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Abstract— Ternary Deep Neural Networks (DNNs), which employ 
ternary precision for weights and activations, have recently been 
shown to attain accuracies close to full-precision DNNs, raising 
interest in their efficient hardware realization. In this work we 
propose a Non-Volatile Ternary Compute-Enabled memory cell 
(TeC-Cell) based on ferroelectric transistors (FEFETs) for in-
memory computing in the signed ternary regime. In particular, 
the proposed cell enables storage of ternary weights and employs 
multi-word-line assertion to perform massively parallel signed 
dot-product computations between ternary weights and ternary 
inputs. We evaluate the proposed design at the array level and 
show 72% and 74% higher energy efficiency for multiply-and-
accumulate (MAC) operations compared to standard near-
memory computing designs based on SRAM and FEFET, 
respectively. Furthermore, we evaluate the proposed TeC-Cell in 
an existing ternary in-memory DNN accelerator. Our results show 
3.3X-3.4X reduction in system energy and 4.3X-7X improvement 
in system performance over SRAM and FEFET based near-
memory accelerators, across a wide range of DNN benchmarks 
including both deep convolutional and recurrent neural networks.

Keywords—Deep Neural Networks, Dot-Product, Ferroelectric 
Transistors, In-Memory Computing, Low-Precision, Multiply-and-
Accumulate, Ternary DNN. 

I. INTRODUCTION

Deep Neural Networks (DNNs) have gained immense 
popularity in recent years due to their ability to achieve 
remarkable accuracies in a wide range of cognitive tasks [1]. 
However, the high computation and storage demands pose key 
challenges to their ubiquitous adoption. An important scenario 
that exemplifies this challenge is low-power inference, wherein 
DNN models are executed on deeply embedded IoT devices and 
wearables that have severe energy and area constraints [2]. 

To deploy DNNs on cost-constrained systems, low-precision 
is of great interest as it lowers all aspects of energy usage, viz., 
compute, interconnect, and memory. Recent studies suggest that 
ternary precision networks are especially promising as they offer 
accuracy close to full-precision networks and significantly 
higher than binary networks [3, 4]. Ternary networks drastically 
reduce the complexity of matrix multiplication which constitutes 
>90% of DNN computations, thereby facilitating reductions in 
computation time and energy. In this work, we explore the 
design of efficient hardware for ternary DNNs.

Traditional CPUs, GPUs and specialized DNN accelerators 
suffer from frequent memory accesses, limiting their energy 
efficiency and performance [5]. To address this issue, various 
works have proposed in-memory computing, wherein 
computations are performed within the memory array, 
eliminating the memory access overheads associated with 
traditional von-Neumann architectures [6-15]. Most existing 
designs perform in-memory multiplication of binary operands 
[6, 7, 12], binary activations with ternary weights [13], or target 
higher-than-ternary precisions for analog vector-matrix 

multiplication [10, 11]. Recently, a CMOS based ternary in-
memory DNN (TiM-DNN) architecture was proposed for pure 
signed ternary computation (ternary inputs and weights: ‘-1’, 
‘0’, ‘+1’) [9]. Such an approach enables massively parallel 
signed ternary vector-matrix multiplications in a single array 
access, for efficient realization of ternary DNNs. 

Although CMOS-based in-memory computing designs are 
promising for achieving energy and performance improvements 
compared to traditional CPU/GPU architectures, they face some 
major drawbacks. For instance, in 6T SRAMs, coupling of read-
write paths may lead to cell disturbances during computations 
with multi-word-line assertion [14]. Moreover, static leakage 
due to technology scaling offsets the efficiency gain achieved 
during in-memory compute operations [16]. Lastly, large bit-cell 
area limits their on-chip capacity and in-memory computation 
bandwidth. Emerging non-volatile memories (NVMs) such as 
spin-transfer-torque magnetic RAM (STT-MRAM), Resistive 
RAMs (RRAMs) and FEFETs have showcased great potential 
to replace or complement CMOS based memories by 
overcoming their drawbacks. FEFETs, in particular, are 
extremely promising due to their electric-field-driven low-
power write operation compared to current-driven write in STT-
MRAMs and RRAMs [17]. These desirable properties have 
driven recent interest towards in-memory computing with NVM 
[10-12]. However, to the best of our knowledge, ternary in-
memory computation using any emerging NVM has not been 
previously explored.

In this work, we propose a non-volatile ternary compute-
enabled memory cell (TeC-Cell) that can perform massively 
parallel in-memory matrix multiplication in the signed ternary 
regime. The proposed TeC-Cell is designed by utilizing CMOS 
compatible FEFETs coupled with a judicious selection of input, 
weight and output encodings, which enable a compact cell 
design compared previous SRAM-based in-memory computing 
designs. The key contributions of this work are: 
• We propose a ternary compute-enabled NVM cell (TeC-

Cell), which can perform scalar multiplication of the stored 
value (weight) and an external input, where both the weight 
and the inputs are signed ternary numbers. 

• Utilizing the TeC-Cell, we design an array (TeC-Array) that 
performs massively parallel signed ternary dot-products in-
memory. We demonstrate that the TeC-Array achieves 
significant energy-delay benefits compared to near-
memory designs with FEFET-based NVM and SRAM. 

• Finally, we incorporate the proposed TeC-Array in a ternary 
DNN accelerator to evaluate its performance and energy 
benefits across a wide range of state-of-the-art DNN 
benchmarks including both deep convolutional and 
recurrent neural networks. We achieve 3.3X-3.4X energy 
efficiency and 4.3X-7X performance boost compared to 
SRAM and FEFET-based near-memory DNN accelerator.
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II. BACKGROUND

A. Ternary precision Networks
Ternary networks have emerged as an attractive option in the 

quest for low-precision DNNs. However, the performance and 
energy efficiency of near-memory accelerators for ternary 
networks are bottlenecked by the on-chip memory due to the 
sequential row-by-row access. The closest prior efforts on in-
memory computing involve dot product computation of either 
ternary inputs with binary weights [6] or vice-versa [13]. 
Although these are attractive design choices to achieve 
improved energy efficiency, a pure ternary network with signed 
ternary weights and inputs (‘-1’, ‘0’, ‘+1’) can achieve 
substantially better accuracy compared to the binary networks 
[3-4]. Furthermore, techniques presented in [6, 13] can only 
enable simultaneous activation of a limited numbers of rows due 
to sensing constraints. This limits the parallelism achieved in 
vector-matrix multiplication. A recent CMOS-based design, 
TiM-DNN [9] overcomes such limitations by performing 
massively parallel in-memory dot product computations in the 
signed ternary regime.

This work proposes a novel compute-enabled ternary cell 
(TeC-Cell) using emerging NVM based on FEFETs, featuring 
non-volatility, higher integration density and near-zero stand-by 
leakage power compared to SRAMs. Notably, the input, weight 
and output encodings that we propose here enable in-memory 
dot product computation of weight and input vectors with the 
addition of just two more transistors to a pair of FEFET NVM 
cells [18]. The compact TeC-Cell design enables a higher degree 
of parallelism for in-memory computing compared to other 
memories at iso-area (as discussed later in Section V). The built-
in non-volatility of TeC-Cell, along with its low power operation 
can potentially enable energy-efficient realization of DNNs for 
edge computing devices such as IoT sensors. Note that our 
design technique is not limited to FEFETs but can also be 
applied to other memories with separate read-write paths (such 
as Spin Orbit Torque MRAMs (SOT-MRAMs) [19], eDRAMs 
[13], etc.), to enable ternary in-memory computation.
B. Ferroelectric Transistors (FEFETs) and NVM Designs

FEFETs are promising emerging memory devices which 
exhibit non-volatility, zero stand-by leakage and excellent 
CMOS compatibility [17] (Fig. 1(a)). The unique capacitance 
interactions of the ferroelectric (FE) and the underlying FET 
channel results in non-volatility built into the transistor. When 
the polarization stored is positive/negative (+P/-P), then the n-
type FEFET is in the low/high resistance state (LRS/HRS; Fig. 
1(b)). Due to the non-volatility of polarization in the FE, the 
resistance state is retained even in the absence of any externally 
applied voltage bias [17]. Such unique features along with 
CMOS compatibility of FE materials such as Hafnium 
Zirconium Oxide (HZO) have made FEFETs promising for non-
volatile data storage [18] as well as for neuromorphic computing 
applications [10-11]. 

Several variants of FEFET-based NVMs have been 
proposed earlier. 1T-FEFET NVM in [20] achieves high density 
but at the cost of reduced write disturb margins. A 2T-FEFET 
NVM in [18] uses a write access transistor to eliminate write 
disturbs present in 1T-FEFET NVM. However, such a design 
requires an unconventional read biasing scheme leading to 
design overheads. A 3T-FEFET NVM consists of read and write 
access transistors connected to the FEFET. The 3T design 

enables isolation of the bit-cell during its access, thereby 
overcoming the drawbacks of the 1T-FEFET and 2T-FEFET 
NVM designs [18]. In this work, we utilize 3T FEFET NVM 
(given their benefits) and add minimal number of transistors 
(discussed in Section III) in order to achieve ternary storage and 
computation in the proposed NVM (TeC-Cell). It may be noted, 
however, that the proposed technique can also be utilized with 
other FEFET NVMs. 

Recent studies on FEFETs such as [10-11] have utilized the 
multi-domain (MD) effects to achieve multi-level analog 
weights (beyond ternary) for DNN applications as well as 
compact memory cells. Although they are very attractive, the 
scalability of MD effects needs further exploration. Therefore, 
we do not explore this direction and instead focus on realizing 
ternary in-memory computation for DNNs with two-level 
FEFETs. Although beyond the scope of this work, we believe 
the proposed TeC-Cell can utilize the multi-domain effects of 
FE and potentially achieve richer set of functionalities. 
Modeling and Simulation Methodology: We employ a SPICE 
based circuit-compatible model for FEFETs, where the FE is 
modeled using time-dependent Landau Khalatnikov (LK) 
equations, self-consistently coupled with the underlying FET 
based on a predictive technology model [21]. The LK 
parameters used in this work are =-0.7x109m/F; =6x108 
m5/F/C2; =3x1011 m9/F/C4; and viscosity coefficient ( ) 
=0.025 -m [22]. We consider FE thickness in FEFETs (TFE) = 
15nm (unless stated otherwise). We design our proposed cell 
with minimum-sized FEFETs and CMOS FETs for high density. 
A hysteresis window of ~1V used in this work (Fig. 1(b)) has 
also been experimentally demonstrated in previous works [10].
III. FEFET BASED TERNARY COMPUTE-ENABLED MEMORY 

A. Ternary Compute-Enabled Memory Cell (TeC-Cell)
To enable ternary in-memory computation, we propose a 

non-volatile ternary cell (TeC-Cell) which consists of 2 FEFETs 
and 6 standard FETs. The schematic and layout are shown in 
Fig. 2. The core of the TeC-Cell involves two 3T-FEFET based 
memories [18] (for ternary storage), which are cross-coupled 
with each other using just 2 additional transistors per cell (M5 
and M6). Transistors M1 and M2 are the write access transistors, 
which enable selective writing of the data in the array as the 
polarization of the two FEFETs (PA in MA and PB in MB). M3 
and M4 are the read access transistors, used to sense the data 
without disturbances from the unaccessed cells. Cross-coupled 
transistors M5 and M6 (along with M3 and M4) enable in-memory 
ternary scalar multiplication as discussed later. The proposed 
technique of designing a TeC-Cell can also be employed in other 
memories with separate read-write paths (such as SOT-MRAMs 
[19], eDRAMs [13] etc.), using just 2 additional cross-coupled 
transistors. In contrast, TiM-DNN requires 7 additional 
transistors for SRAMs [9]. In this paper, we focus our discussion 
on FEFETs since they demonstrate appealing properties such as 
non-volatility, near-zero leakage energy and low-power write. 

Fig. 1. (a) FEFET device structure (b) Simulated transfer characteristics
of FEFET with varying thickness of FE, showing non-volatility at VGS=0V.
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Moreover, their high distinguishability (Fig. 1(b)) is particularly 
useful for robust in-memory computation, as explained later. 
B. Standard Read-Write Operations

For storing ternary data (storage/weight encoding in Fig. 
3(b)), we assert the write word-line (WWL=VDD=1V) and drive 
the write bit-lines (WBL1 and WBL2) to appropriate values. To 
write ‘+1’ (‘-1’), WBL1= VDD (-VDD) and WBL2= -VDD (VDD) 
is applied. This brings the polarization of the FEFETs to PA= +P 
(-P) and PB= -P (+P). To write ‘0’, WBL1 and WBL2 are driven 
to -VDD, resulting in PA=PB=-P. After write, WWL is de-asserted 
with WBL1=WBL2=0V, resulting in storage of the bit-
information in MA and MB as PA and PB in a non-volatile fashion. 
Note that, as mentioned in Section II, polarization stored in the 
FEFETs corresponds to its resistance states (+P: LRS; -P: HRS), 
which is used for the read operation as discussed next. 

 For sensing the bit stored, the read word-line (RWL1) is 
asserted with the read bit-lines (RBL1 and RBL2) pre-charged 
to VDD. Now, based on the polarization stored, RBL1 and RBL2 
will either discharge or remain at VDD, due to high LRS and low 
HRS currents, respectively (Fig. 1). For the case when the bit 
stored is ‘+1’ (PA=+P; PB=-P), RBL1 discharges (MA in LRS), 
while RBL2 remains at VDD (MB in HRS). The opposite occurs 
when the bit stored is ‘-1’ (PA=-P; PB=+P). When the TeC-Cell 
stores a ‘0’ (PA=-P; PB=-P), both RBL1 and RBL2 remain at 
VDD. We use a voltage sense amplifier to compare the RBL1 and 
RBL2 voltages with a reference voltage (0.95V in our analysis). 
Note that, during read and write, RWL2 is always de-asserted. 
Additionally, the proposed TeC-Cell can also be used as a 2-bit 
binary memory where PA and PB correspond to independent bits, 
without any circuit modifications. 
C. In-Memory Ternary Multiplication using TeC-Cell

In this section, we propose in-memory scalar multiplication 
of ternary weight (stored in the TeC-Cell) with ternary input to 
obtain a ternary output. Initially, the read bit-lines (RBL1 and 
RBL2) are pre-charged to VDD. The ternary inputs are  encoded 
as read word-line (RWL1 and RWL2) voltages as shown in Fig. 
3(a). Depending on the ternary weight (encoded  as PA and PB; 
see Fig. 3(b)), the final RBL1 and RBL2 voltages represent the 
multiplication output (output encoding in Fig. 3(c)).  We explain 
this further with the following examples: 
• When input I= +1 (RWL1=VDD; RWL2=0) and weight W= -

1 (A=0; B=1), transistors M3, M4, MB are ON and M5, M6 and 
MA OFF. This condition results in a discharge path for RBL2, 
resulting in a voltage drop of =100mV (which is sensed with 

the sense amplifier), while RBL1 remains pre-charged at VDD. 
This corresponds to output (O=I*W) = -1. Note that the output 
is inferred with single-ended sensing of RBL1 and RBL2 (see 
Fig. 3(d)). The same voltage conditions of RBL1 and RBL2 
hold true for the case when I= -1 (RWL1=0; RWL2=1) and 
W= +1 (A=1; B=0) as shown in Fig. 3(d).

• When I= +1 (RWL1 =VDD; RWL2 =0V) and W= +1 (A=1; 
B=0), transistors M3, M4, MA are ON while M5, M6 and MB 
remain OFF. This corresponds to a discharge path for RBL1 
(resulting in  drop) with RBL2 remaining at its pre-charged 
voltage, VDD. This voltage condition corresponds to O= I*W= 
+1. This condition also holds true when I= -1 and W= -1.

• When W or I=0, RBL1 and RBL2 remain pre-charged at VDD, 
corresponding to O= I*W= 0.

The truth table for all permutations is shown in Fig. 3(e). 
Note that the proposed TeC-Cell exhibits isolation of read-write 
paths and therefore, in-memory scalar multiplication has no 
effect on the information stored as polarization in the FEFETs. 
D. Ternary Dot Product Computation

We next discuss how TeC-Cells enable in-memory ternary 
dot product computation for vector-matrix multiplication. This 
is achieved by simultaneously asserting the read word-lines of 
TeC-Cells present in a single column as illustrated in Fig. 4(a) 
[9]. The weight vector with ternary elements Wi is stored in the 
TeC-Cells, while the input vector with elements Ii is encoded 
using the voltages of RWL1i and RWL2i (Fig. 3(a). With RBL1 
and RBL2 (which are pre-charged to VDD) connected to cells in 
the same column, the scalar products from each TeC-Cell (as 
discussed in previous sub-section) add up through cumulatively 
discharge of RBL1 and RBL2, resulting in a multiply-and-
accumulate (MAC) operation. The final RBL1 (RBL2) voltages 
correspond to the number of TeC-Cells producing +1 (-1) as the 
scalar product. For example, if ‘a’ scalar multiplication 
produced an output of ‘+1’ and ‘b’ scalar multiplications 
produced an output of ‘-1’, then the final RBL1 and RBL2 
voltages are VDD - a  and VDD - b  respectively. Flash analog-
to-digital converters (ADCs) are employed to yield the digital 
value corresponding to ‘a’ and ‘b’. The final dot product given 
by , is achieved by subtracting ‘b’ from ‘a’ 
using a digital CMOS subtractor. Fig. 4(b) illustrates the sensing 
circuit required to realize the final dot product computation.  

It is important to mention that the sense margin reduces as 
‘a’ or ‘b’ increase, due to the exponential nature of the bit-line 

Fig. 3. (a) Input, (b) Weight and (c) Output encoding for ternary compute 
operations. (d) Example of scalar multiplication in TeC-Cell. (e) Truth 
table for all permutation of I.E and W.E. 

Fig. 2. (a) Circuit design, (b) schematic and (c) layout of ternary compute-
enabled non-volatile memory cell (TeC-Cell)  
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capacitance discharging. For example, if ‘a’ or ‘b’ increase from 
1 to 8,  reduces from 100mV to 80mV as shown in Fig. 4(c). 
This limits the number of cells that can be simultaneously 
activated during dot-product computation. Fig. 4(d) illustrates 
an example of a worst-case input-weight vector scenario for a 
stack of eight TeC-Cells. However, the statistics of the data, 
specifically the prevalence of xero values in weights and 
activations, also plays a role in determining the design choice, 
as discussed in Section IV. Before undertaking this discussion, 
we first analyze the implications of process variations on the 
degradation of sense margins in the next sub-section.
E. Variation Analysis

We study the impact of transistor threshold voltage (VTH) 
variation on the in-memory dot-product operation. We consider 
6  = 120mV [23] for VTH of all the transistors (where  is the 
standard deviation). We perform Monte-Carlo SPICE 
simulations considering 1000 samples each, for cases ranging 
from 1  discharge to 8  discharge (states >8  are not 
considered since they are not sufficiently distinguishable). As 
the amount of discharge increases, the probability of sensing 
error also increases as shown in Fig. 5(a) (higher overlapping of 
RBL voltages between adjacent  states). However, it is also 
important to note that the probability of occurrence of the states 
decrease with increasing discharge values [9] (due to data 
statistics, as discussed in Section IV). The probability of an error 
in the dot-product is equal to the product of sensing error 
probability and the occurrence probability of a particular 
discharge state (number of s; # ). Fig. 5(b) illustrates the dot 
product error probability as a function of # , exhibiting a non-
monotonic behavior. Moreover, the total probability of error 
(PT) during the dot-product operation is the sum of errors 
observed for each #  (Fig. 5(b)), is 3.10e-3. In other words, for 

every 1000 MAC operations we have ~3 errors with magnitude 
±1 [since only adjacent  states overlap, as seen in Fig. 5(a)]. 
Our system-level evaluations reveal that PT of 3.10e-3 has 
negligible impact on accuracy of DNNs, attributed to the low 
magnitude of errors and resiliency of DNNs to computational 
errors [24]. Note that FEFETs may encounter variability due to 
variation in FE parameters such as domain size/distribution [11], 
whose implications on the proposed ternary computation 
requires additional study. 

IV. TEC-ARRAY DESIGN 

 In this section, we present an array architecture using the 
proposed TeC-Cells for accelerating ternary DNNs. The TeC-
Array can perform  massively parallel vector-matrix 
multiplication (or in-memory dot product computation) between 
ternary inputs and weights. The maximum number of 
simultaneously accessed cells in a column is determined by two 
factors: (a) Sensing failure: As discussed in the previous section, 
increase in ‘a’ or ‘b’ results in reduced sense margins and higher 
errors. (b) Sparsity: At the same time, the occurrence probability 
of large ‘a’ or ‘b’ is also low [9]. This is due to >40% of vector 
elements being zeros as discussed in [3, 4, 9] (known as sparsity 
in DNNs). Therefore, considering the above mentioned factors, 
the optimal number of TeC-Cells which can be accessed 
simultaneously is N=16. It is important to note that, although we 
can only detect a maximum of 8 states reliably [Fig. 4(c)], we 
are able to use N=16 by harnessing the advantages of sparsity in 
DNNs [9]. However, having only N=16 TeC-Cells in each 
column of an array may not be practical. Therefore, we designed 
a blocked 2D array with TeC-Cells, grouped into M=16 blocks, 
with each block containing K=256 columns, and each column 
having N=16 rows of TeC-Cells. Thus, the proposed array 
consists of N*M*K  TeC-Cells (Fig. 6). We use a block decoder 
to access the N rows of a block simultaneously. WWLs, RWL1s 
and RWL2s of TeC-Cells in a row are connected together, while 
WBL1s, WBL2s, RBL1s and RBL2s of TeC-Cells in the same 
column are shared. K TeC-Cells in a row are accessed together 
for the read/write operations. On the other hand, in-memory 
ternary dot product computation is achieved at the block 
granularity where K dot-product operations of vector length N 
are performed in parallel. 3-bit Flash ADCs connected to RBL1 
and RBL2 along with a 3-bit subtractor are employed for 
determining the dot-product (since maximum number of 

Fig. 4. (a) Ternary dot-product computation of input vector I and weight 
vector W (b) MAC sensing unit consisting of ADCs and subtractor. (c) 
RBL voltage vs number of  drops. (d) An example of worst-case input-
weight scenario for sensing, resulting in a=8.

Fig. 6.  TeC-Cell array design with N-rows and K-columns in a block and 
M-blocks in a column.

Fig. 5. (a) Variation analysis with 1000 Monte Carlo sample for each state 
varying from 1  to 8 . (b) Probability of MAC error with varying s.
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detectable s =8 ; see Fig. 4(c)). Therefore, in one block access, 
the array can perform ternary multiplication of input vector I 
(with N elements) and weight matrix W (of size N*K). 

In order to perform ternary dot products on vector lengths 
N=16, we utilize the technique proposed in [9] of storing partial 
sums in a peripheral compute unit (PCU) using a sample and 
hold circuitry. After multiple block accesses (in the same 
column), we accumulate all the partial sums to determine the 
final dot products. The dot products are then quantized, and 
passed through an activation function to derive inputs to the next 
DNN layer. Moreover, as discussed in [9] we utilize L=32 PCUs 
for the entire array (where L<K=256) in order to amortize area 
energy overheads of the peripheral circuits.  

V. RESULTS

A. Array-Level Analysis
In this sub-section, we compare the write, read and MAC 

performance and energy of the proposed TeC-Array with respect 
to two baselines: 6T-SRAM and 3T-FEFET NVM. We design 
near-memory ternary accelerators for the baselines, where the 
accelerators access scratchpad memories row-by-row before 
performing vector-matrix multiplication. We note that the gains 
shown for our design are pessimistic as we do not include the 
energy and latency of the processing elements in the near-
memory compute baselines. All the memory arrays are designed 
with the same capacity (=128Kb). 

(i) Layout Area (Fig. 7(a)): The proposed TeC-Cell exhibits 
33% lower area compared to two 6T-SRAM cells (which can 
store a ternary bit) due to 4 less transistors. With respect to two 
3T-FEFET-NVM cells, the proposed TeC-Cell exhibits 34% 
higher area attributed to the additional M5 and M6 transistors 
(Fig. 2) that are added to enable ternary in-memory computation. 
Note that, although two 6T-SRAM or 3T-FEFET cells can store 
a ternary weight, they do not support in-memory ternary 
compute offered by the proposed TeC-Cells. 

 (ii) MAC Operation (Fig. 7(b)): The major advantage of the 
proposed TeC-Array is massively parallel in-memory 
computation of ternary dot-products. This results in 91% and 
89% higher performance for the TeC-Array in comparison with 
the SRAM and 3T-FEFET NVM array baselines. At the same 
time, the MAC operation using TeC-Arrays exhibits 72% and 
74% improved energy efficiency compared to SRAM and 3T-
FEFET NVM, respectively. This is attributed to the 
simultaneous assertion of multiple-word-lines unlike the near-
memory compute baselines which require row-by-row access. 
For DNNs, the predominant contributor to energy/delay is the 
MAC operation. Hence, the energy savings achieved at array-
level are expected to translate to system-level energy efficiency, 
as discussed subsequently. 

(iii) Read/Write Operations (Fig. 7(c, d)): The enablement 
of ternary in-memory computation in the proposed TeC-Cells 
comes at the cost of some overhead for the read/write operations. 
Compared to 3T FEFET-NVM, we observe 19%, 12%, 19% and 
almost similar read delay, write delay, read energy and write 
energy, respectively, for the proposed TeC-Cells. This is mainly 
attributed to the larger cell area and additional BL capacitances 
due to the drain capacitances of M5 and M6 (Fig. 2).  When 
compared to SRAM, we observe similar trends with one 
exception in read delay which is 7% lower. This is due to lower 
WWL capacitance in TeC-Cell (due to smaller area). Note that 
write energy of FEFET memories is ~2X compared to SRAM, 

mainly due to the overheads associated with negative voltages 
needed for polarization switching (Fig. 1). 

It is important to note that in DNN applications, more than 
90% of operations are MACs. Therefore, even in the presence 
overheads in standard read and write operations, the total system 
performance and energy is drastically improved for ternary 
DNNs implemented using TeC-Arrays, as discussed next.
B. System Evaluation

(i) Simulation Framework: In this sub-section, we evaluate 
the system-level performance/energy efficiency of TeC-Cells. 
To that end, we utilize the TiM DNN accelerator architecture 
proposed in [9] and design an TeC-Cell based system (TeC-
System) with 32 TeC-Arrays (256x256). We compare the TeC-
System with near-memory DNN accelerators to quantify the 
system-level benefits due to in-memory operations enabled by 
the proposed TeC-Cell. The baseline accelerators are designed 
using memories with near-memory computation units to execute 
ternary dot-products. (Note, baseline memories considered here 
cannot perform in-memory computation). We use two memory 
technologies SRAM and FEFET, and design two types of 
baseline systems: (i) iso-area and (ii) iso-weight storage capacity 
(2 Mega ternary words) as the TeC-System. TeC-Arrays 
(256x256) are 0.89X smaller than 6T SRAM arrays (256x512) 
and 1.5X larger than FEFET arrays (256x512) (including the 
overheads of peripherals). Therefore, the SRAM based iso-area 
design uses 28 arrays and the FEFET based iso-area baseline 
utilizes 48 arrays. We use an in-house architectural simulator to 
obtain the energy/performance of the TeC-System compared to 
the baselines using a suite of DNN benchmarks [9].

(ii) Performance benefits: Fig. 8(a) shows the normalized 
execution time for various DNN benchmarks executed on the 
baseline and the proposed designs. We also show the breakdown 
of the execution time into two components – TMAC-Ops 
(Ternary vector-matrix  multiplication operations) and Non-
TMAC-Ops (other DNN operations). On average, we achieve 
7X and 6.3X speedup over SRAM based iso-capacity and iso-
area baselines, respectively, and 6.1X and 4.3X speedup over 
FEFET-based iso-capacity and iso-area  baselines, respectively. 
Across our baselines, the FEFET-based iso-area design achieves 
the best performance due to the higher-level of parallelism 
available from the extra 16 arrays. For the proposed design, the 

 
Fig. 7. (a) Cell layout area and normalized energy-delay metrics for (b) 
MAC, (c) Write and (d) Read operations for TeC-Cell with in-memory 
computation, FEFET-NVM and SRAM with near memory computation.
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performance benefits arise due to ternary in-memory operations 
in TeC-Arrays, wherein we activate and compute on 16 memory 
rows simultaneously. The application-level speedup depends on 
the fraction of the execution time spent on TMAC-ops, and 
therefore, benchmark applications with higher TMAC-
Ops/Non-TMAC-Ops ratio achieve higher speedups. 

(iii) Energy benefits: Next, we present the system-level 
energy benefits of the TeC-System over the iso-area SRAM and 
FEFET baselines. Note that, the iso-capacity baselines will 
exhibit similar energy consumption as iso-area baselines 
because, the total system energy consumption depends on the 
number of TMAC-Ops and Non-TMAC-Ops, which remains 
constant for an iso-capacity or iso-area baseline. Fig. 8(b) shows 
that the major components of energy consumption are TMAC-
Ops, programming (writing weights into arrays), DRAM 
accesses, buffer reads and writes, and Non-TMAC-Ops. On an 
average, we achieve 3.3X and 3.4X reduction in the application-
level energy over the SRAM and FEFET baselines, respectively. 
Across our benchmark applications, the factors indicating higher 
speedup are also predictive of higher energy savings, i.e., larger 
fraction of TMAC-Ops leads to superior energy benefits. This is 
because the proposed TeC-Array utilizes massively parallel in-
memory TMAC-Ops which are more energy efficient than near-
memory computing baselines (Fig. 7). We also observe that the 
FEFET-iso-area baseline consumes slightly more energy than 
the SRAM-iso-area design, due to high write energy of FEFETs. 

Table. 1 shows the comparison of the proposed architecture 
with other state-of-the-art approaches. With respect to TiM-
DNN [9], we achieve ~2X improvement in TOPS/W and 
TOPS/mm2 due to TeC-Cell’s compact layout footprint. With 
respect to experimental findings in XNORBIN [25] and Tesla 
V100 [5], which are traditional computing architectures (not in-
memory), we observe 2.7X-607X and 35X-813X improvements 
in TOPS/W and TOPS/mm2, respectively.

VI. CONCLUSION

In this work, we propose a compact, non-volatile, ternary 
compute-enable memory cell (TeC-Cell) based on ferroelectric 
transistors. Our design enables dot-product computation in the 
signed ternary regime with the addition of just two transistors to 
a pair of FEFET based NVM cells. We design a memory array 
using TeC-Cells to enable massively parallel in-memory ternary 
computations. The influence of process variations on the dot-
product operations are also analyzed. Our array and system-level 
evaluations showed that the proposed designs achieve up to 7X 
and 3.4X improvement in performance and energy efficiency 
compared to near-memory computing architectures.
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