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Abstract—Convolutional neural networks (CNNs) have been
proposed to be widely adopted to make predictions on a large
amount of data in modern embedded systems. Prior studies
have shown that convolutional computations which consist of
numbers of multiply and accumulate (MAC) operations, serve as
the most computationally expensive portion in CNN. Compared
to the manner of executing MAC operations in GPU and FPGA,
CNN implementation in the RRAM crossbar-based computing
system (RCS) demonstrates the outstanding advantages of high
performance and low power. However, the current design is
energy-unbalanced among the three parts of RRAM crossbar
computation, peripheral circuits and memory accesses, the latter
two factors can significantly limit the potential gains of RCS.

Addressing the problem of high power overhead of peripheral
circuits in RCS, this paper adopts the Peripheral Circuit Unit
(PeriCU)-Reuse scheme to meet a certain power budget. The
underlying idea is to put the expensive AD/DAs onto spotlight
and arrange multiple convolution layers to be sequentially served
by the same PeriCU. Furthermore, it is observed that memory
accesses can be bypassed if two adjacent layers are assigned in
the different PeriCU. Then a loop tiling technique is proposed
to further improve the energy and throughput of RCS. The
experiments of two convolutional applications validate that the
PeriCU-Reuse scheme integrated with the loop tiling techniques
can efficiently meet power requirement, and further reduce
energy consumption by 61.7%.

I. INTRODUCTION

CNN-based methods are characteristics of computational

intensive and resource-consuming, and thus are challenging to

be integrated into embedded systems. The prior studies show

that convolutional computations which consist of numbers of

multiply and accumulate (MAC) operations, serve as the most

computationally expensive portion of computations in CNN.

Therefore, how to speed up MAC operations is a key issue

of CNN acceleration. The recent research has proposed that

the emerging metal oxide resistive switching random-access

memory (RRAM) crossbar is able to do MAC operations

through its natural analog computing in-situ in the cells where

data are stored with extremely low energy [1] [2]. In this paper,

the proposed RCS offers a solution to meet power budget of

a system and further optimize the energy.

The RRAM crossbar network of a RCS accomplish MAC

in analog, and thus analog-to-digital and digital-to-analog

converters (AD/DAs) are required in the mixed-signal system

to bridge the digital part and the RRAM crossbar-based

analog data processing unit. However, compared with the

high density and efficiency of RRAM crossbar, AD/DAs not

only take up most of the chip area, but also consume much

more power than RRAM devices and other analog peripheral

circuits. Consequently, the overhead of conversions highly

limits the potential efficiency gains of RCS. Unfortunately, the

current design is energy-unbalanced among computation part,

peripheral circuits and memory accesses. It is observed that the

peripheral circuits cost the most significant portion of power

consumption for the computation part of RCS. The memory

access also costs a big portion for the whole RCS consisting

of both computations and memory accesses. Therefore, the

potential efficiency gains of RCS are significantly limited by

the peripheral circuits and memory accesses.

Addressing the problem of high power overhead of

Peripheral Circuit Unit (PeriCU) and memory accesses in

RCS, this paper proposes a PeriCU-Reuse scheme to meet

power budget. Different from the conventional designs of

arranging peripheral circuits to serve the key computation

unit, the underlying idea of this study is to put the expensive

peripheral circuits onto spotlight and arrange multiple convo-

lution layers to be alternatively served by the same PeriCU.

In the PeriCU-Reuse solution, the first step is to determine

a hybrid structure which is organized by multiple PeriCUs.

In the second step, a loop tiling technique considering layer

dependencies is conducted to further improve the energy effi-

ciency as well as the throughput because it can save memory

accesses by a smart layer schedule. The experiments validate

that the PeriCU-Reuse scheme can efficiently meet the power

budget and the tiling technique can further optimize energy

consumption.

In summary, this work makes efforts to offer a solution of

efficient convolutional computing in a novel hybrid structure

integrated with loop tiling technique. We make the following

main contributions.

• Given a power budget, a hybrid structure is proposed

to organize convolutional layers to operate with multi-

ple PeriCUs. The layers are computed in parallel inter-

PeriCUs while alternatively intra-PeriCU.

• An energy-driven loop tiling technique considering layer

dependencies is conducted to further improve the energy

efficiency through smartly saving memory accesses. The

safe layer starting time is discussed.

The rest of the paper is organized as follows. Section II

introduces the background information of RRAM crossbar-

based CNN and loop tiling technique. In Section III, the

problem and motivation are presented. In Section IV, the

hybrid structure integrated with loop tiling is presented. The

experimental results are discussed in Section V. Finally, Sec-
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tion VI concludes the paper.

II. BACKGROUND AND RELATED WORK

A. RRAM crossbar-based CNN

The RRAM device is exploited to build cross-point struc-

ture, known as RRAM crossbar array. To implement CNNs

on RRAM crossbar, the weights matrix is represented by

conductance of RRAM cells and vector by the input voltage

values [3] [4]. In this way, RRAM crossbar network can

accomplish matrix-vector multiplication or vector-vector inner

product intrinsically [1] [2].

The overhead of the current RCS design exhibits the fol-

lowing features.

• The power ratio of ADs/DAs to computation part of RCS

is larger than 85% [5], presenting a very high overhead

on peripheral circuits.

• The power ratio of memory accesses to the entire RCS

is 37% [5], also presenting a big overhead.

Therefore, an energy efficient method to solve the high over-

head of ADs/DAs and memory accesses is highly demanded.

B. Loop tiling

In recent work, loop tiling is used for the novel purpose of

tailoring the CNN layers into smaller tiles on FPGA hardware

platform to improve the efficiency of data reuse. The work of

[6] employ loop tiling to reorder computations and memory

accesses, increasing throughput and reducing data transfer

of CNN. And the paper [7] demonstrated that a memory-

centric design method to maximize data reuse for a buffer

size restriction by loop tiling on the nested-loop description

of a CNN layer. Different from the above papers, in this

paper, a loop tiling technique considering layer dependencies

is proposed to improve the energy efficiency as well as the

throughput because it can save memory accesses by a smart

layer schedule among different PeriCU of our proposed hybrid

structure.

III. PROBLEM AND MOTIVATION

CNN implementation in the RRAM crossbar-based comput-

ing system (RCS) demonstrates the advantages of high perfor-

mance and low power [8] [9]. However, the peripheral circuits

and memory accesses can significantly limit the potential gains

of RCS.

Addressing the problem of high power overhead of pe-

ripheral circuits in RCS, this work is motivated to adopt a

Peripheral Circuit Unit (PeriCU)-Reuse scheme to meet some

given power budget. The underlying idea is to put the expen-

sive ADs/DAs onto spotlight and arrange multiple convolution

layers to be alternatively served by the same PeriCU. Based on

this idea, a hybrid structure [10] is established. Furthermore,

a loop tiling technique [7] [6] is proposed to further reduce

memory accesses of RCS. With tiling the loop implementation

inside feature maps [11], we can arrange two adjacent convo-

lutional layers of one work item operate in different PeriCUs

so that memory accesses can be smartly saved. Putting the

hybrid structure and the loop tiling technique together, an

energy efficient RRAM crossbar-based CNN design can be

achieved to meet given power budget.

IV. THE HYBRID STRUCTURE INTEGRATED WITH LOOP

TILING

In this section, we present a hybrid structure of reusing

peripheral circuits and a further loop tiling technique to

optimize memory accesses.

A. Peripheral circuit reusing and hybrid structure

Fig. 1(a) depicts a novel idea of design with which the

MAC computation of two different layers share the same

peripheral circuits, and they are implemented alternately. In

other words, multiple layers’ crossbar are served by one set

of peripheral circuits. In this way, the power consumption can

be significantly saved. In this structure, the shared Peripheral

Circuit Unit (PeriCU) should provide sufficient resource to

support the largest scales of kernels and feature maps for the

layers that share the same PeriCU.

Fig. 1. (a) Design with shared PeriCU for two layers; (b) the hybrid structure.

Fig. 1(b) shows a hybrid structure of operating five con-

volutional layers to meet a 1/2 power budget. There are two

PeriCUs to serve the five layers. That is, L1, L3 and L4 are

served by PeriCU1 and L2 and L5 are served by PeriCU2.

In this way, layers belonging to the same PeriCU can be

only executed in sequence while layers belonging to different

PeriCUs can be executed in parallel. It exhibits a segmenting

execution manner for the hybrid structure.

B. Memory access bypassing and layer scheduling

In the hybrid structure, it can be observed that if two

adjacent convolutional layers in the same or different PeriCUs

are from the same work item, these two convolutional layers

can exchange data between input and output buffers directly

and thus bypassing the expensive memory accesses. In order

to obtain a highly efficient memory access inside a PeriCU, we

can schedule the layers to save memory access between two

adjacent layers of one work item. It is supposed scheduling

layers in same PeriCUs has been done as a baseline scheme in
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Fig. 2. A PeriCU-Reuse design with data transfer bypassing memory.

the hybrid structure. And this work mainly focuses on schedul-

ing layers in different PeriCUs using loop tiling technique to

further save memory access.

It is assumed that Layer Ln and Layer Ln+1 are two

adjacent layers of work item M in Fig. 2. Similarly, Layer
Lv and Layer Lv+1 are assumed to be two adjacent layers of

work item M+1. Then the output of Layer Ln can be directly

fed to Layer Ln+1 such that data transferring from Layer Ln-
output buffer to memory and from memory to Layer Ln+1-
input buffer can be bypassed. There are the same with Layer
Lv and Layer Lv+1 to the course and the result. And the

interleaved operation of Layer Ln and Layer Ln+1, Layer Lv

and Layer Lv+1 can be performed in a finer granularity. That

is, instead of performing Layer Ln/Lv first and then Layer
Ln+1/Lv+1, in the fine-grained mode, Layer Ln+1/Lv+1 can

start immediately when the output data of Layer Ln/Lv are

ready for the first operation in Layer Ln+1/Lv+1. In this way,

the resource requirements of input and output buffers can be

greatly reduced.

In summary, layer scheduling in the hybrid structure can

make the opportunities of bypassing memory accesses and also

mitigating input and output buffer space requirements.

C. Energy-driven loop tiling

Due to the intrinsic layer dependence of CNNs, each point

in a hidden layer of the network only depends on a well-

defined region of the previous layer [12]. Constrained to this

rule, a loop tiling technique is proposed based on the hybrid

structure to achieve a further optimized scheduled cycle frame.

Loop tiling can enable two adjacent layers of one work item

while belonging to different PeriCUs to execute in parallel,

thus saving memory accesses between them [13].

Fig. 3 shows the tiling size derivation with a assumption

that the two adjacent layers (Layer Ln and Layer Ln+1) of

the same work item are assigned to different PeriCUs. The

inputs of Layer Ln comprise N different feature maps with

size of (C − S1 +K1)× (R− S1 +K1). The kernel weights

of Layer Ln and Layer Ln+1 are K1 × K1 × N and K2 ×
K2 × M respectively. The corresponding strides are S1 and

S2 respectively. As shown in Fig. 3, we apply tiling to the

convolutional layer Layer Ln with tile size of TH × TL ×N .

Layer Ln then convolves all M of its kernels (K1 ×K1 ×N )

across this tile (TH × TL ×N ), producing the TR × TC ×M
region illustrated with red outline in feature maps of Layer
Ln+1.

Fig. 3. Tiling size analysis.

To ensure that Layer Ln+1 can be started, the produced

output tile < TR, TC ,M > must be larger than or equal to

the kernel size < K2,K2,M >. And TR, TC should meet the

constraints of TR ≥ K2 and TC ≥ K2. In this case, we start

from the data in the output tile < TR, TC ,M > and trace

backwards to find the tile region of the input feature maps

< TH , TL, N > that it depends on. To achieve a minimal TR

and TC , the depended input feature map tiles’ minimal size

can be obtained: TH = K1+S1(K2−1), TL = K1+S1(K2−1).
If the output map tile TR, TC are both equal to the minimum

K2, it means that the input feature map produces K2 times

output map due to the intrinsic layer dependence. For the input

feature map, each kernel is applied on the input maps with a

shifting stride of S, which generates output map. As a result,

the first input map data convolved by weights is K1 while the

other input depended data are S1(K2−1). Therefore, the total

minimal depended input map tile are: TH = K1+S1(K2−1),
TL = K1 + S1(K2 − 1). It is already known that the tiling

factors should not be larger than the bounds of the feature

map. Therefore, the tile solution for input Layer Ln can be

illustrated by Equation 1.{
K1 + S1(K2 − 1) ≤ TH ≤ C − S1 +K1

K1 + S1(K2 − 1) ≤ TL ≤ R− S1 +K1
(1)

To guarantee correct data dependence between layers, the

safe starting time of a layer should be considered if its previous

layer is tiled in a different PeriCU. The safe starting time

should guarantee that the previous layer need to generate

enough output data which are fed to the next layer to forward

convolutional computations as soon as possible in terms of

one work item.

V. RESULTS ON ENERGY EFFICIENCY

Detailed parameters of circuits and RRAM crossbar are

summarized in Table I [5]. An off-chip DDR3 DRAM

with access energy EDRAM of 70pJ/bit and bandwidth of
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12.8GB/s [14] are adopted in this work. The simulation results

of the computation amount of each kernel are achieved with

PSPICE. The results of the complete convolution computa-

tions are derived from MatLab. We apply our design to two

practical CNN algorithms where the convolutional layers and

the concerned kernels are listed in Table II.
TABLE I

EXPERIMENTAL SETUP [5] [14].

Technology Node 65nm

RRAM Resistance Range 500Ω - 500kΩ
Rs 2kΩ
AMP 4.8mW

ADC 8bit, 35mW

DAC 8bit, 40mW

Frequency 800MHz

EDRAM 70nJ/bit

BWDRAM 12.8GB/s

TABLE II
TWO PRACTICAL CNN ALGORITHMS.

Workloads Layers Kernels Layer Size

PV

Input 1@50×50
C1 8@6×6×1 8@45×45
C3 12@3×3×8 12@20×20
C5 16@3×3×12 16@8×8
C6 10@3×3×16 10@6×6
C7 6@3×3×10 6@4×4

AlexNet

Input 3@224×224
C1 48@11×11×3 48@55×55
C3 128@5×5×48 128@27×27
C5 192@3×3×128 192@13×13
C6 192@3×3×192 192@13×13
C7 128@3×3×192 128@13×13

Fig. 4. Energy efficiency evaluation.

Three versions of results are evaluated: the traditional one-

to-one mapping design (referred as Conventional version), the

PeriCU-Reuse design with naive layer assignment (referred as

Naive PeriCU-Reuse version) and the PeriCU-Reuse designs

with loop tiling optimization (referred as Ene-tiled PeriCU-
Reuse version). Fig. 4 depicts the energy consumptions with

the three evaluation versions. On average, the loop tiling

technique can bring 61.7% reduction on energy consumption

compared to the conventional scheme. It shows that the PeriCU

reusing integrated with loop tiling scheme offers a feasible

design to meet power requirements while optimizing energy

efficiency of RCS.

VI. CONCLUSION

Addressing the problem of high overhead on peripheral

circuits in RCS, this paper proposes a PeriCU-Reuse scheme

to achieve low power by sequentially reusing the expensive pe-

ripheral circuits such as AD/DAs. A hybrid structure organized

by the concept of cycle frame is proposed to arrange multiple

convolutional layers on PeriCUs under power budget. A loop

tiling technique considering layer dependencies is proposed to

further reduce energy. The experimental results show that the

PeriCU-Reuse scheme offers a feasible design to meet power

requirements while optimizing energy efficiency of RCS.
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