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Supplementary Information

Single FeFET Characteristics
The polarization switching dynamics in 8nm HfO2 FeFET is limited by ferroelectric reverse

domain nucleation. In this model, the switching time follows an exponential dependence on
the applied pulse amplitude’ (tocexp((Vo/Vapp))), Where Vs is a fitting parameter and Vapp is
the applied pulse ampliutde. When plotting the logarithm of the applied pulse width as a
function of the (1/Vapp)’, we can obtain a linear relationship. Supplementary Fig.1 shows that
the measured data can be nicely fitted by a linear straight line. Therefore, this confirms that

the switching kinetics in HfO2 FeFET follows the nucleation limited model.
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Supplementary Fig.1. The relationship between the required pulse width and the inverse of

the square of the applied pulse amplitude for a given FeFET memory window.



Single 2FeFET TCAM Cell Characteristics

The main text introduces the search bit ‘0’ operation in a single 2FeFET TCAM cell. Here we
further show the search bit “1” operation in a single TCAM cell, where SL is high and SL is low
during search operation. Supplementary Fig.2a and Fig.2b show the cases where information
bit ‘1’ and bit ‘0’ are stored and bit ‘1’ is searched. When the search data matches the stored
data, the match line remains high as the discharge current is small; when the mismatch occurs,
the match line discharges as a high current flow through the FeFET in the low-Vry state.
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Supplementary Fig.2. Search logic ‘1’ operation in a single 2FeFET TCAM cell.



The third state in TCAM is the don’t care state ‘X’, which is a wildcard for data search where
the output always results in a match. The don’t care condition can be implemented in the
search pulse or the write pulse. In the former approach, search pulses with amplitudes of o V
(or even negative voltage) are applied to both SL and SL, and therefore the leakage current is
minimal and the match line will remain high, indicating a match. The latter case is shown in
Supplementary Fig.3, where both FeFETs in the TCAM cell are written to high-Vru states,
representing the don’t care state ‘X’. The waveforms show that during the search for a logic
“’ (Supplementary Fig.3a) and a logic ‘0’ (Supplementary Fig.3b), the match line remains high,

indicating a match.
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Supplementary Fig.3. The operations of a single TCAM cell with the ternary don’t care state

X’. (a) search bit ‘1’ and (b) search bit ‘0’ when the two FeFETs are written into high-Vi states.



Single 2FeFET TCAM Cell Simulation

We simulated a single 2FeFET TCAM cell operation in Spice?. The FeFET model used in the
simulation is based on an experimentally calibrated multi-domain Preisach model3. In this
model, the ferroelectric is assumed to be composed of independent domains whose
polarization-voltage relationship for each domain is described by a single retangular hysteron.
We assume a distribution of the coercive field pertaining to each hysteron. The overall
response of the ferroelectric FET can be obtained by summing the contributions from all the
individual domains by considering their coercive field distribution. The model adopts the
nucleation limited domain switching dynamics model, which allows for an accurate
description of the FeFET switching dynamics. We apply this model in the simulation of a single
2FeFET TCAM cell to demonstrate the search operation speed. For all the simulation results

shown in the paper, parasitic capacitances on the metal lines (45nm node) are included.
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Supplementary Fig.4. Simulation of the search operation in a 2FeFET TCAM cell. (a) The
simulated cell structure which contains a pull up (PMOS) device to pre-charge the ML. (b) The
waveforms of search pulses and the ML voltage.

In the simulation, as shown in Supplementary Fig.4a, the single TCAM cell is composed of
a pull up (PMOS) device, which pre-charges the ML. The TCAM cell is written to store a logic
‘0’ state initially - i.e., the low-Vry state for the left FeFET and the high-Vy state for the right
FeFET. Then the voltages corresponding to the search bits ‘0’ and bit ‘1’ are sequentially
applied. The simulation results exhibit behavior identical to the experiments, as shown in
Supplementary Fig.4b. The ML stays high when the search data matches the stored data and
discharges otherwise. More importantly, it shows that the search operations are intrinsically

fast and can be completedinless than 1 ns as it only involves a single transistor read operation.



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.
Supplementary Fig.5a 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
Supplementary Fig.5b, the device-to-device variation is shown for the first program and erase

cycle.
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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.



Erase pulse of 4 V, for 10 us and a program pulse of -4V, for 10 us are applied. (b) Device-to-
device variation for the 40 devices at the first program/erase cycle. The box plot indicates one
standard deviation of the cycle-to-cycle variation.

These data show that the distributions corresponding to the high-Vry state and the low-Vy4
state in the FeFETs are well separated, allowing reliable error-free sensing of the device state
after considering the variation. This suggests that the polarization switching in FeFET is a well-
controlled deterministic phenomenon. This makes FeFET a promising candidate for

embedded nonvolatile memory applications.



Simulation of the Degree of Match Computation in a TCAM Array

We performed the simulation of the degree of match calculation in a FeFET TCAM array
with integrated perheral sensing circuitry. To match the experiments, we simulated a 1x6
TCAM array, as shown in Supplementary Fig.6a. We replace the passive resistor used in the
experiment with a pull up active transistor. For the simulation, all the TCAM cells are first
programmed to store bit ‘0’ initially. Then the match line is pre-charged by enabling the PMOS
transistor and then kept floating. Search vectors, i.e., ‘000000’, ‘000007’, ‘000011’, ‘000117’,

‘oo1111’, ‘011111’, “111111’, are then applied, similar to the experiment.
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Supplementary Fig.6. Simulation-based studies for sensing the degree of match in a TCAM
array. (a) The array prototype we simulated is composed of 1x6 TCAM cells. In the simulation,
we replace the resistor in the experiment with a PMOS transistor. (b) Depending on the
degree of match between the search vector and the stored vector, the match line discharge
rate will be different.

Supplementary Fig.6b shows the match line waveform during the search operation as a
function of search pattern. It suggests that, with the increase in the number of mismatched
bits (number of bit ‘1’ in the pattern in this case), the match line discharge rate increases. The
simulation results are consistent with the measured data. Note that, the operation speed
shown here is the transistor read speed, which is intrinsically fast, similar to what is shown in

Supplementary Fig.4.



Simulation of Sense Amplifier to Detect the Degree of Match

To detect the small signal margin of the match line (ML) in Supplementary Fig.6, an
additional step is necessary. A commonly used clocked self-referenced sense amplifier
(CSRSA) for this application is shown in Supplementary Fig.7a%*5. It dynamically modulates
threshold voltages of the ML during the pre-charge and evaluation stages, and transfers the
small signal swing of the ML to a large sensing window in SAout, resulting in improved output

development time and better sensing and noise tolerance.
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Supplementary Fig.7. Simulation of the sense amplifier for detection of the degree of match
in the TCAM architecture: (a) circuit diagram of a clocked self-referenced sense amplifier
(CSRSA)*5 ;and (b) its simulated waveforms showing the output of CSRSS with different
degrees of match.

We simulated the operation of the sense amplifier by replacing the pull up device in
Supplementary Fig.6a with CSRSA, and applying the same search vectors in Supplementary
Fig.6. The sense amplifier output waveform is shown in Supplementary Fig.7b. It shows that
the sense amplifier is able to translate the discharge rates of the ML with different degrees of

match to the sensing window which can be easily detected and distinguished.



The Effect of Array Size, Variation, and Parasitics 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.)

(a) 10005 " Numberof 0 bit S

mismatched bits 1
r - - 1 bit o o ]
r 2 bit o P
| 3 bit °

100 ¢

Match line voltage (mV)

.—._Z_QiL./". .

8 bit

10 1 1 1
4 8 16 32 64

Word length (bits)




1.2 ——
(b) I 25%~75%
~1.0r= T 10%~90% -
3 — Median Line
2 0.8t =2 O Mean .
£ =
o 0.6} 4
>
2 oal = _
< =
[$)

T 0.2} =2
> =
. .. . é
0.0 'Without parasitic resistance

012 3 456 7 8
Number of mismatched bits

Supplementary Fig.8. (a) Hamming distance calculation capability as a function of the TCAM
array size (namely the word length). Hamming distances from o bits up to 8 bits are shown
here as a representative study. (b)The effect of FeFET device-to-device variation on the
sensing of the Hamming distance. The variation is extracted from the measured FeFET
variation shown in Supplementary Fig.5. To generate the distribution, 50 different 1x8 TCAM
arrays are simulated.

Detecting the number of mismatched bits was also considered from a hardware
perspective via simulation-based case studies. Again, as a representative example,
Supplementary Fig.8a shows the match line voltage as a function of the TCAM word size for
different Hamming distances between the query and a stored vector. This study suggests that
Hamming distance detection of up to 8 bits can be well supported in an 1x64 TCAM array.

Besides word length, another important factor should be considered is device-to-device
variation in an FeFET. We simulated the impact of FeFET device variations on Hamming
distance sensing. The results are shown in Supplementary Fig.8b. We take the measured
device-to-device variations in Supplementary Fig.5 and simulate the variation of the match line
voltage for various numbers of mismatched bits. At this early stage of FeFET development,

device variation is not optimized. However, we can reliably differentiate all the 8 levels in a



1x8 TCAM array. Extending beyond 1x8 array is challenging right now, but it is likely with future
process optimization.

Furthermore, one significant advantage of a Hamming distance calculation is that it can be
done in segment. As a simple example, if all 64 levels need to be differentiated in a 1x64 array,
we can divide the entire TCAM array into 8 subarrays, where each subarray contains 1x8 TCAM
cells. Each subarray can reliably detect Hamming distance.

Therefore, though the current FeFET technology is at its early development stage, the
ferroelectric TCAM can well support the MANN application in one-shot learning. With future
optimization of this technology, the variation can be further suppressed, which can extend
the current Hamming distance detection capability to larger arrays.

The effect of parasitics on the operation of FeFET TCAM array is presented below. All the
simulation results in this work have already included the parasitic capacitors on the metal
lines. It does not affect the function of the TCAM array, therefore, we mainly focus on the
effect of parasitic resistance. The line resistance on the search lines (SLs) is not a concern for
a practical TCAM array. For a FeFET with 8nm HfO2, the gate leakage current is on the order
of pA at 1V. Therefore, the gate resistance is around 10™ Q. Copper line resistance can be
estimated based on 22nm technology node, where the copper line resistivity p is 3.5uQ-cm®.
Assume a line aspect ratio of 4, The line resistance between two consecutive rows (distance
about 2F, F is the feature size) is 0.8 Q, which is 12 orders of magnitude smaller than the gate
resistance. For any practical array size (e.g., number of rows smaller than 10°), the parasitic

resistances on the SLs are not a concern.
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Supplementary Fig.9. (a) Schematics of 2x2 FeFET TCAM array. Also shown in the schematic
are the parasitic resistances on the match lines (MLs), source lines (ScLs), and search lines
(SLs). (b) Same simulation results as Supplementary Fig.8b but with the parasitic resistances
included.

During the write operation, the match lines (MLs) and source lines (ScLs) are grounded.
Therefore, the parasitic resistances on the MLs and ScLs are not a problem during the write
operation. For the search operation, the effect of parasitic resistances is estimated as follow.
The gate line distance between two FeFETs is 4F. This would lead to an 8F distance between
two neighboring TCAM cells. Then the resistance of the metal line can be calculated to be 3.2
Q. We include this resistance on the MLs and SLs between neighboring TCAM cells. The same
simulation done in Supplementary Fig.8b is performed with parasitic resistance included and
shown in Supplementary Fig.9b. This shows that the Hamming distance calculation function

is not affected by this small parasitic resistance.



The Neural Network Implementation

As shown in Supplementary Fig.10a, the conventional neural network to extract features
from the input images in our studies is composed of two, 3x3 convolutional-ReLU layers with
64 filters, a max-pooling layer, another two, 3x3 convolutional-ReLU layers with 128 filters,
and a max-pooling layer. In the conventional approach using a GPU backed by DRAM, two
fully connected layers are also used, whose output is the feature vector that is stored in the
memory as a floating point number, as shown in Supplementary Fig.10a. In the TCAM
approach, we replace the last fully connected layer with a locality sensitive hashing (LSH)
function, which translates the real-valued feature vectors into binary signature vectors that
are stored in the TCAM memory. It is to be noted that the LSH does not add overhead to both

the storage and computation.
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Supplementary Fig.10. Inference mode operation of the memory augmented neural network
for one/few-shot learning. (a) The system architecture and information flow during inference
process for both GPU backed by conventional DRAM and GPU backed by TCAM. The feature
extraction is performed with a convolutional neural network. For the GPU backed by TCAM,
we replace the last fully connected layer with a LSH layer to translate the real valued feature
vectors to binary signature vectors. (b) The total amount of computation for one memory
search operation. For GPU backed by DRAM, it involves data transfer operation and vector
multiply-accumulate operation; whereas the TCAM needs one memory search operation. (c)
The rule for updating the feature sets in the memory. Two cases are shown, one is when the
nearest neighbor has the same label as the query and the other one is when the two are
different. In the former case, we replace the nearest neighbor with a normalized mean, while
in the latter case we add the new query to the memory if it is not full or replace the least
recently used term.

Given a random hyperplane, r, and a query vector, g, q is assigned to hash buckets
depending on which side of hyperplane r vector q is located. The hash buckets are in one-hot
binary form. The hashed values obtained from the hashing using different hyperplanes are
concatenated to form the signature. For the given simulations, there are 4 hash buckets per
random hyperplane r. There are 16 random hyperplanes used for the experiment. Comparing
LSH signatures is accomplished using a Hamming Distance calculation. The greater the
Hamming Distance between the two signatures, the farther the distance between the points

represented by the signature.



For a single memory search operation, we need to calculate the distance between the
query and all the stored memory entries. In the GPU backed by DRAM approach, that means
that we need to transfer all the memory entries (M entries) to the compute units to calculate
the cosine distance. The total computation involves a data transfer of M entries and M * D
multiply operations as well as M * (D-1) add operations for cosine distance calculation (where
D is the dimension of the feature vector), as shown in Supplementary Fig.10b. However, for
the GPU backed by TCAM approach, we only need a single memory search, which significantly
reduces both the energy and latency. Sometimes, there can be multiple matched memory
entries returned with the same Hamming distance to the query. For all the matched entries,
if they belong to the same class, it does not matter which one is chosen. The class label is
simply returned. Otherwise, the L2 distance between the matches and the query are
calculated to select the item with the minimum distance to the query.

The embedding in the memory is updated based on the following rules, as shown in
Supplementary Fig.10c. If the nearest neighbor entry has the same label as the support image
to be written, the nearest neighbor entry will be updated based on the new information. For
example, in Case A in Supplementary Fig.10¢, the query and its nearest neighbor have the
same class (A). The nearest neighbor is then updated by computing the normalized mean of
the query and the nearest neighbor feature vector. If the nearest neighbor entry has a
different label from the support image to be written, the least recently used (LRU) memory
entry is then replaced. In Case B in Supplementary Fig.10c, the nearest neighbor (o) and the
query (A) have different classes, if the memory is not full, the query is added to the memory,

otherwise the LRU memory entry is replaced.



For training, a batch of query images are used to compute for the triplet loss function that
will be used to compute the gradients to adjust the weights of the neural network during
backpropagation. The goal of the triplet loss function is to move the entries with the same
label closer to each other and those with different labels away from each other. The triplet
loss is based on the squared distance of the query from the nearest entry with the same label
(n4) and the nearest entry with a different label (n_) and is obtained by the following
equation:

Loss = (q — A[n])> — (¢ —Aln-D* + a
Where A[n+]/A[n-] is the signature for the n+/n- entry, respectively. For inference, the hash
signature of the query image is compared with all the memory entries, the label of the nearest

neighbor is then returned as the label of the query image.



Benchmarking the Performance of MANN for One and Few-Shot Learning

As shown in Supplementary Fig.11, for the one and few shot learning tasks performed in
this work, for the GPU backed by DRAM implementation, 80% of the time is spent on
performing operations related to the memory module during inference. It is expected that
this time will increase for more complex MANN tasks, relative to the one/few shot learning in
this work (i.e., the Omniglot dataset). Therefore, accelerating the operation in the memory
module with ferroelectric TCAMs will provide even greater improvements in overall system
performance when compared to this initial case study. Supplementary Fig.12 shows the
hardware platform to implement MANN systems and the system flow diagrams for one-shot
learning inference applications for both GPU backed by DRAM and GPU backed by TCAM
approaches. It shows significant reduction of the memory transfer by replacing the DRAM

memory with TCAM attentional memory.
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Supplementary Fig.11. Decomposition of execution time during the inference process. (a) The
total execution time includes time spent in the neural network feed forward pass and in the
memory module for one episode in 5-way 5-shot learning in a GPU backed by a conventional
DRAM memory module. (b) Decomposition of the execution time spent in the memory

module, including the update operation, and search operation.



Within the 80% of the time spent related with the memory module, 93.5% of the time is
spent performing memory update operations. This is because the memory update operation
is inefficient in a GPU, as shown in Supplementary Fig.12b. After the memory search operation,
the memory index that must be updated is identified (Supplementary Fig.10c), (either the
nearest neighbor or the LRU entry). Given the index, the GPU is extremely inefficient in
performing a scatter update (i.e., an operation like A[index]=B, where A is the memory array
and B is the new value written to the memory entry). Writing to a random address entry
cannot be effectively parallelized in a GPU. However, with the TCAM approach, the memory
entry can be directly written after the entry is identified through the memory search

operation, due to its content-based addressing feature, as shown in Supplementary Fig.12c.
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Supplementary Fig.12. (a) The Hardware setup of a MANN system implemented on a GPU
backed by DRAM platform. (b) and (c) Flow diagram of a MANN system implemented on a
GPU backed by DRAM and a GPU backed by TCAM platform, respectively, during the inference

phase of one-shot learning.
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Supplementary Fig.13. Energy and latency benchmarking of memory search and memory
update operations for one episode in 5-way 5-shot learning for three different architectures:
GPU+DRAM, GPU+CMOS TCAM, and GPU+FeFET TCAM.

For the search operation, when a 16T CMOS TCAM array is employed, we can observe 24x
and 2582x reductions in energy and latency respectively compared with a GPU backed by
DRAM. We further observe a 2.4x and 1.1x reduction in energy and latency respectively when

replacing the 16T CMOS TCAM with 2FeFET TCAMs.



For the update operation, we observe significant reductions in energy and latency by using
CMOS TCAMs when compared with a GPU backed by DRAM. This is because of the extremely
inefficient memory update operation in a GPU, as explained in Supplementary Fig.11 and
Supplementary Fig.12. When replacing the CMOS TCAM with a 2FeFET TCAM, we observe an
additional 3.5x reduction in energy, but also incur a 3.5x penalty in the latency. This is because
the FeFET write is electric field driven, which is extremely energy-efficient, but slower than
the SRAM write in CMOS TCAM. Overall, FeFET TCAM has the same energy-latency product
for the update operation compared with CMOS TCAM.

Based on the improvement achieved with the 2FeFET TCAM for both the memory update
and search operations, the overall system performance improvement can be calculated using
Amdahl’s law, with the decomposition shown in Supplementary Fig.11 (80% of time spent in
memory module). Supplementary Fig.14 shows the execution time and energy consumption
decomposition of a single MANN test episode in 5-way 5-shot learning for both a GPU backed
by DRAM and a GPU backed by FeFET TCAM platforms. This suggests savings of ~4.5x in both
energy and latency with the 2FeFET TCAM approach compared with the GPU+DRAM
approach. Note that, this improvement can be increased for more complex MANN tasks which

will require more frequent memory operations.



m Additional L2 Search
m Memory Update

) 100.00%

80.00% Memory Search

Other Attentional Memory Ops
60.00% B Normalization
m Neural Network

EE 0.001%

" 0.00038%

40.00%

20.00%

Execution Time Percentage B

0.00%
GPU+DRAM GPU+FeFET TCAM

100.00% M Additional L2 Search

m Memory Update
80.00% Memory Search

Other Attentional Memory Ops
B Normalization

60.00%
B Neural Network

40.00%
70.000342%

————

. -

GPU+DRAM GPU+FeFET TCAM

20.00%

Energy Consumption Percentage T

0.00%

Supplementary Fig.14. (a) Execution time and (b) energy consumption breakdown for various
operations in one episode of 5-way 5-shot learning.

To compute the GPU latency and energy consumption, an NVIDIA TX2 is used to run the
individual operations. The energy is obtained externally using NI USB-6216 BNC’8. The
simulation is run for 1000 and 2000 iterations. The result of the 1000 iteration run is subtracted
from the result of the 2000 iteration run to remove the initialization overhead. The result is
then divided by 1000. This is repeated 10 times to provide a better idea of the average

hardware performance across multiple runs.
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