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Abstract—Neural networks (NNs) have shown great ability
to process emerging applications such as speech recognition,
language recognition, image classification, video segmentation,
and gaming. It is therefore important to make NNs efficient.
Although attempts have been made to improve NNs’ computation
cost, the data movement between memory and processing cores is
the main bottleneck for NNs’ energy consumption and execution
time. This makes the implementation of NNs significantly slower
on traditional CPU/GPU cores. In this paper, we propose a
novel processing in-memory architecture, called NNPIM, that
significantly accelerates neural network’s inference phase inside
the memory. First, we design a crossbar memory architecture
that supports fast addition, multiplication, and search operations
inside the memory. Second, we introduce simple optimization
techniques which significantly improves NNs’ performance and
reduces the overall energy consumption. We also map all NN
functionalities using parallel in-memory components. To further
improve the efficiency, our design supports weight sharing to
reduce the number of computations in memory and consecutively
speedup NNPIM computation. We compare the efficiency of
our proposed NNPIM with GPU and the state-of-the-art PIM
architectures. Our evaluation shows that our design can achieve
131.5× higher energy efficiency and is 48.2× faster as compared
to NVIDIA GTX 1080 GPU architecture. Compared to state-of-
the-art neural network accelerators, NNPIM can achieve on an
average 3.6× higher energy efficiency and is 4.6× faster, while
providing the same classification accuracy.

Index Terms—Non-volatile memory, Processing in-Memory,
Neural Networks

I. INTRODUCTION

The emergence of Internet of Things (IoT) has significantly
increased the size of application data sets required to be
processed [1]. These large data sets encourage the use of
algorithms which automatically extract useful information
from them and artificial neural networks for this purpose
are being investigated widely. In particular, deep neural net-
works (NNs) demonstrate superior effectiveness for diverse
classification problems, image processing, video segmenta-
tion, speech recognition, computer vision and gaming [2]–
[5]. Although many NN models are implemented on high-
performance computing architectures, such as parallelizable
GPGPUs, running neural networks on the general purpose
processors is still slow, energy hungry, and prohibitively
expensive.

Earlier work proposed several FPGA-based and ASIC de-
signs [6]–[9] to accelerate neural networks. However, these
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techniques pose a critical technical challenge due to the cost of
data movement, since they require dedicated memory blocks,
e.g., SRAM, to store the large amount of network weights
and input signals. Prior work exploits several techniques to
optimize the enormous cost, yet the memory still takes up to
90% of the total energy consumption to perform NN inference
tasks even in the ASIC design [7].

Processing in-memory (PIM) is a promising solution to
address the data movement issue by implementing logic within
memory [10]–[16]. Instead of sending a large amount of data
to the processing cores for computation, PIM performs a part
of computation tasks, e.g., bit-wise computations, inside the
memory, thus avoiding the memory access bottleneck and
accelerating the application performance significantly. Some
research work proposes PIM-based neural network acceler-
ators which keep the input data and trained weights inside
memory [10], [17]–[19]. For example, work in [19] shows that
memristor devices can model the computations in each neuron.
They store trained weights of each neuron as device resistance
values and pass current representing the input values in a way
similar to spiking-based neuromorphic computing. They only
support two functionalities in memory, addition and multipli-
cation, while other important operations such as activation
functions are implemented using CMOS-based logic, which
would make the fabrication expensive. In addition, Analog to
Digital Converters (ADCs) and Digital to Analog Converters
(DACs) used by their design do not scale along with memory
device technology and take the majority of power (61%). In
this context, the ADC/DAC-based computation would not be
an appropriate solution to design PIM-based NN accelerators.

In this paper, we propose a novel NN accelerator, called
neural network processing in-memory (NNPIM), which sig-
nificantly reduces the overhead of data movements while
supporting all the NN functionalities completely in memory.
To realize such computation, our design first analyzes com-
putation flows of a NN model and encodes key NN opera-
tions for a specialized PIM-enabled accelerator. The proposed
NNPIM supports three layers popularly used for designing a
NN model: fully-connected, convolution, and pooling layer.
We divide the computation tasks of the networks into four
operations, multiplication, addition, activation function, and
pooling. Our accelerator supports all of these operations inside
a crossbar memory. Our evaluation shows that our design can
achieve 131.5× higher energy efficiency and is 48.2× faster as
compared to NVIDIA GTX 1080 GPU architecture. Compared
to state-of-the-art neural network accelerator, NNPIM can
achieve on average 3.6× higher energy efficiency and is 4.6×
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faster, while providing the same classification accuracy.

II. BACKGROUND AND RELATED WORK

A NN model consists of multiple layers which have multiple
neurons. These layers are stacked on top of each other in
a hierarchical formation, so each layer takes the output of
previous layer as input and forwards its output to the next
layer. In this paper, we focus on three types of layers that are
most commonly utilized in practical neural network designs:
(i) convolution layers, (ii) fully connected layers, and (iii)
pooling layers. In neural network, each neuron takes a vector
of inputs from neurons of the preceding layer X = 〈X0, · · · ,Xn〉,
then computes its output as follows:

ϕ(
n

∑
i=1

WiXi +b)

where Wi and Xi correspond to a weight and an input re-
spectively, b is a bias parameter, and ϕ(.) is a nonlinear
activation function. Prior to the execution of NNs, parameters
Wi and b are learned in a training process. For inference,
the pre-trained parameters are used to compute the outputs of
each neuron, called activation units. A neuron produces one
activation unit based on two main operations, the weighted
accumulation, i.e. ∑WiXi, and the activation function, i.e. ϕ(.).
By processing all the computation through the layers, also
known as feed-forward procedure, it produces multiple outputs
which are used for the final prediction. Two basic operations
are associated to the weighted accumulation: multiplication
and addition. Thus, the key technical challenge is how to
reduce the size of two input sets.

Modern neural network algorithms are executed on dif-
ferent types of platforms such as GPU, FPGAs and ASIC
chips [6], [20]–[23]. Prior works attempt to fully utilize
existing cores to accelerate neural networks. For example, for a
neural network-based image classification, GPU showed high
performance improvement (up to two orders of magnitudes)
over CPU-based implementation [21]. Several research works
show hardware-based accelerators can further improve the
efficiency of neural networks. DaDianNao proposed a series of
ASIC designs which accelerate neural networks [24]. To fully
utilize data locality, they employed high-bandwidth on-chip
eDRAM blocks instead of using SRAM-based synapses [25].
Work in [26] proposed parallel CNN accelerators which use
GPGPUs, FPGAs or ASICs and work based on stochastic
computing. In their design, the main computation still relies
on CMOS-based cores, thus suffering from the data movement
issue. In contrast, the proposed NNPIM accelerator does not
rely on any additional processing cores.

The capability of non-volatile memories (NVMs) to act as
both storage and a processing unit has encouraged research
in processing in-memory. Resistive RAM (RRAM) is one
such memory which stores data in the form of its resis-
tance [12]. Many logic families have been proposed which
implement basic logic operations in-memory. Memory-Aided
Logic (MAGIC) [27] is one of the many proposed logic
families for RRAM. It uses the resistive nature of ReRAM to
implement logic purely in memory without the need for any

special sense amplifiers or requirement of a unique memory
architecture. MAGIC implements the logic NOR operation in
crossbar memory and uses it as the basis for other operations.
Prior work also tried to use RRAMs to design PIM-based
neural network accelerators [18], [19]. These designs use
multi-level memristor devices which perform the multipli-
cation and addition operations by converting digital values
to analog signals. However, these approaches have potential
design issues. Their designs require analog and digital-mixed
circuits, e.g., ADC and DAC, which do not scale with CMOS
technology. The neural network operations other than mul-
tiplication and addition still rely on the CMOS-based logic,
increasing fabrication costs. In contrast, we design the NNPIM
accelerator which supports all neural network computations
inside the memory without using costly ADC/DAC blocks.

III. PIM-BASED NEURAL NETWORK ACCELERATION

A. PIM for Neural Network

Processing in-memory supports essential functionalities
among different memory rows. These operations should be
general enough to benefit many applications. Neural network
computation is based on a few basic operations, so executing
them in-memory can allow us to run whole application inside
a memory. This would reduce data movement issue and
accelerate any network locally in memory.
In inference, neural networks use a combination of convolu-
tion, pooling, and fully connected layers to process or classify
the data. There are two types of data in neural networks:
(i) a large number of trained weights, which we call them
network model and (ii) the input data which is processed by
the network. The main computation in neural network involves
processing the input data over network using the trained
weights. It leads to several computations between weights
and inputs. The goal of PIM is to locally perform operations
between these inputs and weights inside a memory block, such
that there is no need to send data up to processor. To support
all the required operations in memory, we design a PIM archi-
tecture which can perform addition, multiplication, activation
function, and pooling locally in memory. These operations are
managed inside a memory using simple controllers.

The memory architecture used in this work supports the
following functions on the same hardware:

Addition/Multiplication: Our design can execute the ad-
dition of three data values, in memory, by activating their
corresponding rows. If more values have to be added at the
same time, our design implements addition in a tree structure.
The multiplication inside memory is performed in a similar
way, by generating all possible partial products and adding
them in parallel in memory. We talk about details of hardware
implementation in Section III-B.

Activation Function: Traditionally, Sigmoid function has
been used as an activation function [28]. This function is
defined as: S(x) = 1/1+ e−x. Implementing this function-
ality in memory requires modeling exponential operations.
Our design can handle this operation by using the Taylor
expansion of the Sigmoid function and considering the first
few terms to approximate the Sigmoid function. The Taylor
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expansion only consists of addition and multiplication. We
can easily implement any function in memory as long as
it is representable by Taylor expansion and the more terms
we consider in Taylor expansion, the better the model is for
activation functions. Prior work showed that it is not necessary
to use Sigmoid as an activation function. Instead, using simple
”Rectified Linear Unit” clamped at a certain point (e.g. X=a)
could provide similar or better accuracy than Sigmoid. In that
case, the activation function can be implemented using a single
comparator which checks if input X surpasses a value a. Note
that in case of rectified linear unit, activation function can be
processed simply inside a controller.

Pooling: Our hardware implements in-memory pooling
using nearest search operation. PIM stores the output of
convolution layer inside a memory block with nearest search
capability. The NNPIM pooling unit can be logically viewed as
a lookup table, where each data is present in a separate row
of the crossbar memory. Further, the data within a pooling
window may or may not be present in consecutive rows.
For each pooling window, our search-based pooling activates
the corresponding rows, i.e. charges the wordlines, and then
applies voltages at the bitlines corresponding to MIN/MAX
operation [29]–[31]. The wordline which discharges first is
the output of the pooling window. To find the maximum
value, our design searches for a row with the closest distance
(maximum similarity) to inf value. This inf value in hardware
is the maximum value which can be represented by hardware.
Using this block, we can search for the MAX value among the
selected rows inside the memory. Similarly, the MIN pooling
can be implemented by searching for the smallest value in
lookup table (− inf).

The implementation of average pooling is equivalent to
addition operation followed by division. However, division is
a difficult operation in memory. To avoid the use of a special
division accelerator/circuit, the weights in the layer preceding
the pooling layer are normalized before being encoded in
NNPIM. Hence, the average operation simply becomes an ad-
dition operation. The data corresponding to a pooling window
is added using data intensive addition operation discussed in
Section III-B.

B. In-Memory Addition/Multiplication

In-memory operations are in general slower than the cor-
responding CMOS based implementations. This is worsened
by the serial nature of previously proposed PIM techniques. In
this section, we propose a fast adder for memristive memories,
which introduces parallelism in addition and optimizes its
latency. Our design is based on the idea of carry save addition
(CSA) and adapts it for in-memory computation. We further
use a Wallace-tree inspired structure to leverage the fast 3:2
reduction of our new in-memory adder design. The implemen-
tation of this new adder is made feasible by the configurable
interconnects which we previously proposed in [12].

We use MAGIC NOR [27] to execute logic functions in
memory due to its simplicity and independence of execution
from data in memory. An execution voltage, V0, is applied
to the bitlines of the inputs (in case of NOR in a row) or

wordlines of the outputs (in case of NOR in a column) in
order to evaluate NOR, while the bitlines of the outputs (NOR
in a row) or wordlines of the inputs (NOR in a column) are
grounded. The work in [32] extends this idea to implement
adder in a crossbar. It executes a pattern of voltages in order
to evaluate sum (S) and carry (Cout ) bits of 1-bit full addition
(inputs being A,B,C) given by

Cout = ((A+B)′+(B+C)′+(C+A)′)′. (1a)
S = (((A′+B′+C′)′+((A+B+C)′+Cout)

′)′)′. (1b)

Here, Cout is realized as a series of 4 NOR operations while
S is obtained by 3 NOT operations (evaluation of A′,B′,
and C′) followed by 5 NOR operations. A NOT operation is
implemented as a NOR operation with 1 input. Extending this
1-bit addition to N-bit addition requires propagating carry
between different bits, consuming N times the latency of 1-bit
addition. We define a cycle time (= 1.1ns) as the time taken
to implement one MAGIC NOR operation. This design takes
12N +1 cycles to add two N-bit numbers.

The design in [32] is good for small numbers but as the
length of numbers increases, time taken increases linearly. A
N×M multiplication requires addition of M partial products,
each of size N bits, to generate a (N +M)-bit product. This
takes (M − 1) · (12(N − 1) + 1) cycles to obtain the final
product.

Figure 1 describes our fast addition which we implement in
memory using MAGIC NOR. Figure 1(a) shows carry save
addition. Here, S1[n] and C1[n] are the sum and carry-out
bits, respectively of 1-bit addition of A1[n], A2[n], and A3[n].
The 1-bit adders do not propagate the carry bit and generate
two outputs. This makes the n additions independent of each
other. The proposed adder exploits this property of CSA.
Since, MAGIC execution scheme doesn’t depend upon the
operands of addition, multiple addition operations can execute
in parallel if the inputs are mapped correctly. The design
utilizes the memory unit proposed in [12], which supports
shifting operations, to implement CSA like behaviour. The
latency of this 3:2 reduction, 3 inputs to 2 outputs, is same as
that of a 1-bit addition (i.e., 13 cycles) irrespective of the size
of operands. The two numbers can then be added serially,
consuming 12N + 1 cycles. This totals to 12N + 14 cycles
while the previous adder would take 24N − 22 cycles. The
difference increases linearly with the size of inputs.

Figure 1(b) shows the Wallace-tree inspired structure we
use to add multiple numbers (9 n-bit numbers in this case). At
every stage of execution, the available addends are divided in
groups of three. The addends are then added using a separate
adder (as described above) for each group, generating two
outputs per group. The additions in the same stage of execution
are independent and can occur in parallel to each other. Our
configurable interconnect, introduced in [12], arranges the
outputs of this stage in groups of three for addition in the
next stage. This structure takes a total of four stages for
9:2 reduction, having the same delay as that of four 1-bit
additions. At the end of the tree structure we are left with
two (N + 3)-bit numbers which can then be added serially.
The tree-structured addition reduces the delay substantially
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as carry propagation happens only in the last stage, unlike
the conventional approach where carry is propagated at every
step of addition. Although this speed up comes at the cost
of increased energy consumption and number of writes in
memory, it is acceptable because the latency is reduced by
large margins as shown in Section V.

To extend the idea to multiplication, our design in [12]
generates partial products by looking at one of the input
operands and copy-shift the other one. We then use the fast
addition explained above to add the partial products together.
This provides a huge latency improvement over the previous
in-memory adder designs. We further optimize the massive
amount of shift operations involved in such computations. Our
design divides the crossbar memory into multiple data and pro-
cessing blocks [12] which we describe later in Section IV-D. A
data-processing block pair contains a configurable interconnect
between the two blocks which accelerates shifting and enables
shifting multiple bits in parallel [12].

C. In-Memory Search Operation

As discussed in Section III-A MIN/MAX pooling involves
searching the memory block for the data nearest to − inf/inf.
An efficient way to perform these search operation is to
implement it in-memory. We utilize the inherent characteristics
of capacitors to discharge differentially to search for the
nearest (least hamming distance) data. We also use a voltage
application technique which enables efficient nearest data
search based on binary distance. We apply this technique to
search for the minimum or maximum value among the outputs
of convolution layers.

For a search in conventional CAM, the match-lines (MLs)
are pre-charged to Vdd and then bitlines are driven with Vdd or
0 depending upon the input query. The MLs of rows with more
number of matches discharge earlier. The line to discharge
first is the one with minimum mismatch with the input query.
To give binary weight to the bits, the authors in [30] modify
the bitline driving voltage. Suppose a stage contains m bits
(m−1 : 0). The bitlines which were earlier driven with Vdd are
now driven with a voltage Vi =Vdd/2(m−1−i) where i denotes
the index of a bit in the stage. Here, a bit with higher index
are driven by a higher voltage, giving it more weight than
the lower bits. Hence, a match in the most significant bit
results in faster ML discharging current than lower indices.

We exploit this difference to implement MIN/MAX pooling
as done in [30].

IV. NNPIM DESIGN

A. NNPIM Overview

In conventional systems, sensors are connected to the pro-
cessing system. The output from the sensors is placed into
local storage (often NVM). At the time of processing, the core
reads the data stored in memory sequentially. Once the data is
processed, the outputs are stored back in the memory. NNPIM
acts as an accelerator accompanying the processor. It acts as a
secondary memory such that the output from sensors, is sent
to NNPIM instead of the main memory. Now, since the model
is already stored in NNPIM, the sensor data can be processed
in NNPIM without involving the data transfers in conventional
systems. The output of the network is generated and stored in
NNPIM and can be sent to the processor when requested.

As described before, an inference task in neural network
involves multiplying inputs with the weights, which are cal-
culated during the training phase. Once a network is trained,
the weights remain constant and do not change over different
inference tasks. The previously proposed hardware designs
to accelerate neural networks do not exploit this property
of neural networks. In such cases, multiplication with fixed
weights is computationally as expensive as that with variable
weights.

NNPIM uses this fixed nature of weights to reduce the
complexity of in-memory neural network multiplications. In-
stead of using the weights directly, NNPIM breaks down the
weights into simpler factors. These factors are chosen such
that multiplying a number with them just requires a shift
and add/subtract operation. Hence, instead of exhaustively
generating all the partial products and adding them, we rely on
the fixed nature of weights to pre-process them and calculate
their “multiplication-friendly” factors. All these computations
utilize the PIM operations proposed in Section III.

A neural network usually involves a large number of
weights. Using this large number of weights restricts the
enhancements which in-memory processing can provide. We
realize that the memory requirement and energy consumption
of NNPIM depend on the number of weights. Hence, we use
weight sharing to reduce the number of unique weights in
each neuron [17], [33]. Since all the computations in NNPIM
happen in-memory, we design NNPIM such that this reduction
in weights directly results in a decrease in the number of
memory blocks required for computations.

B. Weight Clustering in NNPIM

The conventional NN requires a large number of multi-
plications. We leverage shared weights to reduce number of
operations, i.e. multiple inputs of each neuron share the same
value, however, a naive implementation of weight sharing can
result in undesirable loss of accuracy. We devise a greedy
algorithm to select the near optimized shared weights that
reduce the loss of accuracy; instead of applying shared weights
to the already trained NN, we train the NN in a way that weight
sharing does not impose much loss of accuracy.
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The weights of each layer are fixed in the inference phase;
in order to share the weights, the clustering algorithm is
applied on the fixed weights. Assuming that a fully-connected
layer maps N neurons into M outputs, the corresponding
matrix WM×N is clustered once and a single set of weights
are generated for the whole matrix. For convolution layers,
the weights corresponding to different output channels are
clustered separately: a convolution layer mapping N channels
into M channels using a weight tensor Wh×h×N×M is divided
into M different tensors and each tensor is clustered separately,
resulting in M different weights.

After clustering, each weight is replaced by their closest
centroids [33]. The objective of clustering is to minimize the
within cluster sum of squares (WCSS):

min
ci1,...,ciNclusters

(WCSS =
Nclusters

∑
k=1

∑
W l

i j∈cik

||W l
i j− cik||2) (2)

where C =
{

ci1,ci2, ...,ciNclusters

}
are the cluster centroids. We

use K-means algorithm for clustering.
Weight clustering essentially finds the best matches that can

represent this distribution, and replaces all parameters with
their closest centroids. Weight clustering is often accompanied
by some degree of additive error, ∆e = eclustered− ebaseline.

To compensate for this error, our algorithm retrains the
neural network based on the new weight constraints. After
each retraining, our design again clusters the weights and
estimates the quality of the classification using the new cluster
centers. The procedure of weight clustering and retraining
continues until the estimated error becomes smaller than a
desired level. Otherwise the retraining procedure stops after a
pre-specified number of epochs. Figure 2 shows the accuracy
of neural network for MNIST dataset during different retrain-
ing iterations. The result shows that retraining improves the
classification accuracy by finding a suitable clusters for each
neuron weights.

One major advantage of weight sharing is that it can
significantly reduce the number of required multiplications.
Each neuron in neural network multiplies several input data,
say n, with pre-stored weights. Therefore, each neuron requires
to multiply n input-weight pairs. Using weight clustering, the
number of distinct weights in each neuron can be reduced to
k, where k << n. Instead of multiplying all input-weight pairs,
we can simply add all inputs which share the same weight and
finally multiply the result of addition with the weight value.
This method reduces the number of multiplications in each
neuron from n to k. This significantly accelerates the NNPIM
computation, since in PIM the multiplication performs much
slower than addition. Moreover, our hardware enables fast ad-
dition of multiple input vectors in-memory. Hence, the inputs
corresponding to the same weight can first be added together
using carry save addition. Then, the result can be multiplied
with the weight. In other words, multiple multiplications are
broken down into a large addition and a multiplication. In this
way, we reduce the number of computations required as well
as the complexity of operations involved.
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Fig. 2. An example of the MNIST classification accuracy during different
retraining iterations when the NN weights are shared into eight cluster centers.

C. NNPIM Multiplication

The multiplier in Section III-B performs exhaustive binary
multiplication. It generates a partial product for each ’1’
present in the multiplier and performs addition. Although this
approach is general and works for all applications but it can
lead to unnecessary latency overheads in certain cases. For
example, multiplication by 255 (b11111111) would require
generation of 8 partial products, corresponding to each ’1’, and
their subsequent addition. The same operation can executed by
multiplying by 256, i.e. shifting by 8 bits, and then subtracting
the multiplicand from the obtained result.

Bernstein algorithm [34] factorizes the constant multiplier
into factors which are a power of 2 or a power of 2 ± 1. It uses
branch and bound based search pruning and finds the factors
based on a formulation for their costs. Figure 3 gives an exam-
ple of how the algorithm can reduce the number of operations.
In this case, binary multiplication takes 6 instructions whereas
the factor-based multiplication takes only 4 instructions. The
binary method is the worst case factorization which can be
obtained using the algorithm.

Using this algorithm involves finding suitable factors. It
can be time consuming and may add unwanted latency if
the operands change frequently. However, such an algorithm
can be useful if one of the operands is constant. In that
case, the constant operand can be factorized once and these
factors can be referenced every time the constant is involved
in multiplication. This makes such factorization suitable for
neural networks, where the weights are always constant and
only the inputs are variable. NNPIM exploits this property
by storing the factors of the weights and using these factors
for computations. We now discuss two ways in which we
use Bernstein algorithm to improve computations in neural
networks. One approach aims to minimize the energy con-
sumption of the design while the other approach presents a
latency-optimized technique.

Energy-Optimized NNPIM: The hardware in Section III-B
utilizes carry save addition to reduce the latency of multi-
plication. However, in order to minimize the propagation of
carry and reduce the latency, it implements a large number of
partially redundant parallel operations. This consumes signifi-
cant amount of energy. A naive energy-efficient design would
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Fig. 4. Generating the partial products in latency-optimized NNPIM

process all partial products serially, adding two at a time.
Such a design is intuitive but does not exploit the constant
operands in neural networks. The inference phase of neural
networks involves multiplication of many input vectors with
weights obtained from the training phase and fixed during
inference. This phase is defined by multiplication of variables,
i.e. input vectors, with constants, i.e. weights, making it a
suitable application for Bernstein algorithm. We can accelerate
the testing phase by factorizing the weights and using these
factors instead of actual weights for computation. For the
example discussed before, binary implementation requires 6
serial shift or add operations, while NNPIM only requires 4
serial shift, add, or subtract operations.

Latency-Optimized NNPIM: The above approach based
on Bernstein algorithm is perfect when the total energy
consumption of the design is the major concern. Bernstein
algorithm reduces the number of operations required but does
not necessarily accelerate the overall in-memory processing.
In carry save addition, carry is propagated only in the end to
minimize the time taken to compute the final product. Breaking
the weights into smaller factors requires the computation of
multiple intermediate products to achieve the final output.
Factorizing 119 into 7 and 17 leads to two carry propagation
stages instead of one. Since carry propagation is the bottleneck
in the multiplication process, many such operations make it
impossible to gain time from the reduced number of instruc-
tions.

In order to reduce latency, NNPIM uses an adder structure
similar to that in Section III-B while taking into consideration
the constant operand in neural networks. It exploits the fact
that in binary representation, a sequence of 1s, for example
b00011111, can be written as a difference of two shifted 1s, i.e.
b00011111 = b00100000− b00000001. Instead of generating
multiple shifted partial products, NNPIM generates only two

partial products. It is similar to Booth’s recoding but differs in
the way it is implemented in memory. Instead of applying the
operations serially as in the case of Booth’s recoding, we mod-
ify subtraction to make it suitable for parallel execution. To
maintain uniformity by executing only addition instructions,
NNPIM simplifies subtraction as shown in Figure 4. In the
figure, generation of 2’s complement of M1 involves inversion
of M1 and addition of 1. Inversion is a single MAGIC NOR
step, where all the bits can be inverted in parallel. Moreover,
1 is added to the shifted version of M1. The LSB of the
shifted M1 is always 0, converting the addition of 1 (Add1
in Figure 4) to a simple SET operation on LSB. The two
partial products can then be added normally as in case of a
conventional multiplication.

The above technique may not be applicable directly since
it is highly unlikely for the weights to always be a sequence
of 1’s. Hence, we propose a modified version of Bernstein
algorithm which is suitable for carry save addition. Instead
of breaking down the constant operands into smaller factors,
we break them down into chunks of continuous 1s as shown
in Figure 5. These smaller parts of constants are then re-
duced using the same concept as discussed above. Since this
approach generates two partial products for a series of 1s,
reduction is done only when there are more than 2 consecutive
1’s. In the example shown in Figure 5, the binary execution
would require 11 partial products, but the optimized one
generates just 6 partial products. Unlike the factors obtained
by Bernstein algorithm, these partial products are added in
parallel using carry save addition. This reduces the latency of
NNPIM significantly.

Figure 6 compares the energy-optimized and latency-
optimized approaches for 32-bit multiplication. The result
shows that energy-optimized approach can provide 2.3× en-
ergy efficiency as compared to latency-optimized approach,
while the latency-optimized can be 1.8× faster.

D. NNPIM Architecture

Figure 7 details the architecture of the proposed NNPIM.
Figure 7a shows the overview of the architecture of NNPIM.
Each neuron in NN has a corresponding computation unit.
Each of this unit is made up of several computation sub-units,
one for every weight corresponding to the inputs of the neuron.
Every unit has an additional computation sub-unit which is
responsible for accumulation of all the multiplication results
for a neuron and implementing the activation function, which
we call activation unit. The outputs from all the activation units
are sent to the pooling unit. In case pooling is not required,
the output of activation units is used directly for the next layer.

NNPIM is entirely based on crossbar memory. The crossbar
structure is divided into smaller blocks, upper blocks and
lower blocks as shown in Figure 7b. All these blocks are
architecturally and functionally the same as described in [12].
Each computation sub-unit as well as activation unit is one
such block pair (pair of one upper and one lower block). All
the computations for a weight are executed in the correspond-
ing block pair. Hence, a neuron with N weights will have
N computation sub-units which implies N block pairs. The
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Fig. 5. Optimizing NNPIM by reducing the complexity of weights

Fig. 6. Execution time and energy consumption of 32-bit NNPIM multipli-
cation in energy and latency-optimized.

major peripheral circuitry including the bitline and wordline
controllers, sense amplifiers, row/column decoders, etc. are
shared by all these pairs.

Each upper block is connected to the corresponding lower
block via configurable interconnects as shown in Figure 7c.
These interconnects are collection of switches, similar to a
barrel shifter, which connects the bitlines of the two blocks.
bn and b′n are bitlines coming into and going out of the
interconnect respectively. The select signals, sn control the
amount of shift. These interconnects can connect cells with
different bitlines together. For example, they can connect
bn,bn+1,bn+2, ... incoming bitlines to, say, b′n+4,b

′
n+5,b

′
n+6, ...

outgoing bitlines, respectively, hence enabling the flow of
current between the cells on different bitlines of blocks.
This kind of a structure makes the otherwise slow shifting
operations energy efficient and fast, having the latency same as
that of a normal copy operation. It is important because neural
networks involve large number of shift operations (mainly due
to multiplication), which could be a bottleneck if not dealt at
the hardware level.

All the outputs of multiplication for a neuron are accumu-
lated and Taylor expanded activation function is implemented
in the activation unit, which is made up of the same sub-
unit as described above. The outputs of all these units are
sent to the pooling unit. This pooling unit is a usual crossbar
memory which doesn’t require splitting the memory into
multiple blocks. The pooling unit works on the in-memory
search operations described in Section III-C. The outputs from
all the activation units are written and the outputs closest to
+in f/− in f are selected for MAX/MIN pooling.

In a general purpose implementation, the weights would be
stored in memory and the inputs would get multiplied with
the stored weights in parallel in different blocks. However,

such an architecture will not be able to take advantage of
the optimizations proposed in the previous sections. NNPIM
uses a control-store architecture, where a control word for a
block is defined by a shared operand and the corresponding
local control vector (CV). Instead of storing the actual fixed
weights in the memory, we pre-program the control words in
the memory. These control words are optimized based on the
techniques proposed before. The memory unit loads a control
word and implements the operation without worrying about
the actual weights.

The shared controller for the bitline and wordline, takes in
2-bit operands as shown in Figure 7b. Each operand, detailed
in Figure 7d, corresponds to a specific function required
by NNPIM for computations. Each pair of upper and lower
blocks in our architecture has an independent shift controller
which governs the bit shifts between the two blocks. The
shift controller is a simple circuit which activates a particular
select line depending upon the control vector sent to it. The
control vector has two fields: (i) active flag which indicates
whether the shift controller is active in that cycle and (ii) a
5-bit field indicating the amount of shift. A computational
unit has a common shared operand list, while each sub-unit
(i.e. each block pair) has its own CV list. A memory with
N block pairs has N configurable interconnects and hence, N
shift controllers. Each operand sent to the shared controller has
a corresponding control vector for each shift controller. Our
architecture enables independent shifts among different pairs
of blocks while introducing very little overhead as shown in
Section V.

Example: Figure 8 shows sample execution of two NNPIM
multiplications in parallel, In1×W1 and In2×W2. After
applying the optimization described in Section IV-C, the first
multiplication results in 5 partial products while the second
multiplication results in 6 partial products. The partial products
generation by a shift and subtraction (i and ii in Figure 8) take
three operations each. Here, in order to reduce the number
of operations, the shifts before and after the subtraction are
combined together. Also, the last operation in the example is
not required by W1. So, the enable bit in the control vector
for W1 is set to zero.

E. In-Memory Parallelism

NNPIM uses a blocked memory structure as shown in Fig-
ure 7b. Here, each block processes computation corresponding
to one weight. Since each block pair in NNPIM has a shift
controller, all these blocks can independently implement mul-
tiplication in parallel and computation for multiple weights can
happen simultaneously. The number of computations possible
in parallel directly effect the number of neurons that can
be processed in parallel. This is limited by the size of the
memory available. Assume that our memory allows for 2k
block pairs. In a network where each neuron has 512 weights
corresponding to 512 inputs, our memory can implement just
4 (=2k/512) neurons in parallel. This can be a bottleneck in
large networks.

Weight sharing turns out to be useful in such cases as
it restricts the number of unique weights for each neurons,
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Fig. 7. Architecture overview of the proposed NNPIM. (a) Overall view of neural network implementation in-memory; (b) in-memory implementation of
neuron; (c) circuit for configurable interconnect; (d) functions used in NNPIM.

W1:  0100011111001111 W2:  0110111100111110

In1:  0100010011001010 In2:  0011100010011001

i) ((10000-00001) x In1) << 0
ii) ((100000-000001) x In1) << 6

i) ((100000-000001) x In2) << 1
ii) ((10000-00001) x In2) << 8

Op CV List W1 CV List W2

0 0 1 0 01 0 0 1 1 01= 4 (4+0) = 6 (5+1)0 0

0 0 0 0 01 0 0 0 0 11= 0 = 10 1

= Shift

= Set

0 0 0 0 01 0 0 0 0 11= 0 = 1 1 0 = Inv-Sh

0 1 0 1 11 0 1 1 0 01= 11 (5+6) = 12 (4+8)0 0

0 0 1 1 01 0 1 0 0 01= 6 = 80 1

= Shift

= Set

0 0 1 1 01 0 1 0 0 01= 6 = 8 1 0 = Inv-Sh

0 1 1 1 01 0 1 1 0 11= 14 = 130 0 = Shift

x x x x x0 0 1 1 1 01 = 140 0 = Shift

Fig. 8. Operands and control vectors for two parallel NNPIM multiplications.

thereby enabling the execution of more neurons in parallel. For
the case discussed above, the number of neurons possible to be
executed in parallel increases from 4 to 32 when the number
of weights are restricted to 64. This further increases to 64,
128, and 256 when the number of weights are restricted to 32,
16, and 8 respectively. More the number of neurons executed
in parallel, lesser is the overall latency of the network. Hence,
weight sharing not only reduces the number of computations
but also increases the overall performance of the network as
further verified in Section V.

V. EXPERIMENTAL RESULTS

A. Experimental Setup

We designed the NNPIM framework support, which retrains
NN models for the accelerator configuration, in C++ while ex-
ploiting two back-ends, Scikit-learn library [35] for clustering
and Tensorflow [36] for the model training and verification.
For the accelerator design, we use Cadence Virtuoso tool for
circuit-level simulations and calculate energy consumption and
performance of all the NNPIM memory blocks. The NNPIM
controller has been designed using System Verilog and syn-
thesized using Synopsys Design Compiler in 45nm TSMC
technology. The sense amplifier is similar to that used in [12].
Each sense amplifier reads one bit with latency and energy
consumption of 150ps and 9.1fJ respectively. We use VTEAM

memristor model [37] for our memory design simulations with
RON and ROFF of 10kΩ and 10MΩ respectively [12], [38].
The reduction in the ratio of Ron and Roff affects NNPIM
performance. A smaller ratio would increase the delay of
MAGIC NOR. However, for the device model used in the
paper, the increase in delay is negligible when the ratio is
1:100 but increases more than 3x for the ratio 1:10 [32]. We
compare the proposed NNPIM accelerator with GPU-based
DNN implementations, running on NVIDIA GPU GTX 1080.
The performance and energy of GPU are measured by the
nvidia-smi tool. We used a batch size of 16 on GPU and
for all tested applications, and the GPU utilization was higher
than 85% and was on an average 89%.

B. Workloads

We compare the efficiency of the proposed PIM and GPU
by running four general OpenCL applications including: So-
bel, Robert, Fast Fourier transform (FFT) and DwHaar1D.
For image processing we use random images from Caltech
101 [39] library, while for non-image processing applications
inputs are generated randomly. Majority of these applications
consists of additions and multiplications. The other common
operations such as square root has been approximated by these
two functions in the source code.

We also evaluate the efficiency of the proposed NNPIM
over six popular neural network applications, similar to work
in [17]:
Handwriting classification (MNIST) [40]: MNIST includes
images of handwritten digits. The objective is to classify an
input image to one of ten digits, 0 . . . 9.
Voice Recognition (ISOLET) [41]: ISOLET consists of
speech signals collected from 150 speakers. The goal is to
classify the vocal signal into one of 26 English letters.
Indoor Localization (INDOOR) [42]: We designed a NN
model for the indoor localization dataset. This NN localizes
into one of 13 places where there is high loss in GPS signals.
Activity Recognition (HAR) [43]: The dataset includes
signals collected from motion sensors for 8 subjects
performing 19 different activities. The objective is to
recognize the class of human activities.
Object Recognition (CIFAR) [44]: CIFAR-10 and CIFAR-
100 are two datasets which include 50000 training and 10000
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TABLE I
NN MODELS AND BASELINE ERROR RATES FOR 6 APPLICATIONS (INPUT

LAYER - IN , FULLY CONNECTED LAYER - FC, CONVOLUTION LAYER - C,
AND POOLING LAYER - PL.)

Dataset Network Topology Error
MNIST IN : 784, FC : 512, FC : 512, FC : 10 1.5%
ISOLET IN : 617, FC : 512, FC : 512, FC : 26 3.6%
INDOOR IN : 520, FC : 512, FC : 512, FC : 13 4.2%

HAR IN : 561, FC : 512, FC : 512, FC : 19 1.7%
CIFAR-10 IN : 32×32×3,CV : 32×3×3,PL : 2×2,

CV : 64×3×3,CV : 64×3×3,FC : 512, FC : 10 (100)
14.4%

CIFAR-100 42.3%
ImageNet VGG-16 [?] 28.5%
ImageNet GoogleNet [48] 15.6%

testing images belonging to 10 and 100 classes, respectively.
The goal is to classify an input image to the correct category,
e.g., animals, airplane, automobile, ship, truck, etc.
ILSVRC2012 Image Classification (ImageNet) [45]: This
dataset contains about 1200000 training samples and 50000
validation samples. The objective is to classify each image to
one of 1000 categories.
Table I presents the NN topologies and baseline error rates for
the original models before weight sharing. The error rate is
defined by the ratio of the number of misclassified data to the
total number of a testing dataset. Each NN model is trained
using stochastic gradient descent with momentum [46].
In order to avoid overfitting, Dropout [47] is applied to
fully-connected layers with a drop rate of 0.5. In all the
NN topologies, the activation functions are set to “Rectified
Linear Unit” (ReLU), and a “Softmax” function is applied to
the output layer.

C. NNPIM & Dataset Size

Figure 9 shows the energy savings and performance im-
provements of running applications on PIM, normalized to
GPU energy and performance. For each application, the size
of input dataset increases from 1Kb to 1GB. In traditional
cores, the energy and performance of computation consists of
two terms: computation and data movement. In small dataset
(˜KB), the computation cost is dominant, while running appli-
cations with large datasets (˜GB), the energy and performance
of consumption are bound by the data movement rather than
computation cost. This data movement is due to small cache
size of transitional core which increases the number of cache
miss. Consecutively, this degrades the energy consumption
and performance of data movement between the memory and
caches. In addition, large number of cache misses, significantly
slows down the computation in traditional cores. In contrast, in
proposed PIM architecture the dataset is already stored in the
memory and computation is major cost. Therefore, regardless
of dataset size (the dataset can fit on PIM), the PIM energy
and performance of increases linearly by the dataset size.
Although the memory-based computation in the PIM is slower
than transitional CMOS-based computation (i.e. floating point
units in GPU), in processing the large dataset, the proposed
PIM works significantly faster than GPU. In terms of energy,
the memory-based operations in PIM is more energy efficient
than GPU. Our evaluation shows that for most applications

TABLE II
QUALITY LOSS OF DIFFERENT NN APPLICATIONS DUE TO WEIGHT

SHARING.

Dataset 8 weights 16 weights 32 weights 64 weights
MNIST 1.1% 0.26% 0% 0%
ISOLET 0.33% 0.12% 0% 0%
INDOOR 0.38% 0.24% 0.13% 0%

HAR 2.1% 0.32% 0.14% 0%
CIFAR-10 1.2% 0.29% 0.09% 0%

CIFAR-100 2.4% 1.2% 0.8% 0%
ImageNet (VGG) 4.6% 2.5% 1.0% 0%

ImageNet (GoogleNet) 6.3% 3.1% 0.9% 0%

using datasets larger than 200MB (which is true for many IoT
applications), proposed PIM is much faster and more energy
efficient than GPU. With 1GB dataset, the PIM design can
achieve 28× energy savings, 4.8× performance improvement
as compared to GPU architecture.

D. Comparison of NNPIM with Previous PIM Implementa-
tions

Figure 10 compares the performance efficiency of the
proposed design with the state-of-the-art prior work [32],
[49]. The work in [32] computes addition in-memory using
MAGIC logic family, while the work in [49] uses the com-
plementary resistive switching to perform addition inside the
crossbar memory. Our evaluation comparing the energy and
performance of addition of N operands of length N bits each
shows that the proposed PIM can achieve at least 2× speed
up compared to previous designs in exact mode. Proposed
PIM can be at least 6× faster with 99.9% accuracy using
the approximation techniques proposed in [12]. The proposed
design is even better since the calculations for previous work
do not include the latency involved in shift operations. This
improvement comes at the expense of the overhead of inter-
connect circuitry and its control logic. However, the next best
adder, i.e., the PC-Adder [49] uses multiple arrays each having
different wordline and bitline controllers, introducing a lot of
area overhead. This overhead is not present in our design since
all the blocks share the same controllers.

E. NNPIM & Weight Sharing

We compare the efficiency and accuracy of the NNPIM over
different application with and without weight sharing. Table II
shows the impact of weight sharing on the classification
accuracy of NNPIM. Table II shows the NNPIM quality loss
(QL) for different applications when the number of shared
weights in each neuron changes from 8 to 64. The QL is
defined as the difference between NNPIM accuracy with and
without weight sharing. Our evaluation shows that a network
with 64 shared weights can provide the same accuracy as a
design without weight sharing. Further reducing the number
of weight to 8 reduces the classification accuracy of applica-
tions. For instance, CIFAR-10 and CIFAR-100 lose 1.2% and
2.8% quality respectively when the number of shared weights
decreases to 8.

NNPIM exploits this weight sharing in order to accelerate
neural network computation by reducing the multiplication
cost. Figure 11 shows the energy consumption and memory
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Fig. 9. Energy consumption and speedup of the proposed design in exact mode normalized to GPU vs different dataset sizes.
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Fig. 10. Performance comparison of the proposed design with previous work
for addition of N operands, each sized N bits

requirement of NNPIM running different applications with
different weight sharing. The reported improvements are com-
pared to energy consumption of the same applications running
on NVIDIA GTX 1080 GPU. The energy efficiency of NNPIM
significantly improves as the number of shared weights reduce.
Our evaluation shows that NNPIM without weight sharing
provides 14.6× energy efficiency improvement as compared
to GPU architecture. We observe that NNPIM gets energy
efficiency improvements from removing the data movement
cost and efficient in-memory computation. However, in terms
of performance the NNPIM advantage comes mostly from
addressing the data movement issue.

The NNPIM advantages are more obvious on large networks
such as CIFAR-10 and CIFAR-100, since these networks
have more data movement. Weight sharing can significantly
improve the NNPIM efficiency by reducing the computation
cost. The results show that NNPIM using 32-bit fixed point
operations and 64 shared weights provides 131.5× energy
efficiency improvement and 48.2× speedup as compared to
GPU architecture at 0% quality loss. With 1% and 2% quality
loss, the average energy efficiency improvements of NNPIM
increase to 235.6× and 384.0× respectively. Weight sharing
does not impact the performance of NNPIM since all neurons
in a layer are implemented in parallel and consecutive layers
are processed serially.

Figure 11 also shows the required NNPIM memory size
for different amounts of weight sharing. NNPIM requires
significantly lower memory size for PIM operation as com-
pared to NNPIM without weight sharing. As our results show,
decreasing the number of weights by half, reduces the number

of required multiplications by half. Our evaluation over all
applications indicates that by reducing the number of weights
to 64, NNPIM will provide maximum quality while using 7.8×
less memory as compared to NNPIM without weight sharing.
Similarly, ensuring less than 1% and 2% quality loss, NNPIM
uses 12.4× and 15.6× lower memory size as compared to
NNPIM without weight sharing.

F. Energy Consumption and Performance

In this section we compare the energy consumption and exe-
cution time of NNPIM with DaDianNao [24] and ISAAC [19],
the state-of-the-art NN accelerators. All designs have been
tested over six different applications. For NN accelerators, we
select the best configuration reported in the papers [19], [24].
For instance, ISAAC design works at 1.2GHz and uses 8-bits
ADC, 1-bit DAC, 128×128 array size where each memristor
cell stores 2 bits. DaDianNao works at 600MHz, with 36MB
eDRAM size (4 per tile), 16 neural functional units, and
128-bit global bus. We see that of the previously proposed
designs, ISAAC performs better over all datasets. Figure 12
shows the energy efficiency improvement and speedup of
NNPIM (32-bit fixed point operations and 64 shared weights),
DaDianNao [24] and ISAAC [19] as compared to NVIDIA
GTX 1080 GPU architecture. For MNIST, ISOLET, and
INDOOR the GPU can process each input at 4.6ms, 4.3ms,
and 4.1ms respectively. For larger inputs and networks such
as VGG, GPU execution is 7.2ms (138 image/s). Our eval-
uation shows that NNPIM outperforms both DaDianNao and
ISAAC for all applications. For example, benchmarking with
MNIST, proposed NNPIM can provide 2.8× energy efficiency
improvement and 2.9× speedup as compared to DaDianNao.
These improvements are higher for ImageNet and CIFAR-
100, as NNPIM has higher computational efficiency on large
networks. Our design can achieve 5.8× (1.5×) energy effi-
ciency improvement and 6.6× (2.7×) speedup as compared to
DaDianNao (ISAAC) while providing the same classification
accuracy on all applications. At 1% quality loss, the NNPIM
energy efficiency grows 11.3× and 3.1× as compared to
DaDianNao and ISAAC respectively.

Since NNPIM removes the costly weight-input multiplica-
tions, it can achieve higher accuracy for deep networks with
large number of weights. We compare NNPIM efficiency on
four different networks with fully connected layers, designed
for MNIST dataset. Note that the goal of this experiment is to
show the impact of network size on NNPIM efficiency, not on
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Fig. 11. Energy consumption and memory size requirement of NNPIM with and without weight sharing.

ImageNet

ImageNet

Fig. 12. Comparing the energy consumption and execution time of proposed
NNPIM with state-of-the-art NN accelerators.

the classification accuracy. We choose four configurations with
2, 10, 20, and 30 hidden layers, each with 4096 neurons. For
example, the first network with two hidden layer has the fol-
lowing topology: {IN : 784, FC : 4096, FC : 4096, FC : 10}.
Figure 13 compares the execution time of GPU and NNPIM
running the same networks. All results are reported for case
of using 64 shared weights. Our evaluation shows that as the
size of these networks increases, GPU execution time increases
significantly while the NNPIM execution time changes with
much lower rate. For example, NNPIM is 34.6x faster than
Nvidia GTX 1080 for a network with two hidden FC layers.
This further improves to 61.7x for a network with 100 hidden
FC layers. The higher efficiency of NNPIM in large network
comes from (i) NNPIM’s ability to parallelize each layer
operations, (ii) addressing the costly data movement between
memory and computing unit.
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Fig. 13. Comparison of GPU and NNPIM efficiency running FC networks
with different number of hidden layers.

G. Computation Efficiency

An NNPIM sub-unit consists of a pair of two 64×256 mem-
ristive crossbar arrays, connected by the interconnect. The area
of this sub-unit is 301.74 um2 at 45nm process node, which
includes the area of the required peripherals. To calculate area,
we estimate the occupied area by each component of NNPIM.
For example, for crossbar memory, we estimated the area
by using NVSim tool. Similarly, the area of the interconnect
and the peripheral circuits, such as the controller, column/row
decoders, are calculated using Synopsys Design Compiler.
The total number of blocks combined together dictates the
amount of parallelism achieved. We made an accelerator with
the total area similar to previous designs to have a fair
comparison. NNPIM consists of 256K of sub-units with the
total area of 79.10 mm2 at 45nm process node. Table III
compares the computation efficiency of NNPIM with other
state-of-the-art accelerators. NNPIM has an areal computation
efficiency of 1853.9 GOP/s/mm2, which is higher than all
other accelerators. This is primarily due to the fact that un-
like other accelerators, NNPIM doesn’t use big ADCs/DACs.
These circuit components occupy the major part of area in
previous designs. Moreover, the computation efficiency of
NNPIM with respect to power is 432.9 GOP/s/W . Although
NNPIM doesn’t involve power-hungry circuit components, it
uses larger crossbars which results in similar power efficiency
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TABLE III
COMPUTATION EFFICIENCY OF NNPIM VS OTHER ACCELERATORS.

Metric NNPIM DaDianNao [24] ISAAC [19] AtomLayer [50] PipeLayer [51]
GOP/s/mm2 1853.9 63.4 479.0 475.6 1485.0
GOP/s/W 432.9 286.4 380.7 682.5 142.9
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Fig. 14. Lifetime analysis of NNPIM with change in the endurance of device.

than most accelerators. Only AtomLayer [50] is 1.6× more
power efficient than NNPIM since it reduces frequent ReRAM
writes.

H. Lifetime Analysis

The MAGIC NOR logic results in many write operations.
This may decrease reliability given the low endurance of the
commercially available ReRAM devices. However, NNPIM
reduces the number of switches required for neural network
inference by reducing the required computation for each mul-
tiplication (Section IV-C) and decreasing the number of shifts
(Section IV-D). Moreover, we implement simple endurance
management technique to increase the lifetime of our design.
As shown in Section III-B, implementing logic operations
using MAGIC NOR generates some intermediate states. To
store these intermediate states, some processing rows are
reserved in a memory block which are used by all logic
operations in the block. Hence, processing rows are the most
active and experience the worst endurance degradation. In
order to increase the lifetime of the memory, we change the
rows allocated for processing overtime. This distributes the
degradation across the block instead of being concentrated to
a few rows, effectively reducing the worst case degradation
per cell. It results in increase in the lifetime of the device. For
example, for memory blocks with 64 (1024) rows, and with
12 of them reserved for processing, this management increases
the lifetime of device by ˜5× (˜85×).

We perform a sensitivity study of the lifetime of NNPIM
in terms of the number of classification tasks that can be
performed. In our study, we vary the endurance of a cell from
106 to 1015 writes (W). To calculate the lifetime, we first
calculate the worst case device state changes per memory cell
(Sm) required for one inference task with different networks.
Then, W/Sm gives the total number of classification tasks
possible. Figure 14 shows the way the number of classification
tasks change with change in the endurance. We observe that
for the memory with endurance of 1012 writes, NNPIM can
perform 3.5×1011 classification tasks.

I. Area Overhead

Comparing the area overhead of NNPIM to conventional
crossbar memory shows that the NNPIM adds 37.2% to the
area of the chip, of which 25% is for the shifter used for
multiplication, 9.3% for the modified sense amplifiers, and
2.9% for the registers storing the network weights. Weight
sharing significantly reduces the NN model size and the re-
quired hardware to process the weights. NNPIM area overhead
is significantly lower compared to prior PIM-based DNN
accelerators (87.7% in [19]) which uses eDRAM buffers and
large ADCs and DACs to covert the data from digital to analog
and analog to digital.

VI. CONCLUSION

In this paper, we propose NNPIM which aims at acceler-
ating the inference phase of neural networks. We introduce
a new processing in-memory based architecture to efficiently
implement the huge amount of computations involved in the
inference phase of neural networks. We use weight sharing
to reduce the computational requirement of NNs. We exploit
the consistency of weights at the hardware level by making
multiplication operations more efficient using the proposed
techniques. NNPIM is highly parallelizable and can process
neurons belonging to a layer in parallel. Our evaluation shows
that our design can achieve 131.5× higher energy efficiency
and 48.2× speedup as compared to GPU architecture.
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