which has achieved excellent results
across many tasks. Following [11], the convolutional siamese nets were trained on a same-or-different
task of the original training data set and then the last layer was used for nearest neighbour matching.

We also tried further fine tuning the features using only the support set S0 sampled from L0. This
yields massive overfitting, but given that our networks are highly regularized, can yield extra gains.
Note that, even when fine tuning, the setup is still one-shot, as only a single example per class from
L0 is used.

Model Matching Fn Fine Tune 5-way Acc 20-way Acc
1-shot 5-shot 1-shot 5-shot

PIXELS Cosine N 41.7% 63.2% 26.7% 42.6%
BASELINE CLASSIFIER Cosine N 80.0% 95.0% 69.5% 89.1%
BASELINE CLASSIFIER Cosine Y 82.3% 98.4% 70.6% 92.0%
BASELINE CLASSIFIER Softmax Y 86.0% 97.6% 72.9% 92.3%

MANN (NO CONV) [21] Cosine N 82.8% 94.9% – –
CONVOLUTIONAL SIAMESE NET [11] Cosine N 96.7% 98.4% 88.0% 96.5%
CONVOLUTIONAL SIAMESE NET [11] Cosine Y 97.3% 98.4% 88.1% 97.0%

MATCHING NETS (OURS) Cosine N 98.1% 98.9% 93.8% 98.5%
MATCHING NETS (OURS) Cosine Y 97.9% 98.7% 93.5% 98.7%

Table 1: Results on the Omniglot dataset.
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Abstract— As a key technology of enabling Artificial Intel-
ligence (AI) applications in 5G era, Deep Neural Networks
(DNNs) have quickly attracted widespread attention. However,
it is challenging to run computation-intensive DNN-based tasks
on mobile devices due to the limited computation resources.
What’s worse, traditional cloud-assisted DNN inference is heavily
hindered by the significant wide-area network latency, lead-
ing to poor real-time performance as well as low quality of
user experience. To address these challenges, in this paper, we
propose Edgent, a framework that leverages edge computing
for DNN collaborative inference through device-edge synergy.
Edgent exploits two design knobs: (1) DNN partitioning that
adaptively partitions computation between device and edge for
purpose of coordinating the powerful cloud resource and the
proximal edge resource for real-time DNN inference; (2) DNN
right-sizing that further reduces computing latency via early
exiting inference at an appropriate intermediate DNN layer. In
addition, considering the potential network fluctuation in real-
world deployment, Edgent is properly design to specialize for
both static and dynamic network environment. Specifically, in a
static environment where the bandwidth changes slowly, Edgent
derives the best configurations with the assist of regression-
based prediction models, while in a dynamic environment where
the bandwidth varies dramatically, Edgent generates the best
execution plan through the online change point detection algo-
rithm that maps the current bandwidth state to the optimal
configuration. We implement Edgent prototype based on the
Raspberry Pi and the desktop PC and the extensive experimental
evaluations demonstrate Edgent’s effectiveness in enabling on-
demand low-latency edge intelligence.

Index Terms— Edge intelligence, edge computing, deep learn-
ing, computation offloading.
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I. INTRODUCTION

AS THE backbone technology supporting modern intelli-
gent mobile applications, Deep Neural Networks (DNNs)

represent the most commonly adopted machine learning tech-
nique and have become increasingly popular. Benefited by
the superior performance in feature extraction, DNN have
witnessed widespread success in domains from computer
vision [2], speech recognition [3] to natural language process-
ing [4] and big data analysis [5]. Unfortunately, today’s
mobile devices generally fail to well support these DNN-based
applications due to the tremendous amount of computation
required by DNN-based applications.

In response to the excessive resource demand of DNNs,
traditional wisdom resorts to the powerful cloud datacenter
for intensive DNN computation. In this case, the input data
generated from mobile devices are sent to the remote cloud
datacenter, and the devices receive the execution result as
the computation finishes. However, with such cloud-centric
approaches, a large amount of data (e.g., images and videos)
will be transferred between the end devices and the remote
cloud datacenter backwards and forwards via a long wide-area
network, which may potentially result in intolerable latency
and extravagant energy. To alleviate this problem, we exploit
the emerging edge computing paradigm. The principal idea
of edge computing [6]–[8] is to sink the cloud comput-
ing capability from the network core to the network edges
(e.g., base stations and WLAN) in close proximity to end
devices [9]–[14]. This novel feature enables computation-
intensive and latency-critical DNN-based applications to be
executed in a real-time responsive manner (i.e., edge intelli-
gence) [15]. By leveraging edge computing, we can design
an on-demand low-latency DNNs inference framework for
supporting real-time edge AI applications.

While recognizing the benefits of edge intelligence, our
empirical study reveals that the performance of edge-based
DNN inference is still highly sensitive to the available band-
width between the edge server and the mobile device. Specif-
ically, as the bandwidth drops from 1Mbps to 50kbps, the
edge-based DNN inference latency increases from 0.123s to
2.317s (detailed in Sec. III-B). Considering the vulnerable
and volatile network environment in practical deployment, a
natural question is whether we can further optimize the DNN
inference under the versatile network environment, especially
for some mission-critical DNN-based applications such as
intelligent security and industrial robotics [16].
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represent the most commonly adopted machine learning tech-
nique and have become increasingly popular. Benefited by
the superior performance in feature extraction, DNN have
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vision [2], speech recognition [3] to natural language process-
ing [4] and big data analysis [5]. Unfortunately, today’s
mobile devices generally fail to well support these DNN-based
applications due to the tremendous amount of computation
required by DNN-based applications.

In response to the excessive resource demand of DNNs,
traditional wisdom resorts to the powerful cloud datacenter
for intensive DNN computation. In this case, the input data
generated from mobile devices are sent to the remote cloud
datacenter, and the devices receive the execution result as
the computation finishes. However, with such cloud-centric
approaches, a large amount of data (e.g., images and videos)
will be transferred between the end devices and the remote
cloud datacenter backwards and forwards via a long wide-area
network, which may potentially result in intolerable latency
and extravagant energy. To alleviate this problem, we exploit
the emerging edge computing paradigm. The principal idea
of edge computing [6]–[8] is to sink the cloud comput-
ing capability from the network core to the network edges
(e.g., base stations and WLAN) in close proximity to end
devices [9]–[14]. This novel feature enables computation-
intensive and latency-critical DNN-based applications to be
executed in a real-time responsive manner (i.e., edge intelli-
gence) [15]. By leveraging edge computing, we can design
an on-demand low-latency DNNs inference framework for
supporting real-time edge AI applications.

While recognizing the benefits of edge intelligence, our
empirical study reveals that the performance of edge-based
DNN inference is still highly sensitive to the available band-
width between the edge server and the mobile device. Specif-
ically, as the bandwidth drops from 1Mbps to 50kbps, the
edge-based DNN inference latency increases from 0.123s to
2.317s (detailed in Sec. III-B). Considering the vulnerable
and volatile network environment in practical deployment, a
natural question is whether we can further optimize the DNN
inference under the versatile network environment, especially
for some mission-critical DNN-based applications such as
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One-Shot Learning of Manipulation Skills with Online Dynamics

Adaptation and Neural Network Priors

Justin Fu, Sergey Levine, Pieter Abbeel

Abstract— One of the key challenges in applying reinforce-

ment learning to complex robotic control tasks is the need to

gather large amounts of experience in order to find an effective

policy for the task at hand. Model-based reinforcement learning

can achieve good sample efficiency, but requires the ability to

learn a model of the dynamics that is good enough to learn an

effective policy. In this work, we develop a model-based rein-

forcement learning algorithm that combines prior knowledge

from previous tasks with online adaptation of the dynamics

model. These two ingredients enable highly sample-efficient

learning even in regimes where estimating the true dynamics

is very difficult, since the online model adaptation allows the

method to locally compensate for unmodeled variation in the

dynamics. We encode the prior experience into a neural network

dynamics model, adapt it online by progressively refitting a local

linear model of the dynamics, and use model predictive control

to plan under these dynamics. Our experimental results show

that this approach can be used to solve a variety of complex

robotic manipulation tasks in just a single attempt, using prior

data from other manipulation behaviors.

I. INTRODUCTION

One of the remarkable features of human and animal motor
control is the ability to quickly adapt to new situations.
When a child is asked, for example, to stack two unfamiliar
Lego blocks, he or she might play with the objects and
take a small amount of time to learn about their dynam-
ics, but will typically succeed at the task very quickly.
This is sometimes referred to as one-shot learning, where
an agent must successfully perform a task given one, or
very few attempts. Reinforcement learning (RL) provides
a computational framework for robots to learn new motor
skills, but typical applications of RL focus more on mastery
than one-shot learning, and require a substantial number of
training episodes [1]. Model-based RL methods reduce the
required interaction time by acquiring a model of the system
dynamics, and using this model to discover an effective
policy. However, model-based RL algorithms that operate in
this way must be equipped with a model that can represent
a good approximation to the dynamics, and they must be
provided with sufficient experience to optimize this model to
produce accurate dynamics predictions [2]. A single attempt
at the task is often insufficient to obtain such an accurate
model, and while these challenges can be mitigated by
incorporating domain knowledge about the system [3], [4] or
demonstrations [5], they make the development of a general-
purpose one-shot learning method difficult.

We propose to address the first challenge by developing a
method that can use a coarse model of the system dynamics

Department of Electrical Engineering and Computer Science, University
of California, Berkeley, Berkeley, CA 94709

Fig. 1: Diagram of our method: the robot uses prior experience
from other tasks (a) to fit a neural network model of the dynamics
of object interaction tasks (b). When faced with a new task (c),
our algorithm learns a new model online during task execution,
using the neural network as a prior. This new model is used to plan
actions, allowing for one-shot learning of new skills.

that is adapted online to better match the most recent expe-
rience. This frees the method from needing a representation
that can capture global dynamics with high accuracy, and
requires only the ability to accurately represent the dynamics
locally, which we show can be done with a simple linear
model. The accuracy of the global model still affects the
proficiency with which a new task can be performed, since
more accurate models require less adaptation, but even an
inaccurate initial model is sufficient for our method to per-
form a variety of manipulation tasks on the first attempt. We
show that even a simple linear global model can allow this
framework to perform a variety of manipulation tasks with
nonlinear dynamics, while a more sophisticated nonlinear
model based on neural networks greatly improves the success
rate on more complex tasks. Online adaptation also offers
us a way to address the second challenge: since the global
model does not need to be very accurate, it can be estimated
using data from tasks that are different from the one being
attempted. This enables our approach to perform one-shot
learning of new tasks by using the robot’s prior experience
on other tasks, without requiring explicit domain knowledge
or demonstrations to be provided by the designer. A diagram
of our method is shown in Figure 1. We demonstrate our
approach by learning a variety of challenging, contact-rich
manipulation behaviors on a PR2 robot. All of our motion
skills involve low-level torque control of the robot’s motors,
and high dimensional state, corresponding to joint angles,
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Abstract

Imitation learning has been commonly applied to solve different tasks in isolation.
This usually requires either careful feature engineering, or a significant number of
samples. This is far from what we desire: ideally, robots should be able to learn
from very few demonstrations of any given task, and instantly generalize to new
situations of the same task, without requiring task-specific engineering. In this
paper, we propose a meta-learning framework for achieving such capability, which
we call one-shot imitation learning.
Specifically, we consider the setting where there is a very large (maybe infinite)
set of tasks, and each task has many instantiations. For example, a task could be
to stack all blocks on a table into a single tower, another task could be to place
all blocks on a table into two-block towers, etc. In each case, different instances
of the task would consist of different sets of blocks with different initial states.
At training time, our algorithm is presented with pairs of demonstrations for a
subset of all tasks. A neural net is trained such that when it takes as input the first
demonstration demonstration and a state sampled from the second demonstration,
it should predict the action corresponding to the sampled state. At test time, a full
demonstration of a single instance of a new task is presented, and the neural net
is expected to perform well on new instances of this new task. Our experiments
show that the use of soft attention allows the model to generalize to conditions and
tasks unseen in the training data. We anticipate that by training this model on a
much greater variety of tasks and settings, we will obtain a general system that can
turn any demonstrations into robust policies that can accomplish an overwhelming
variety of tasks.

1 Introduction

We are interested in robotic systems that are able to perform a variety of complex useful tasks, e.g.
tidying up a home or preparing a meal. The robot should be able to learn new tasks without long
system interaction time. To accomplish this, we must solve two broad problems. The first problem is
that of dexterity: robots should learn how to approach, grasp and pick up complex objects, and how
to place or arrange them into a desired configuration. The second problem is that of communication:
how to communicate the intent of the task at hand, so that the robot can replicate it in a broader set of
initial conditions.

Demonstrations are an extremely convenient form of information we can use to teach robots to over-
come these two challenges. Using demonstrations, we can unambiguously communicate essentially
any manipulation task, and simultaneously provide clues about the specific motor skills required to
perform the task. We can compare this with an alternative form of communication, namely natural
language. Although language is highly versatile, effective, and efficient, natural language processing
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Abstract— One of the key challenges in applying reinforce-

ment learning to complex robotic control tasks is the need to

gather large amounts of experience in order to find an effective

policy for the task at hand. Model-based reinforcement learning

can achieve good sample efficiency, but requires the ability to

learn a model of the dynamics that is good enough to learn an

effective policy. In this work, we develop a model-based rein-

forcement learning algorithm that combines prior knowledge

from previous tasks with online adaptation of the dynamics

model. These two ingredients enable highly sample-efficient

learning even in regimes where estimating the true dynamics

is very difficult, since the online model adaptation allows the

method to locally compensate for unmodeled variation in the

dynamics. We encode the prior experience into a neural network

dynamics model, adapt it online by progressively refitting a local

linear model of the dynamics, and use model predictive control

to plan under these dynamics. Our experimental results show

that this approach can be used to solve a variety of complex

robotic manipulation tasks in just a single attempt, using prior

data from other manipulation behaviors.

I. INTRODUCTION

One of the remarkable features of human and animal motor
control is the ability to quickly adapt to new situations.
When a child is asked, for example, to stack two unfamiliar
Lego blocks, he or she might play with the objects and
take a small amount of time to learn about their dynam-
ics, but will typically succeed at the task very quickly.
This is sometimes referred to as one-shot learning, where
an agent must successfully perform a task given one, or
very few attempts. Reinforcement learning (RL) provides
a computational framework for robots to learn new motor
skills, but typical applications of RL focus more on mastery
than one-shot learning, and require a substantial number of
training episodes [1]. Model-based RL methods reduce the
required interaction time by acquiring a model of the system
dynamics, and using this model to discover an effective
policy. However, model-based RL algorithms that operate in
this way must be equipped with a model that can represent
a good approximation to the dynamics, and they must be
provided with sufficient experience to optimize this model to
produce accurate dynamics predictions [2]. A single attempt
at the task is often insufficient to obtain such an accurate
model, and while these challenges can be mitigated by
incorporating domain knowledge about the system [3], [4] or
demonstrations [5], they make the development of a general-
purpose one-shot learning method difficult.

We propose to address the first challenge by developing a
method that can use a coarse model of the system dynamics
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Fig. 1: Diagram of our method: the robot uses prior experience
from other tasks (a) to fit a neural network model of the dynamics
of object interaction tasks (b). When faced with a new task (c),
our algorithm learns a new model online during task execution,
using the neural network as a prior. This new model is used to plan
actions, allowing for one-shot learning of new skills.

that is adapted online to better match the most recent expe-
rience. This frees the method from needing a representation
that can capture global dynamics with high accuracy, and
requires only the ability to accurately represent the dynamics
locally, which we show can be done with a simple linear
model. The accuracy of the global model still affects the
proficiency with which a new task can be performed, since
more accurate models require less adaptation, but even an
inaccurate initial model is sufficient for our method to per-
form a variety of manipulation tasks on the first attempt. We
show that even a simple linear global model can allow this
framework to perform a variety of manipulation tasks with
nonlinear dynamics, while a more sophisticated nonlinear
model based on neural networks greatly improves the success
rate on more complex tasks. Online adaptation also offers
us a way to address the second challenge: since the global
model does not need to be very accurate, it can be estimated
using data from tasks that are different from the one being
attempted. This enables our approach to perform one-shot
learning of new tasks by using the robot’s prior experience
on other tasks, without requiring explicit domain knowledge
or demonstrations to be provided by the designer. A diagram
of our method is shown in Figure 1. We demonstrate our
approach by learning a variety of challenging, contact-rich
manipulation behaviors on a PR2 robot. All of our motion
skills involve low-level torque control of the robot’s motors,
and high dimensional state, corresponding to joint angles,
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One of the remarkable features of human and animal motor
control is the ability to quickly adapt to new situations.
When a child is asked, for example, to stack two unfamiliar
Lego blocks, he or she might play with the objects and
take a small amount of time to learn about their dynam-
ics, but will typically succeed at the task very quickly.
This is sometimes referred to as one-shot learning, where
an agent must successfully perform a task given one, or
very few attempts. Reinforcement learning (RL) provides
a computational framework for robots to learn new motor
skills, but typical applications of RL focus more on mastery
than one-shot learning, and require a substantial number of
training episodes [1]. Model-based RL methods reduce the
required interaction time by acquiring a model of the system
dynamics, and using this model to discover an effective
policy. However, model-based RL algorithms that operate in
this way must be equipped with a model that can represent
a good approximation to the dynamics, and they must be
provided with sufficient experience to optimize this model to
produce accurate dynamics predictions [2]. A single attempt
at the task is often insufficient to obtain such an accurate
model, and while these challenges can be mitigated by
incorporating domain knowledge about the system [3], [4] or
demonstrations [5], they make the development of a general-
purpose one-shot learning method difficult.

We propose to address the first challenge by developing a
method that can use a coarse model of the system dynamics
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Fig. 1: Diagram of our method: the robot uses prior experience
from other tasks (a) to fit a neural network model of the dynamics
of object interaction tasks (b). When faced with a new task (c),
our algorithm learns a new model online during task execution,
using the neural network as a prior. This new model is used to plan
actions, allowing for one-shot learning of new skills.

that is adapted online to better match the most recent expe-
rience. This frees the method from needing a representation
that can capture global dynamics with high accuracy, and
requires only the ability to accurately represent the dynamics
locally, which we show can be done with a simple linear
model. The accuracy of the global model still affects the
proficiency with which a new task can be performed, since
more accurate models require less adaptation, but even an
inaccurate initial model is sufficient for our method to per-
form a variety of manipulation tasks on the first attempt. We
show that even a simple linear global model can allow this
framework to perform a variety of manipulation tasks with
nonlinear dynamics, while a more sophisticated nonlinear
model based on neural networks greatly improves the success
rate on more complex tasks. Online adaptation also offers
us a way to address the second challenge: since the global
model does not need to be very accurate, it can be estimated
using data from tasks that are different from the one being
attempted. This enables our approach to perform one-shot
learning of new tasks by using the robot’s prior experience
on other tasks, without requiring explicit domain knowledge
or demonstrations to be provided by the designer. A diagram
of our method is shown in Figure 1. We demonstrate our
approach by learning a variety of challenging, contact-rich
manipulation behaviors on a PR2 robot. All of our motion
skills involve low-level torque control of the robot’s motors,
and high dimensional state, corresponding to joint angles,
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ARCHITECTURAL-LEVEL SOLUTIONS

Developing energy-efficient hardware for IoT/Edge requires us to address 
the energy and latency costs of memory-processor data movement
• Near-memory, in-memory computing architectures reduce these costs

In-memory computing with non-volatile crossbars

Application areas:
• Deep Learning (CNNs, LSTMs, Restricted Boltzmann Machines, etc.)
• Signal and sensor processing (Fast Fourier Transform)
• Combinatorial Optimization (e.g., NP-hard graph problems)
• Mixed-precision linear equation solving

In-memory computing with content
addressable memories (CAMs)

Application areas:
• Hash operations, Hamming distance
• Security, Virus-detection (zero-error Bloom filtering)
• Bio-informatics (genomic sequencing)
• Decision trees / random forests

+ combinations 

there of…

Challenge:
ML at edge

Solution:
New ML models

Enhancements:
HW for new models

CrossbarsDigital 
CAMs

Analog 
CAMs

FeFET 
CAMs

RRAM 
CAMs

RRAM 
ACAMs

FeFET 
MCAMs

Challenges

Architectural 
Enhancements
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CAN HARDWARE ARCHITECTURES SUPPORT NEW MODELS?
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GPU+DRAM Approach

4-way 1-shot
Training Images

New query image
(which class?)

M entries

D dimensions per entry

M entries

K dimensions per entry (K bits for each signature)

M memory entries

Data transfer

Fully-connected Layer

Feature Extraction
fq

Motorcycle

Cosine 
Distance
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Conventional Memory Processing
Unit

LS
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Fully-connected Layer

Feature Extraction
fq

Search vector

Motorcycle

Binary
Signature

Embedding

New query
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GPU+TCAM Approach

MANN for few-shot learning M memory transfer, M cosine dist. calc.

1 TCAM search

Distance between query and stored 
entries computed within the memory 
itself, avoiding data transfer overheads

Kai Ni, et al., “Ferroelectric Ternary Content Addressable Memory for 
One-Shot Learning,” Nature Electronics, 2019.

New approach

Challenge:
ML at edge

Solution:
New ML models

Enhancements:
HW for new models

CrossbarsDigital 
CAMs

Analog 
CAMs

FeFET 
CAMs

RRAM 
CAMs

RRAM 
ACAMs

FeFET 
MCAMs

Challenges

Architectural 
Enhancements
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SENSING DEGREE OF MATCH IN TCAM
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SL1 SL1
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information

Mismatch
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Sensing the discharge current through match line can detect the degree 
of match between stored information and query directly within memory.
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CAN TCAM KERNELS APPROACH COSINE ACCURACY?
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Initial studies with 
Omniglot data set:  
Yes

Near iso-accuracy 

for 20-way, 5-shot 

problem
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FERROELECTRIC TCAM CELL

Two FeFETs can realize a compact and high performance TCAM cell.
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Challenge:
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TCAM CELL BENCHMARKING
ML

SL SL

WL0 WL1

BL

BL

ML

SL SL SL SL SL
BL1BL2

Pre
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Write

ML

a b

16T CMOS 2T-2PCM 10T-4MTJ 2Flash 2FeFET

ML

WL1 WL2

SLP

SLN

DLP

DLN

SLR1 SLR2

2.5T-1ReRAM

Kai Ni, et al., “Ferroelectric Ternary Content Addressable Memory for One-Shot Learning,” in Nature Electronics (SRC P095557)

Cell area (μm2) 1.12 0.41 2.78 0.28 0.30 0.15

Nonvolatility No Yes Yes Yes Yes Yes

RON/ROFF ~106 ~100 ~2.5 ~100 ~106 ~104

Search energy
(fJ/bit/search) 1.0 0.64 40.5 0.60.71 0.4

Write energy
(fJ/bit) 4.8 ~4500 870 >98000~720 1.4

Search delay (ps) 582 155 1000 155 679 355



14

EXPERIMENTAL DEMONSTRATION

TCAM cell and array operation are successfully demonstrated.

Single TCAM Cell 2x2 TCAM Array

VDD

ML1

SL1 SL1

R

SL2 SL2

ML2

VDD R

ML

SL SL

VDD
R



15

CHALLENGE:  FERROELECTRIC ENDURANCE

Kai Ni, et al., “Fundamental understanding and control of device-to-device variation in deeply scaled ferroelectric FETs,” VLSI 2019

§ Write endurance in FeFET remains a challenge to solve
§ In TCAM, the most frequent search is a read operation, whose endurance is 

almost unlimited

100 101 102 103 104 1050.5
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2.0

Era
se

V TH
 (V
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Cycle number

Program

+4 V

-4 V2μs

Write endurance is limited

Query

ML

SL SL

0.8V

FeFET read 
endurance is 
almost infinite, 
as CMOS

Search is a read operation
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CHALLENGE:  DETECTABLE DEGREE OF MATCH?

Kai Ni, et al., “Ferroelectric Ternary Content Addressable Memory for One-Shot Learning,” to appear in Nature Electronics (SRC P095557)

=0001101Hashing function inherently creates similar 
signatures for similar classes
(relaxes Hamming distance detection requirements – e.g., 
assume 16 bit or less for Omniglot) =0001001

=1111101

=1110111

How to address?  Current-based sense.
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FeFET Variation 

It is important to examine the variation of FeFET in a TCAM array, including the cycle-to-

cycle variation within a single device and device-to-device variation within an array. Fig.S5(a) 

shows such variation data for 40 FeFET devices. For each device, 50 program/erase cycles are 

performed to examine the cycle-to-cycle variation. In Fig.S5(b), the device-to-device variation 

is shown for the first program and erase cycle.  

 

    
Supplementary Fig.5. Device-to-Device and cycle-to-cycle variation of FeFET devices. (a) Cycle-

to-cycle variation for 40 devices. For each device, 50 program/erase cycles were measured. 
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Measurement Simulation

Detection of up to 8-bits in a 1x64 TCAM array
(ML voltage function of word size)

The Effect of Array Size and Variation on Sensing Degree of Match 

It is important to study Hamming distance calculation capability as a function of the TCAM 

array size. That said, an initial question to consider is what the maximum Hamming distance 

that needs to be detected must be. Is it necessary to detect all N different values in an 1xN 

array? For one-shot learning, we are only interested in the nearest neighbor. As LSH aims to 

bring similar entries closer and distinct entries farther apart, this means that we may not need 

to search for entries whose Hamming distance is too far away as they are likely irrelevant to 

the query. For example, in our initial studies with the Omniglot dataset presented in this paper, 

we limited the Hamming distance to be at most 16 bits. Thus, any memory entry whose LSH 

signature was more than a 16-bit Hamming distance away was considered be too far to be a 

nearest neighbor. (One would expect that for different datasets, different Hamming distance 

thresholds may be used, but initial results suggest that it is not necessary to detect all the 

number of mismatched bits in an 1xN array.) 
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…even after considering measured device-to-device cycle variations
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At array level, FeFET 
based CAMs more 

energy and area efficient; 
area efficiency can 
improve accuracy

WHAT BENEFIT FROM TECHNOLOGY, ARCHITECTURE?

3X 8X 8X

5X

5X

10 6X

24X

295X
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Let’s revisit the MANN-based approach:

In-memory computing with 
xBars for lower neural 
network layers
• 100x greater throughput/Watt 

versus GPUs
• >> benefits for larger 

networks
A Shafiee, et al., ISCA (2016); M Hu, et al., Adv 
Mater (2018); C. Li, et al., Nature Electr (2018); A 
Ankit, et al, ASPLOS (2019); A Ankit, et al, IEEE 
Trans. on Comp. (2020); C Li, et al, Intern. Mem. 
Workshop (2020)

RRAM CAMs possible
In-memory computing with CAMs 
for final layer classification

5-20X
improved area 
4-10X
lower energy

Kai Ni, et al., Nature Electronics (2019)
Can Li, et al., Nature Communications (2020)

END-TO-END RRAM SOLUTIONS

Challenge:
ML at edge

Solution:
New ML models

Enhancements:
HW for new models

CrossbarsDigital 
CAMs

Analog 
CAMs

FeFET 
CAMs

RRAM 
CAMs

RRAM 
ACAMs

FeFET 
MCAMs

Challenges

Architectural 
Enhancements

Hashing functions can be done in xBars

• For LSH hash, need zero-mean, 
Gaussian distributed matrix

• RRAM xBars are Gaussian 
distributed post-fab (no zero mean)

• Use differential encoding to 
transform Gaussian distributed xBar
matrix to a zero-mean Gaussian
Kitaev, Nikita, et al., "Reformer: The Efficient 
Transformer." ICLR’ 2019.
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Search 1 1 0

1 1 0 match

Traditional CAM Analog CAM

Search 0.3 0.4 0.5

Match(0.25– 0.5) (0.37– 0.63) (0.37– 0.75)
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Figure 1: A schematic for (a) analog and (b) multi-bit CAM
concepts

that o�er higher memory densities and energy e�ciencies com-
pared to TCAMs. However, they are not able to utilize their design
for single cycle NN search operations.

In order to perform single cycle NN search operations with multi-
bit content-addressable memories (MCAMs), we present a tunable
input/programming scheme based on inverted voltage mirroring
for the TCAM design in [16]. We are the �rst to perform NN search
operations with MCAMs based on the multi-bit RC (MRC) distance
metric. Using the MRC metric o�ered by our MCAM, we are able
to improve the state-of-the-art accuracy of tasks a, b, and c by
x%, y%, and z%. Furthermore, our MCAM improves the state-of-
the-art by x% in terms of search energy per bit, x% in terms of
memory density (area per bit), and x% in terms of search delay per
bit, consequently improving the energy, delay, and area required
for the aforementioned applications. We also discuss the notion of
“sampling window” (SW) in MCAM and ACAM design for exact
match searches, which is de�ned as the timewindow that the output
of an exact match search is always valid. SW ismeasured by the time
di�erence between thematch-line (ML) voltage drop of a worst-case
mismatch (i.e., the mismatch with the lowest conductance), and a
match. Furthermore, we present a comprehensive noise analysis
for input and programming pulses.

The remainder of this article is organized as follows: Section 2
discusses the di�erences of MCAMs and ACAMs, reviews previous
ACAM designs, and describes FeFET characteristics. Section 3 de-
scribes our inverted voltage mirror input and programming scheme,
explains distance measurement based on the MRC metric, and de-
�nes the sampling window (SW) notion. Section 4 presents accuracy
results for di�erent NN search applications, compares the results of
our design with the state-of-the-art in terms of area, energy, delay,
and memory density, and �nally, investigates the e�ects of noise.
Section 5 concludes by summarizing our �ndings.

2 BACKGROUND AND RELATEDWORK
In this section, we �rst explain the di�erences between MCAMs
and ACAMs and what merits the ACAM title. We then discuss state-
of-the-art ACAM designs. Finally, we review the characteristics of
the FeFET device [9] and the Preisach multi-domain model [14].

2.1 MCAM vs. ACAM
In concept, an ACAM cell stores a continuous range of values and
compares the analog input with the stored range to determine a

ML
SL_hi

SL_lo

V_DL

M1 M2

T1 T2
G1

G2
DL

(a)

Figure 2: Prior ternary/analog CAM designs: (a) 2Fe-
TCAM [16] and 2Fe-ACAM [21]; (b) 2R-ACAM [13].

match or a mismatch [13] (Fig. 1(a)). As mentioned in [13], if an
ACAM cell stores narrow ranges, it can be a high density digital
CAM, or as we call it, a multi-bit CAM (MCAM). In other words,
every narrow range represents a state, which is depicted in Fig. 1(b).
The important di�erence between MCAMs and ACAMs is that
MCAMs can only search with a limited number of speci�c inputs,
each corresponding to a state (Fig. 1(b)), as opposed to ACAMs
searching with in�nite number of inputs. Of course, the stored
ranges and the inputs have a one-to-one correlation. Thus, if the
number of narrow ranges and speci�c inputs are 4, the MCAMwould
be a 4-state or 2-bit MCAM, as shown in Fig. 1(b). As such, ACAMs
can always be MCAMs, but MCAMs are not necessarily able to
be ACAMs. Moreover, in concept, it does not matter where the
inputs are in relation to their corresponding range as long as they
are within them. However, for optimal design, it is best that the
MCAM inputs be in the center of their corresponding range as we
will show in Section 3.3.

For an ACAM, a match is when the analog input is in the stored
range and a mismatch is when the analog input is outside the stored
range. The same applies for an MCAM as MCAMs are a special
case of ACAMs. From here on, when we use the term ACAM, it ex-
cludes the MCAM case. Although ACAMs are attractive for search
operations in the analog domain, they cannot directly measure the
distance between digital data points for NN search applications.
MCAMs, however, can perform single-cycle NN search operations
on digital data points as we will show in Section. 3.

2.2 Previous MCAM Designs
In this subsection, we will review the prior works that are exploiting
the MCAM concept. It is worth mentioning that in the original
papers, authors claim that they have been able to realize a design
which exploits the ACAM concept. However, our analysis shows
that their claim is not true due to the complications associated with
designing a true ACAM cell. The full discussion on this end is out of
the scope of this paper, but we will shortly touch on it in Section. 3.3.
Also the IP routing application presented in both [13, 21] only
utilizes the designs as anMCAM. Thus, from now onwewill address
the prior designs as MCAM designs.

2.2.1 RRAMMCAM. In this work, a 6T2R cell is proposed (Fig. 2(a)).
The authors have been able to realize upper and lower bound for
the storing node by programming the RRAMs used in the design.

2

Analog RRAM-based TCAM (6T-2R) 
Nature communications 11 (1), 1-8, 2020

ANALOG CAM DESIGNS

Challenge:
ML at edge

Solution:
New ML models

Enhancements:
HW for new models

CrossbarsDigital 
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Analog 
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RRAM 
CAMs

RRAM 
ACAMs

FeFET 
MCAMs

Challenges

Architectural 
Enhancements
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RRAM-based ACAMs

6T, 2R cell

Store, search over 8 levels Impact:

New range-storing capability 
enables new applications:  
{decision trees/random forests, 
probabilistic computing, …}

Versus standard SRAM TCAMs: 
• >18x reduction in Area, 
• > 4x lower energy/bit/search
• Non-volatile CAM

ANALOG CAMS FOR LOWER AREA/ENERGY, NEW APPS

Challenge:
ML at edge

Solution:
New ML models

Enhancements:
HW for new models

CrossbarsDigital 
CAMs

Analog 
CAMs

FeFET 
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RRAM 
CAMs

RRAM 
ACAMs

FeFET 
MCAMs

Challenges

Architectural 
Enhancements
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FeFET design can also serve as 
digital, analog, or multi-bit CAM
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WHAT ARE THE NEXT STEPS AND BENEFITS?
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Single 3-bit cell Single 4-bit cell 

Cell conductance 
increases 
exponentially 
WRT differences 
between stored, 
searched value

Sweeping input V for cell

Sweeping input voltage shows sigmoid like 
function (e.g., as distance metric)

GT = G1 + G2 + … + G16

In 16-column array, row conductance 
represents the distance between input 
and memory

e.g., for ML each cell represents a feature
• Conductance represents distance
• >> conductance = >> distance

TCAM LS
H (2

01
9)

GPU co
sin

e (
20

19
)

MCAM (2
02

0) Improved accuracy and 
reduced computational 
overhead (no LSH) and 3X 
cell reduction with MCAM

WHAT ARE THE NEXT STEPS AND BENEFITS?
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Simulation-based results Initial experimental 
measurements*

• Initial experimental results approach simulation-based data
• Application-level analysis still promising

Few-shot learning 
results

*Results obtained from FeFET AND arrays by Franz Müller and Thomas Kämpfe from Fraunhofer IPMS center
7

Experimental Demonstration of FeFET MCAMs

ASCENT Annual Review • August 11-13, 2020
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Simulation results
(what should be)

MCAM cell ML current

Experimental results*
(what is)

MCAM cell ML current

• The trends of the initial experimental data is approaching the simulations.
• Application-level results show no degradation due to this different behavior.

Few-shot learning results

*Results obtained from FeFET  ND  rr ys  y Fr nz Müll r  nd Thom s Kämpf from Fraunhofer IPMS center.

DEMONSTRATIONS OF FEFET MCAMS
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MULTI-BIT FEFETs:  PROGRAMMING SCHEMES
Program Scheme 1:
• Train of pulse with 
equal amplitude

Program Scheme 2:
• Train of pulse with 
increasing amplitude

Program Scheme 3:
• Train of pulse with 
equal amplitude with 
reset when over set

• Each simulation batch includes 500 
devices programmed to 8 states

• Verification done until device 
reaches desired current range

• Programming schemes 1, 2 only 
provide lower bound for current 
range target

• Programming scheme 3 provides 
lower and upper current range 
target; uses soft reset when device 
is over-set
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MULTI-BIT FEFETs:  PROGRAMMING SCHEMES
• Avg Time to program = ∑!

" "#$% &' ()'*)+$ ,%-#.%"
/

, n=Number of devices
• Done for all states; mean considered in plots

• Device Out of Range = !"#$%& '( )%*+,%- '". '( ./% )%-+&%) ,"&&%0. &102%
0 ∗ 100

• Batches with more than 10% of devices out-of-range discarded
• For each domain size, fastest programming time found, shown in the plots below
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MULTI-BIT FEFETs:  PROGRAMMING SCHEME 3

• Simulations of 500 devices
• Programming pulse width = 100(ns)
• Reset pulse width = 100(ns)
• Reset amplitude = -2(v)

100 Domains

200 Domains

500 Domains

Preliminary results; working to improve



HOMOMORPHIC ENCRYPTION
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WHAT IS HOMOMORPHIC ENCRYPTION?

Computing in the cloud:
User data: 17  à Encrypted: 27142

24  à Encrypted: 98716

Cloud: {27142, 98716}

Process: 27142 à 17 (decrypted)
98716 à 24 (decrypted)
17+24  = 41
41 à 56817 (encrypted)

Not private!

Computing in the cloud (encrypted data):
User data: 17  à Encrypted: 2x3+3x2+5x+6

24  à Encrypted: 7x3+2x2+2x+2

Cloud: {2x3+3x2+5x+9, 7x3+2x2+2x+2}

Process: 2x3+3x2+5x+6
+ 7x3+2x2+2x+2

9x3+5x2+7x+8

Data not 
decrypted 
in cloud

To user: 9x3+5x2+7x+8 à 41 (decrypted)

Different schemes may be employed – e.g., BGV, GSW, TFHE, CKKS
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HOW HOMOMORPHIC ENCRYPTION WORKS (PART 01)

Step 01:  Encode plaintext in polynomial
17 à Encode: 2x3+3x2+5x+6 24 à Encode: 7x3+2x2+2x+2

Can be done with standard encoding techniques:  {integer encoding, fraction encoding}

𝑅& = ℤ& 𝑥 /Φ$ 𝑥

Step 02:  Encrypt into pair of polynomials – i.e., ciphertext polynomials

𝑅! = ciphertext: c=(c[0], c[1]) 𝑅! = ℤ! 𝑥 /Φ" 𝑥

17  à 2x3+3x2+5x+6  à c1[0]: 3432x8191 + 943x8190 + … + 90x1 + 3, c1[1]: 2901x8191 + 890x8190 + … + 231x1 + 56 

24 à 7x3+2x2+2x+2  à c2[0]: 1109x8191 + 134x8190 + … + 23x1 + 7, c2[1]: 8734x8191 + 456x8190 + … + 520x1 + 345 

Polynomial complexity can increase (i.e., for >> depth): e.g., c2[0]: 2164x16383 + 98x16382 + … + 11x1 + 1
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HOW HOMOMORPHIC ENCRYPTION WORKS (PART 02)
Homomorphic Add:

Return: 𝒄𝟏$𝟐 = 𝑐&[0] + 𝑐'[0] ! , 𝑐&[1] + 𝑐'[1] !

𝒄𝟏 = 𝑐&[0], 𝑐&[1] , 𝒄𝟐 = 𝑐'[0], 𝑐'[1]Ciphertext:

q:  10 d:  4

a = -2x3+3x2- x+4
b =  3x3+4x2+0x+4
y =   x3+7x2- x+8
Reduce to ensure in ring

y =   x3-3x2- x-2

e.g., [7]10=-3
-3 ∈ ; ⁄(&)

', )⁄&)
'

PolyAdd

Homomorphic Mult:

Compute: 𝒄𝟏*𝟐 = 𝑐& 0 𝑐& 0 , 𝑐& 0 𝑐' 1 + 𝑐' 0 𝑐& 1 , 𝑐& [1]𝑐'[1]
Return: 𝒄𝟏*𝟐 0 + 𝑅𝐸𝐿𝐼𝑁 𝒄𝟏*𝟐 2 , 𝒄𝟏*𝟐 1 + 𝑅𝐸𝐿𝐼𝑁 𝒄𝟏*𝟐 2

Re-linearization brings ciphertext down to 2 elements

a = -2x3+3x2- x+4
b =  3x3+4x2+0x+4

y = -6x6+ x5+9x4+28x2-4x+16

x4+1

34x2-5x+4

Polynomial 
remainder

reduction
4x2-5x-3

𝒄𝟏 = 𝑐&[0], 𝑐&[1] , 𝒄𝟐 = 𝑐'[0], 𝑐'[1]Ciphertext:

PolyMult
q:  10 d:  4

Typically dominates runtime
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CHALLENGES WITH HOMOMORPHIC ENCRYPTION

Overhead!

Bootstrapping:  
Limited # of computations possible before denoising or 
decrypt/encrypt

𝒄𝟏 𝒆𝟏 𝒄𝟐 𝒆𝟐

𝒄𝟏 C 𝒄𝟐 𝒆∗

Noise threshold Noise threshold

Noise threshold

Multiplication = noise growth

Bootstrapping introduces substantial compute overhead 

desired

desired

1024 plaintexts, 1024-point logistic 
function with Taylor approximation
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CHALLENGES WITH HOMOMORPHIC ENCRYPTION

Step 02:  Encrypt into pair of polynomials – i.e., ciphertext polynomials

𝑅! = ciphertext: c=(c[0], c[1]) 𝑅! = ℤ! 𝑥 /Φ" 𝑥

17  à 2x3+3x2+5x+6  à c1[0]: 3432x8191 + 943x8190 + … + 90x1 + 3, c1[1]: 2901x8191 + 890x8190 + … + 231x1 + 56 

24 à 7x3+2x2+2x+2  à c2[0]: 1109x8191 + 134x8190 + … + 23x1 + 7, c2[1]: 8734x8191 + 456x8190 + … + 520x1 + 345 

With increased security, polynomial complexity increases:  e.g., c2[0]: 2164x16383 + 98x16382 + … + 11x1 + 1

Size!

depth 128b security 192b security 256b security

4 (8192, 218) (8192, 152) (8192, 118)

6 (16384, 438) (16384, 305) (16384, 237)

8 (16384, 438) (32678, 611) (16384, 237)

10 (16384, 438) (32678, 611) (16384, 237)

12 (32678, 881) (32678, 611) (32678, 476)

Polynomial 
complexity 
increases
(n, log(q))

Requirements for given security level (from HE standard)

1.72 MB

236 KB
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CCustomized sense amplifiers
+ in-memory adders (1:N)

Operation selectors

Bit shifters

Shift mask S 
(levels 1 to 5)

𝑂𝑈𝑇

𝑂𝑈𝑇

IPCB
(Copy data to 
same column)

Data in

Enable Copy

𝑂𝑈𝑇𝑂𝑈𝑇𝑂𝑈𝑇

𝑅𝑅𝑅𝑅

𝑂𝑈𝑇𝑂𝑈𝑇𝑂𝑈𝑇

Bitline 
drivers

Sequencing 
circuit 

(controller)

…

IPMB
(Copy data to a 
different column)

• ADD
• Horiz. OR
• OR (READ)
• NOR (NOT)

Enable Move

Flags,
Enables

…

Mem 
cell

Mem 
cell

Mem 
cell

Mem 
cell

Spare 
memory 
addresses

MxN
array

MxN
array

…

(a)

MxN
array

MxN
array

MxN
array

(b)

…

…

…
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CIM HE HARDWARE INFRASTRUCTURE

…

Column i

Shift 1 L/R

…

OUTiOOPi

S1

… …

M1R

M1

M1L

M2R

M2

M2L

…
…

M4R

M4

M4L

…
…

M8R

M8

M8L

…
…

M16L

M16

M16L

S2S3 S4S5S6 S7S8S9 S10S11S12 S13S14S15

Shift 2 L/R Shift 4 L/R Shift 8 L/R Shift 16 L/R

Bit shifters

Bitwise arithmetic, 
logic operations

2T+1FeFET 
memory cell

RD/ORNOR

BLRi

PRE

VPRE = 0.5V

BUFSENSE INVSENSE

…

BLWi

Read 
access 

transistors 
(ON)

…

Precharged bitline

Write 
access 

transistors 
(OFF)

Memory 
array

A

B

Either A=1 or B=1 
will pull the bitline

down

FeFET
(storage 
device)

VPRE = 0.5V

Voltage based 
stage custom SA Sequencing circuits

e.g., reduction of integer X 
modulo q=2k

1. Store mask with 1s, 0s
2. Perform horizontal OR
3. Conditional HomSub

Array dimensions based on 
ciphertexts/bank, coefficient 
modulus, polynomial degree

Coefficients of same degree in same column

Begin with SRAM 
baseline, then 
ASCENT-centric 
solutions

Reis, et al., (SRC P097914)

Can support SHE, FHE
(with Bootstrapping)
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CIM WITH ALGORITHMIC OPTIMIZATION
1. Full-Residue Number System (RNS)
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Shift mask S 
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(Copy data to 
same column)

Data in

Enable Copy
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drivers
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circuit 

(controller)
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(Copy data to a 
different column)

• ADD
• Horiz. OR
• OR (READ)
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Enable Move

Flags,
Enables

…
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MxN
array

MxN
array

…

(a)

MxN
array
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MxN
array

(b)

…

…

…

Mapping

• Full-RNS cannot be implemented when moduli 
are powers of 2 (initial work);

• With Barrett modular reduction, the moduli 
can be any integer (not limited to powers of 2).

Optimizations? HomMult Time

NO 6.601 ms

YES 0.121 ms

CiM-HE Figures-of-Merit
with and without 
optimizations:

Improvement w.r.t. CPU: 250.95x time
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Operation selectors

Bit shifters

Shift mask S 
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(Copy data to 
same column)

Data in

Enable Copy
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𝑅𝑅𝑅𝑅
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Bitline 
drivers

Sequencing 
circuit 

(controller)

…

IPMB
(Copy data to a 
different column)

• ADD
• Horiz. OR
• OR (READ)
• NOR (NOT)

Enable Move

Flags,
Enables

…

Mem 
cell

Mem 
cell

Mem 
cell

Mem 
cell

Spare 
memory 
addresses

MxN
array

MxN
array

…

(a)

MxN
array

MxN
array

MxN
array

(b)

…

…

…

• NTT enables pointwise multiplication
• We use it in CiM-HE to reduce the 

complexity/runtime of homomorphic 
multiplications;

2. Number-Theoretic Transform (NTT)

Mapping
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TECHNOLOGY SPECIFIC STUDIES
SRAM 

baselines

NC-FinFET
SRAM

Also, 3D 
SRAM

WBL

SL

WL

Vread

WBL
SL

WL

Vread

Spin Hall Effect

Domain Wall

WBL

SL

Vread

RBL

Cbit

WL

RBL

Cbit

RBL

Cbit

Spin Diffusion

WBL

SL

WL

Vread

Magnetoelectric Effect

RBL

Cbit

Free Magnet

Fixed Magnet OxideCopper
Spin Hall Effect 
Material Antiferromagnet

(a) (b)

(c) (d)

SOT-

MRAM

Collaborate with Azad Naeemi

FeFETs

Erase

n+
p-
Si

Interlayern+

Gate
Program

n+
p-
Si

Interlayer
n+

Gate

2T+1FeFET 
memory cell

BLRi

…

BLWi

Read access 
transistors 

(ON)

…

Write access 
transistors 

(OFF)

Memory 
array

A

B

Properly sized cell generates 
reference current

FeFET
(storage 
device)

VDD = 1V

SENSESENSE

ANDAND

BLRi
REF CELL

ENCS ENCS

BLWi
REF CELL

Read access 
transistor 

(ON)

Enable transistors are ON

Current based of 
custom SA

When A=1 and B=1
Resistance BLRi < BLRi REF CELL

Branch X discharges faster than branch Y
AND output = 1

Sense transistors 
are ON

Branch X
Branch Y

Reis, et al., (SRC P093271, P097914)

Leverage existing FeFET-based CIM studies/designs
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TECHNOLOGY SPECIFIC STUDIES

• Op time breakdown (e.g. HomMult):
50.6% adds, 19.2% shifts, 29.3% writes, 
<1.0% controller Density 1x to 6x

CPU
Baseline (1x)

SRAM: 251x

FeFET[1]: 354x

Implementation (total)
architecture (a) / technology (t)

Target:  estimate impact of memory technology on CiM-HE

• How does a technology compare 
to SRAM?

FeFET+SRAM: 706x
251x (a) /2.8x (t)

SOT-MRAM[2]: 536x
251x (a) /2.1x (t)

251x (a) /1.6x (t)

[1] D. Reis et al. Design and Analysis of an Ultra-Dense, Low-Leakage, and Fast FeFET-Based Random Access Memory Array. IEEE JxCDC, 5(2), 103-112.
[2] F. Oboril et al, "Evaluation of Hybrid Memory Technologies Using SOT-MRAM for On-Chip Cache Hierarchy," in IEEE TCAD, vol. 34, no. 3, pp. 367-380, March 2015, doi: 10.1109/TCAD.2015.2391254.

CiM and CPU both
implement algorithm 
optimizations

Source: [1]
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FUTURE WORK
Combine ASCENT-centric technology driven architectures with work in CRISP
• Already doing so in context of HD computing

Funded via JUMP mid-program realignment :
• X. Sharon Hu, José Martínez, Michael Niemier
• “Hardware & Programming Models Supporting In-Memory Accelerators for Secure 

Information Processing”

Project will emphasize CiM for high-speed, low-energy block ciphers (AES) and 
homomorphic encryption
• Explore different CiM architectures, circuit design, and trade-offs
• Develop programming models/tools for for SoCs with CiM-based accelerators
• Benchmark impact of technology on CiM fabrics given technologies under study
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