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ABSTRACT Convolutional neural networks (CNNs) are widely deployed for many artificial intelli-
gence (AI) applications, such as object detection and image classification. Due to the burgeoning revolution
in edge AI, CNN hardware accelerators are also being employed in resource-constrained edge devices for
achieving better performance and energy efficiency at the edge. Although CNN accelerators enable fast and
energy-efficient CNN inference at the edge, the remaining hardware resources on the edge devices except
for the CNN accelerator remain idle, which could otherwise be utilized for attaining even better performance
and energy efficiency for CNN inferences. In this paper, we propose a CPU-accelerator co-scheduling
technique for convolution (CONV) layer operations of CNN inferences in resource-constrained edge devices.
Our proposed co-scheduling technique exploits an inherent parallelism in CNN output channels, that is,
the operations for generating different output channels in a CONV layer can be executed in parallel. For load
balancing between the CPU and the CNN accelerator, we also propose a simple, yet accurate latency model
for CONV layer operations in the CPU and the accelerator. Based on the latency estimation of CONV layer
operations provided by our proposed model, we distribute the tasks to the CPU and the CNN accelerator in
a load-balance manner to minimize the idle period during the CONV layer operations in both the CPU and
the CNN accelerator. We implement our proposed hardware/software (HW/SW) co-scheduling technique
in various field-programmable gate array system-on-chip (FPGA-SoC) platforms as a proof-of-concept.
Experimental results indicate that our proposed co-scheduling technique improves system performance by
1.18×– 2.00× with energy reduction of 14.9% – 49.7% as compared to the accelerator-only execution.

INDEX TERMS Convolutional neural networks, resource-constrained edge devices, co-scheduling, latency
model, load balancing.

I. INTRODUCTION
Recent advancements in artificial intelligence (AI), in par-
ticular convolutional neural networks (CNNs) that provide
object detection and image classification, have revolutionized
a number of real-life applications, such as transporta-
tion, agriculture, industrial automation, and home monitor-
ing systems. Furthermore, with proliferation of Internet of
things (IoT) devices, billions of IoT devices are connected
to the Internet generating zettabytes of data at the net-
work edge. Traditionally, big data, such as online shopping
records, social media contents, airlines flight data, and other
business-related data, has been stored and analyzed at cloud
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data centers. However, the recent trend is to push the artificial
intelligence (AI) frontiers to the network edge where most of
the data is generated thus enabling many novel applications,
such as autonomous driving, surveillance, voice assistants,
and robots. Figure 1 depicts a framework of edge AI where
AI is performed at edge devices in coordination with edge
servers [1]. Figure 1 shows that the results and data from
edge devices and edge servers are still transferred to cloud
for archival and global analytics. Since computing power
of edge devices and servers is much less than that of the
cloud servers, it calls for fast, yet efficient AI/CNN inference
accelerators along with algorithmic advancements and the
techniques, such as quantization and network pruning, that
enable cost-efficient AI/CNN inference. This paper focuses
on CNN inference and acceleration at the edge.
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FIGURE 1. A framework for edge AI. The accelerator in the edge devices
and servers help enable fast and efficient AI/CNN inference.

Although many hardware accelerators and algorithmic
advancements have been proposed for CNNs, efficient CNN
inference in resource-constrained edge systems is still an
arduous undertaking. Typical system-on-chips (SoCs), which
are generally used in many resource-constrained edge sys-
tems, employ many different hardware intellectual proper-
ties (IPs) to support a wide range of tasks. Recently CNN
accelerators are also being incorporated as hardware IP in
modern edge devices and servers. For CNN inference in
such environments, the main central processing unit (CPU)
triggers the CNN accelerator with direct memory access
(DMA)-based data transfer. The CNN accelerators in most
cases can execute CNN inferences faster than the CPU or
other hardware IPs. However, in most of the contempo-
rary CNN acceleration systems, the CPU or hardware IPs
other than the CNN accelerator remain idle during the CNN
inference. These idle hardware resources could otherwise be
utilized for accelerating the CNN inferences alongside the
CNN accelerator. For example, a typical CPU in embedded
platforms can perform matrix-vector operations. With single
instructionmultiple data (SIMD) supports, we canmake these
operations much faster. Consequently, we can utilize the idle
hardware resources in CPU to offload a certain portion of
CNN inference tasks to make the CNN inference faster than
using only the CNN accelerator.

For utilization of hardware resources in cognitive
(intelligent) SoC-based platform, an important design deci-
sion is how we can distribute the CNN inference tasks in a
load-balanced manner. The ‘ideal load-balancing’ for CNN
inference does not mean the traditional load balancing where
the absolute amount of the tasks are evenly distributed but
implies the distribution of task in a manner that maximizes
the utilization of multiple hardware resources (i.e., ideal
load balancing minimizes the idle time of SoC hardware
resources). Hence, there would be load imbalance between
various hardware resources of an SoC platform if relative
performance ratio (i.e., performance of A relative to B =
PerfA
PerfB

where A and B are certain subsystems or components)
is not carefully considered. Load imbalance can result in idle
time in various hardware resources, which leads to underuti-
lization of the hardware resources. Thus, in order to minimize
load imbalance in SoC platforms (i.e., to minimize idle
time in hardware resources), a careful consideration of task

distribution is required at a fine granularity by considering
the relative performance ratio.

In this paper, we propose a technique to utilize idle hard-
ware resources for convolution (CONV) layer acceleration,
which generally constitutes the largest portion of CNN infer-
ence latency. Our proposed technique exploits the CPU for
sharing load of CNN inference tasks along with the CNN
hardware accelerator. The main reasons of utilizing CPUs
for sharing CNN inference load with the hardware acceler-
ator in our proposed technique are: (1) CPUs are hardware
IPs employed in most of the resource-constrained edge sys-
tems, and (2) CPUs can execute matrix-vector (or matrix-
matrix) operations with reasonable efficiency [2], which
makes CPUs attractive components for sharing CNN tasks
with the CNN accelerator. In order to distribute CNN infer-
ence tasks between the hardware accelerator and the CPU,
we exploit the parallelism in generating multiple CNN out-
put channels (which can be generated independently) in
a single CONV layer. To help minimize the idle time in
both the accelerator and the CPU, we also propose a linear
regression-based latency model for CONV layer execution.
By referring to the estimated latency from our model, our
proposed co-scheduling technique distributes the CNNoutput
channels between the accelerator and the CPU to maximize
the utilization of the both (i.e., to minimize the idle time in
both the accelerator and the CPU).

In fact, there have been previous works that achieve more
than 10× reduction of the computation [3] or more than
40× weight size reduction [4], [5] with a negligible accu-
racy loss; however, those works focus on improving the
CNN models [5] or changing data format (quantization) and
value (pruning) of the weights [3], [4]. On the contrary, our
proposed acceleration technique utilizes CPU and the CNN
accelerator co-scheduling, and can be employed orthogonally
with the existing CNN acceleration techniques that utilize
quantization and pruning. Furthermore, our proposed tech-
nique is applicable to any CNN model because our technique
focuses on utilizing both the CPU and the CNN accelerator
when executing a CNN inference with a given CNN model
(i.e., our technique is not limited to any particular CNN
model). Thus, our proposed technique can be much more
broadly applied for CNN inference acceleration at the edge
as compared to other CNN acceleration techniques.

We summarize our main contributions in this work as
follows:
• We propose a CNN output channel distribution tech-
nique with CPU-accelerator co-scheduling to utilize
both the CNN accelerator and the CPU;

• We propose a simple, yet accurate convolution layer
latency model for the CNN accelerator and the CPU;

• We implement our proposed co-scheduling technique in
a CNN framework [6] while verifying it in various field
programmable gate array system-on-chip (FPGA-SoC)
based platforms as a proof-of-concept;

• The experimental results reveal that our proposed
co-scheduling technique improves the performance of
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FIGURE 2. Typical convolutional layer operations. IH, IW, IC, OH, OW, and
OC stand for input height, input width, input channel, output height,
output width, and output channel, respectively.

convolution layer operations by 1.18×– 2.00× while
at the same time reducing the energy consumption by
14.9% – 49.7% as compared to the accelerator-only
execution.

The remainder of this paper is organized as follows.
Section II describes background and preliminary information
for this work. Section III presents our proposedCPU-accelerator
co-scheduling technique. Experimental results based on
our implemented prototypes are presented in Section IV.
Section V summarizes recent literature related to our work.
Lastly, Section VI concludes this paper.

II. BACKGROUND AND PRELIMINARIES
A. CONVOLUTIONAL NEURAL NETWORKS
CNNs are generally composed of multiple different types of
layers. Though some CNN architectures contain specialized
layers (e.g., Inception layer in [7]), most of the modern CNN
architectures are composed of convolutional (CONV) layers,
pooling layers, and fully connected layers. Among those
layers, it is known that the CONV layer takes the largest
portion of the execution time in a CNN inference. Thus, in this
paper, we mainly focus on accelerating the CONV layers.

A deep look into the CONV layer (Figure 2) divulges that
input feature maps (IFMs) and weights (filters) mainly con-
stitute an input for the CONV layer. Bias values (gamma and
beta for batch normalization) are sometimes included in the
inputs for CONV layers though they are omitted in Figure 2.
With the IFMs (IH×IW×IC) and weights (N×N×IC×OC),
the convolution operations are performed. After the convo-
lution, depending on the CNN models, the batch normaliza-
tion can be performed to the output from the convolution
operations. Lastly, the activation is performed, typically by
rectified linear units (ReLUs), which generate the output
feature maps (OFMs) of dimension OH×OW×OC.

B. BASELINE SYSTEM ARCHITECTURE
In this work, we assume a resource-constrained edge system
with a CNN accelerator (such as Coral platform [8] which
has a CPU with edge tensor processing unit). As shown
in Figure 3, our baseline SoC is similar to a typical embedded
system which includes CPU and memory controller. In our
baseline system, we also use the CNN accelerator to expe-
dite the CNN inference in the system. Though there can be
various types of CNN accelerator, we assume that the CNN
accelerator leverages multiple processing elements (PEs) by
exploiting the parallelism in the output channels of the OFMs.
It means that each PE generates different 2D (OH×OW)
output feature maps (OFMs). For example, if we haveM PEs

FIGURE 3. Baseline system architecture. The light gray-shaded area
corresponds to the CNN accelerator while the dark gray-shaded area
corresponds to the processing elements in the accelerator.

in the accelerator, we can generateM output channels simul-
taneously. Please note that this type of accelerator design
which exploits output channel parallelism for multiple PE
design is widely used [9], [10] [11]. Inside the PE, there are
multiply-and-accumulation (MAC) units, batch normaliza-
tion (BN) units, and activation (ACT) units. The accelerator
on-chip memory, which is also referred to as private local
memory (PLM) is used as a local buffer in which we store
IFMs, weights, and OFMs (or intermediate results). Similar
to typical embedded systems, we use DMA for data transfer
between the CPU’s main memory and the accelerator’s PLM.

III. CNN ACCELERATION WITH CPU-ACCELERATOR
CO-SCHEDULING
A. OVERVIEW
To fully utilize both the CNN accelerator and the CPU in
resource-constrained edge devices, this work aims at dis-
tributing the CNN CONV layer tasks to the CNN acceler-
ator and the CPU in a load-balanced manner by carefully
considering the performance ratio between the CPU and the
accelerator. Since there is no dependency when generating
different output channels (i.e., they can be executed in par-
allel) in a single CONV layer, we divide the output chan-
nels to distribute the tasks into the accelerator and CPU.
Consequently, we perform convolution layer operations in
the accelerator and the CPU with different 3D filter tensors.
Figure 4 demonstrates an overview of our co-scheduling
technique. To fully utilize the accelerator and CPU, we need
to estimate the relative difference of the achievable perfor-
mance in the accelerator and CPU. For accurate estimation,
we use a latency model of the CONV layer operations for the
accelerator and CPU,whichwill be described in the following
subsection in details. With the estimated relative attainable
performance of the accelerator and CPU, we distribute output
channels (i.e., 3D filter tensors) to the accelerator and CPU.
The information on the output channel distribution is stored
in the CNN framework (Figure 4), which will be referenced at
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FIGURE 4. An overview of our proposed CPU-accelerator co-scheduling.

runtime. In the example shown in Figure 4, we assign ‘‘K ’’ 3D
filter tensors (which will be used for generating ‘‘K ’’ output
channels) to the CNN accelerator while we assign ‘‘OC−K ’’
filter tensors to the CPU. At runtime, the co-execution control
module, which is executed on the CPU in our co-scheduling
technique, launches the accelerator and CPU co-execution for
given output channels. The CONV layer operation includes
convolution, batch normalization (BatchNorm), and activa-
tion. After we generate ‘‘K ’’ and ‘‘OC−K ’’ 2D output feature
maps (OFMs) in the accelerator and the CPU, respectively,
we aggregate those OFMs to compose the full 3D OFM
tensor.

B. LINEAR REGRESSION-BASED LATENCY MODEL
For latency estimation, we use a linear regression-based
methodology. In general linear regression, we use a following
form of the equation:

Y = αX + β (1)

where X and Y are explanatory and dependent variables,
respectively. With the pairs of X and Y values, we determine
α and β values through the linear regression training (line
fitting). Based on the above form of the equation, we extend
it to estimate accelerator and CPU latencies when processing
a single CONV layer.

1) ACCELERATOR LATENCY MODEL
In this paper, we propose a linear regression-based latency
model for CONV layer executions in the CNN accelerators
introduced in Section II-B. For typical task offloading to the
hardware IPs in embedded systems, we firstly need to send
the data from the main memory to the accelerator’s PLM
via DMA. After that, the accelerator executes the offloaded
computations and send the result data back to the main
memory via DMA. Between the data transfer, if we do not
use a cache-coherent interconnect, we also need to perform
CPU data cache flush and invalidation for software managed
cache coherence, which also takes non-negligible latency

depending on the amount of the data to be transferred. Thus,
an accelerator latency requires to be broken down into three
different parts: computation, data transfer, and coherence
latency.

a: COMPUTATION LATENCY
For computation latency, it mainly depends on how many
operations we need to generate the OFMs. Firstly, we gen-
erate a unit latency LuACC that corresponds to the computa-
tion latency in the 1PE accelerator (i.e., the accelerator with
one PE) when generating one OFM element. Deriving LuACC
can be done as follows:

LuACC = αcomp × SizeFT + βcomp (2)

where SizeFT indicates the number of elements in one 3D
filter tensor. For example, if one 3D filter tensor size is
3×3×3, the SizeFT is 27. The αcomp and βcomp are determined
by the linear regression analysis. We can extend it to derive
the accelerator computation latency (Lcomp) when generating
NF OFMs (i.e., NF output channels) as follows:

Lcomp = LuACC × SizeOFM ×
⌈
NF
NPE

⌉
(3)

where SizeOFM , NF , and NPE correspond to the number of
the elements in one 2D OFM, the total number of output
channels in a certain CONV layer, and the number of PEs
in the accelerator, respectively. The

⌈
NF
NPE

⌉
equals to how

many times the accelerator execution must be triggered. For
example, if we run a CONV layer with NF=28 in the accel-
erator with NPE=10, the number of times the accelerator’s
PE execution will be triggered is equal to 3 (=d28/10e).
Accordingly, we calculate the latency of the accelerator when
generating the total number of the output channels (i.e., NF
output channels) in a certain CONV layer because we need to
calculate the relative performance ratio between the accelera-
tor and CPU. In other words, we should derive the latency of
the accelerator and CPU when we execute the CONV layer
with the identical input data size.
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b: TRANSFER LATENCY
The transfer latency is also linearly proportional to the size
of data to be transferred. Thus, the transfer latency can be
estimated by the following equation:

Ltran = αtran × SizeData + βtran (4)

where SizeData indicates a total size of the data (in the number
of the elements) to be transferred. The αtran and βtran are also
determined by the linear regression analysis. The SizeData can
be calculated as follows:
SizeData = SizeIFMs + Sizegamma + Sizebeta

+ SizeFT × NF + SizeOFM × NF . (5)

For input data transfer, we need to count SizeIFMs, Sizegamma,
and Sizebeta which correspond to the number of elements
of (multiple) input feature maps, gamma values, and beta val-
ues for batch normalization. Depending on the CONV layer
configurations, Sizegamma and/or Sizebeta can be neglected.
We also need to count the total number of the elements in
NF 3D filter tensors, which can be derived by multiplying
SizeFT by NF . For output transfer, we count the data size
(in the number of elements) of the OFMs generated by the
accelerator, which is calculated by SizeOFM × NF .

c: COHERENCE LATENCY
The coherence latencymodel is composed of two parts: cache
flush and cache invalidation. The cache flush is required
before we trigger DMA read (send input data to the accel-
erator PLM) while the cache invalidation is required before
we trigger DMA write (send output data from the PLM to
the main memory). For cache flush latency (Lfl), we use the
following equation:
Lfl = αfl × (SizeIFMs + Sizegamma + Sizebeta

+ SizeFT × NF )+ βfl (6)

where αfl and βfl correspond to the coefficient values for
cache flush. Cache invalidation latency (Linv) can also be
estimated by using the following equation:

Linv = αinv × SizeOFM × NF + βinv (7)

where αinv and βinv correspond to the coefficient values for
cache invalidation. By adding Lfl and Linv, we can estimate
the total latency required for cache coherence as shown in the
following equation:

Lcohr = Lfl + Linv. (8)

d: LATENCY AGGREGATION
The total latency taken by the accelerator can be derived by
adding the computation, transfer, and coherence latency as
follows:

LACC = Lcomp + Ltran + Lcohr . (9)

In our baseline system, the data transfer, computation, and
coherence operations are not overlapped. However, our
latency model can also be extended to other systems where an
overlap exists between data transfer, computation, and coher-
ence operations. For example, when we use cache-coherent

interconnects, we can just remove Lcohr because the explicit
cache flush and invalidation are not required in the sys-
tem with cache-coherent interconnects. When using dou-
ble buffering where the transfer latency and computation
latency can be overlapped, we can replace Lcomp+ Ltran with
MAX (Lcomp,Ltran).

2) CPU LATENCY MODEL
We also propose a linear regression-based latency model
for CONV layer executions in the CPU. Different from the
accelerator latencymodel, CPUs use cachememories for data
transfer between the CPU core and main memory. Since it is
not explicitly controlled by software programmer, accurately
estimating the data transfer time in the CPU would be more
challenging than that in the accelerator. Hence, we use a
unified latency model, which means we do not distinguish
the data transfer and computation latency. By leveraging the
linear regression-based latency model, we figure out the CPU
latency depending on the number of the OFM elements gen-
erated by the CPU along with the CPU unit latency (LuCPU :
a CPU latency for generating one OFM element). This is
because the computation and data transfer (implicitly via
caches) latencies will be linearly proportional to the number
of the generated OFM elements. The CPU unit latency can be
derived as follows:

LuCPU = αCPU × SizeFT + βCPU (10)

where the SizeFT equals to the size (in the number of ele-
ments) of the one 3D filter tensor. The coefficients αCPU
and βCPU , which will inherently incorporate the effect of
both computation and data transfer on CPU unit latency, are
also determined by the linear regression. With the CPU unit
latency model, we can extend it to estimate the total CONV
layer latency in the CPU (LCPU ) as follows:

LCPU = LuCPU × SizeOFM × NF (11)

where SizeOFM × NF corresponds to the number of the total
OFM elements in a certain CONV layer.

C. CHANNEL DISTRIBUTION
With the estimated latency from our model, we distribute the
output channels in order to fully utilize the accelerator and
CPU in the system. To accomplish it, we need to distribute
the output channels so that the execution time of the accel-
erator and the CPU is (almost) equivalent. Thus, we use the
following equations for the output channel distribution for the
accelerator:

NFA =
⌊(

LCPU
LACC + LCPU

)
× NF

⌉
(12)

where NFA means the number of the output channels which
will be processed in the accelerator. For example, assuming
that the accelerator performance is three times better than
the CPU (i.e., LACC :LCPU=1:3), the accelerator should pro-
cess three times more tasks than the CPU in order to fully
remove the idle time in both the CPU and the accelerator.
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TABLE 1. CPU specifications for four FPGA-SoC platforms.

Obviously, the rest of the filter tensors must be processed in
the CPU, which means:

NFC = NF − NFA (13)

where NFC corresponds to the number of the output channels
which will be processed in the CPU. As we mentioned in
Section III-A, determining the NFA and NFC is performed
offline, which means the distribution decision for a given
embedded system and CNNmodel is performed at the design
time. Once we determine the output channel distribution,
this information is stored in the CNN framework (Figure 4).
At runtime, when processing a certain CONV layer, the CNN
framework can distribute the tasks (output channels) to the
accelerator and CPU by the distribution information stored in
the framework.

D. PROTOTYPE IMPLEMENTATION
We have implemented our co-scheduling technique in Dark-
net framework [6], which is used as our baseline CNN
framework, and have verified the proposed co-scheduling
technique using four FPGA-SoC platforms: Ultra96 [12],
Zed [13], ZCU104 [14], and ZCU106 [15]. These platforms
deploy various types of the CPUs, which are summarized
in Table 1. For our implementation, we use interrupt-based
mechanism to simultaneously execute the CONV layer oper-
ations on the accelerator and the CPU, which is similar to that
introduced in [16]. In our prototype implementation, though
we do not employ double buffering, our latency model and
co-scheduling can also be extended to support double buffer-
ing as we explained in Section III-B1.d. Since our prototype
is mainly for verification and proof of the implementation,
we run the modified framework in each platform without
running an operating system (OS). Please note that this envi-
ronment is similar to resource-constrained embedded edge
devices where the firmware orchestrates the system without
running OS. The precision for CNN models used in our work
is 32-bit floating-point; however, our technique can also be
applied to other precisions such as 16-bit fixed-point and 8-
bit integer without modifying the latency model and channel
distribution mechanism.

Figure 5 shows the timing diagram of our co-scheduling
technique based on the interruptmechanism. Themain frame-
work runs on the CPU and initialization is performed before
the co-execution in the CPU and the accelerator. The initial-
ization ( 1©) includes information fetching required for our
co-scheduling technique (e.g., NFA and NFC ). When a CONV
layer execution begins, the CPU launches data transfer which
includes cache flush in the CPU and DMA transfer ( 2©).
During the DMA transfer, the CPU begins to generate the
NFC OFMs ( 3©). As soon as the DMA transfer finishes,
the accelerator begins to generate NFA OFMs ( 4©). When the

FIGURE 5. A timing diagram of our co-scheduling implementation.

TABLE 2. Obtained α and β values through linear regression analysis.

accelerator finishes the execution, a cache invalidation in
the CPU and DMA write operation ( 5©) begins in order to
send the generated OFMs from the accelerator’s PLM to the
main memory to make the data visible to the CPU. During
the DMA write operations, the CPU can continue executing
the CONV layer operations for generating the NFC OFMs
because the DMA transfer and CPU execution can be per-
formed in parallel. When the accelerator needs to be called
for multiple times during a single CONV layer execution
because of the larger number of OFMs than the accelerator’s
PEs can handle concurrently, these steps can be iterated ( 6©)
until the accelerator and CPU generates NFA and NFC OFMs,
respectively.

For prototype implementation, we acquire α and β values
via linear regression analysis. For training the linear regres-
sion model (i.e., acquiring α and β values), we use synthet-
ically generated arbitrary 32 data points each for regression
training of transfer time, flush and invalidation (coherence)
time, and computation time. Please note that the range of
the arbitrarily generated data points sufficiently covers the
range of the data points used in real CNNmodels, resulting in
accurate latency estimation. We demonstrate the coefficient
values and plots obtained from our linear regression analysis
in Table 2 and Figures 6 – 9, respectively. We use MATLAB
for linear regression analysis. As shown in Figures 6 – 9,
the computation time and transfer time are well fitted to the
linear function (as a form of Y = αX + β). We can notice
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FIGURE 6. Plots for linear regressions in Ultra96 platform.

FIGURE 7. Plots for linear regressions in Zed platform.

FIGURE 8. Plots for linear regressions in ZCU104 platform.

that the plots in Figures 8 and 9 seem to be almost identical.
This is because ZCU104 and ZCU106 have almost identical
specifications except for the connectivity parts.

IV. EXPERIMENTAL RESULTS
In this section, we present the experimental results for our
proposed co-scheduling technique related to various metrics,
such as latency model accuracy (measured via mean absolute

percentage error (MAPE)), performance, and energy con-
sumption. We evaluate these metrics for our implemented
prototypes in Ultra96, Zed, ZCU104, and ZCU106. For CPU
clock frequencies, we use the following clock frequencies for
each platform: Ultra96, ZCU104, and ZCU106 at 1.2GHz
and Zed at 667MHz. We also perform the linear regres-
sion analysis with these CPU clock frequencies. To evalu-
ate our technique across the wide spectrum of accelerators,
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FIGURE 9. Plots for linear regressions in ZCU106 platform.

TABLE 3. Convolutional layer configurations for our benchmarks. In the
fifth column, SN, MN, and SG indicate SqueezeNet, MobileNet-V2, and
Synthetically Generated, respectively.

we implement three different accelerator versions for each
platform while varying the number of PEs: 2PE, 4PE, and
8PE, where xPE denotes an accelerator with ‘‘x’’ number of
PEs. Since our target is resource-constrained edge devices,
we do not consider the CNN accelerator design with massive
number of PEs (e.g., over 100 PEs).

For workloads, we use 14 different CONV layers as shown
in Table 3. Six layers (Layer 0, 1, 2, 3, 5, and 6) are from
SqueezeNet [5] while five layers (Layer 4, 7, 8, 9, and 10)
are from MobileNet-v2 [17]. The rest of the three layers
(Layer 11, 12, and 13) are synthetically generated for our
evaluation. Please note that the results shown in this section
are the averaged results of the 14 CONV layer executions
(i.e., we measure the results of each CONV layer separately
and average them out).

To further demonstrate the performance improvement
of our proposed co-scheduling technique (CPU+ACC),
we compare the performance (i.e., per-layer latency) of our
proposed technique with the acceleration techniques that uti-
lize only the CPU (CPU_ONLY) and only the accelerator
(ACC_ONLY) for all layers of the Tiny Darknet CNN model
[18] as a case study using inputs from ImageNet dataset [19].

A. LATENCY MODEL ACCURACY
We show the MAPE results of our latency model. With the
obtained α and β values in our latency model, we measured

TABLE 4. MAPE results of our proposed latency model. PE2, PE4, and
PE8 corresponds to the MAPEs of the accelerator latency model.

the error rate between the measured and estimated (from our
model) latency of the accelerator and CPU. As summarized
in Table 4, theMAPE of our latencymodel is 0.11% – 1.06%,
which means our latency model estimates the accelerator and
CPU latency of the CONV layer execution very accurately.
It also implies that with the accurate latency estimation,
we can distribute output channels to the accelerator and the
CPU so that both the hardware resources can be fully utilized,
minimizing the idle time and improving performance.

B. PERFORMANCE
We evaluate the performance of our co-scheduling tech-
nique through experimental results. Figure 10 shows the
performance results across three different configurations:
CPU_ONLY (only CPU execution), ACC_ONLY (only accel-
erator execution), and CPU+ACC (co-scheduling). Exper-
imental results indicate that when we use 2PE accelerator
version, relative performance of the accelerator compared
to CPU_ONLY is 0.97×– 1.09×. This limited performance
improvement for 2PE case is due to small number of PEs
in the accelerator. Our co-scheduling (CPU+ACC) results in
better performance by 1.93×– 2.05× and 1.89×– 2.00× than
CPU_ONLY and ACC_ONLY, respectively. By utilizing both
accelerator and CPU, our co-scheduling technique leads to
better performance than CPU_ONLY and ACC_ONLY.

Experimental results indicate that in the case of 4PE
accelerator version, relative performance of the accelerator
compared to the CPU is better than the case of 2PE accelera-
tor. Thus, CPU+ACC leads to better performance as com-
pared to the CPU_ONLY by 2.84×– 3.07×. As compared
to ACC_ONLY, CPU+ACC shows better performance by
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TABLE 5. Results for a ratio (%) of the idle time to the total execution time. The bold cells represent the CPU idle time (i.e., the case in which the CPU
finishes faster than the accelerator) while the underlined cells denote the accelerator idle time (i.e., the case in which the accelerator finishes faster than
the CPU).

FIGURE 10. Performance results of ACC_ONLY and CPU+ACC normalized
to CPU_ONLY.

1.43×– 1.48×. Though the relative performance improve-
ment of the CPU+ACC is less than that in the case of 2PE
accelerator version, our CPU+ACC still results in better
performance due to the concurrent execution of the CONV
layer in the accelerator and CPU.

In the case of 8PE accelerator version, the CPU+ACC
shows better performance than CPU_ONLY and ACC_ONLY
by 4.58×– 4.98× and 1.18×– 1.21×, respectively. As demon-
strated in our evaluation results, due to the accurate latency
model, our technique minimizes the idle time in either accel-
erator or CPU, leading to better performance as compared to
CPU_ONLY and ACC_ONLY.

Themain reasonwhy our co-scheduling techniques obtains
a huge performance improvement is load balancing between
the accelerator and CPU. To measure how well our technique
distributes the tasks in a load-balanced manner, we present a
ratio of the idle time to the total execution time in either the
accelerator or the CPU in Table 5. As shown in the results,
the average idle time is only 1.61% (maximum idle time
is 7.16%), which implies our technique almost completely
removes the idle time. Results also demonstrate that the

FIGURE 11. Energy results of ACC_ONLY and CPU+ACC normalized to
CPU_ONLY.

output channel distribution of our co-scheduling technique
based on the proposed latency model makes the CPU and
accelerator to be fully utilized as much as possible, thus
maximizing the throughput.

C. ENERGY
We have also determined energy consumption for our pro-
posed co-scheduling technique based on the platform-level
power measured by HPM-300A power meter [20]. Figure 11
summarizes the normalized energy results of CPU_ONLY,
ACC_ONLY, and CPU+ACC. Due to the reduced execu-
tion time, our proposed co-scheduling approach CPU+ACC
shows energy reduction across different accelerators
with varying number of PEs by 48.0% – 79.8% and
14.9% – 49.7% as compared toCPU_ONLY andACC_ONLY,
respectively. Results indicate that the power consumption
of the CPU+ACC increases as compared to CPU_ONLY
and ACC_ONLY because the CPU+ACC makes the CPU
and the accelerator to stay in the active state most of the
time during the CONV layer operations. In fact, CPU+ACC
shows higher power consumption than CPU_ONLY and
ACC_ONLY by up to 1.8% and 1.3%, respectively, when we
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TABLE 6. Per-layer latency results (in seconds) for CNN inferences with
Tiny Darknet model [18] across CPU_ONLY, ACC_ONLY, and CPU+ACC.

use 8PE accelerator version. However, the reduced execution
time overwhelms the increased power consumption, resulting
in huge energy reductions.

D. CASE STUDY: TINY DARKNET CNN INFERENCES
In this subsection, we show CNN inference latency results
for all the layers in the Tiny Darknet model [18]. As in the
previous subsections, we compare the results of CPU_ONLY,
ACC_ONLY, and CPU+ACC when executing a CNN infer-
ence with the Tiny Darknet model. For a comprehensive
analysis, we breakdown the latencies of each layer in Tiny
Darknet across CPU_ONLY, ACC_ONLY, and CPU+ACC
as shown in Table 6. Since our target platform is a
resource-constrained edge, we use 2PE CNN accelerator
in the ACC_ONLY and CPU+ACC. We use pre-trained
weight in Darknet framework and ImageNet dataset [19] for
our input. The results verify that our proposed CPU+ACC
leads to a latency reduction of CNN inference (i.e., perfor-
mance improvement) by 49.6% and 44.8% as compared to
CPU_ONLY and ACC_ONLY. Since our acceleration tech-
nique only accelerates the CONV layer, the latency of max
pooling (Layers 1, 3, 8, and 13), average pooling (Layer 20),
and softmax (Layer 21) layers in CPU+ACC is similar to
the latency in the case of the CPU_ONLY and ACC_ONLY
(i.e., the layers except for the CONV layers are performed
in the CPU). However, since sixteen layers in the Tiny
Darknet model are CONV layers that accounts for 73% of
the total layers, our proposed CPU+ACC results in a huge
CNN inference performance improvement of 1.81×– 1.99×
as compared to theCPU_ONLY and ACC_ONLY. Please note
that the latency of the ACC_ONLY in Layer 6 is a little
higher than the CPU_ONLY, which is not consistent with
the other CONV layers (i.e., for the CONV layers except for
Layer 6, the latency of the ACC_ONLY is lower than that of
the CPU_ONLY). This is because we trigger the accelerator
twice in Layer 6 due to the limited on-chip memory size

(i.e., BRAM size), resulting in much longer data transfer
latency.

V. RELATED WORK
Recently, as CNNs have gained a huge attention due to their
wide range of AI applications, it calls for hardware acceler-
ators [21], [22] that execute CNNs with better performance
and energy efficiency. Our work is complementary to the AI
hardware accelerator development efforts and our work can
be applied to any of the developed CNN hardware accel-
erators because the main characteristics of our work is to
utilize both accelerator and CPU to improve performance
and energy efficiency when executing the CNN workloads.
Though there have been many proposals for hardware accel-
erators, system-level approaches that target co-scheduling of
CNN workload on accelerators and CPU have not been fully
investigated yet.

In [2], a framework to utilize heterogeneous hardware
resources in SoCs when executing the CNN inferences is
proposed. It utilizes CPU (with SIMD engine) and accelerator
to expedite multiple CONV layer executions for different
image frames. In [23], a technique to utilize CPU, GPU,
and hardware accelerator for CNN acceleration with parti-
tioning a batch of images is proposed. By exploiting the
roofline model, the technique partitions a batch of images
and distributes images to CPU, GPU, and FPGA acceler-
ator. In [24], a task assignment technique is proposed for
multi-CNN acceleration, which utilizes multiple deep learn-
ing processing units (DPUs) for CNN inference while CPU
is responsible for task initialization. The previously proposed
approaches targeting heterogeneous hardware utilization for
CNN inferences are similar to our work in that they use
multiple available resources (CPU and FPGAs in [2], CPU,
GPU, and FPGAs in [23], and CPU and multiple DPUs in
[24]); however, the previously proposed approaches can only
be employed when simultaneously executing multiple CNN
inferences, thus limiting their applicability. On the contrary,
our proposed technique can be applied to the single CONV
layer acceleration, which has wider applicability as com-
pared to [2], [23], and [24]. In addition, those coarse-grained
task partitioning may not work well in resource-constrained
edge devices because it is very rare to execute a large
batch of images together in edge devices. In contrast, our
work employs a finer-grained approach that distributes out-
put channels in a single CONV layer to the accelerator
and CPU, which is more suitable for resource-constrained
edge devices. Similarly [25] proposes a technique to utilize
both FPGA-based accelerator and CPU. The technique [25]
offloads the convolution operation to the FPGA accelera-
tor while the other parts (such as fully connected layer or
shortcut connection, etc.) are executed in the CPU. Though
that technique can improve throughput of the CNN infer-
ence by exploiting both CPU and FPGA-based accelerator,
it is very hard to fully utilize both hardware accelerator and
CPU because granularity for task distribution is still large
(e.g., layer granularity). Further, due to coarse granularity,
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there is a high probability for having idle period in hardware
resources, thus incurring a throughput loss. In contrast, our
work is based on a task distribution with a finer granularity
(i.e., CNN output channels in a CONV layer), and thus has
a higher probability of keeping the accelerator and the CPU
busy as compared to prior works. In addition, our accurate
latency estimation guides the load-balanced task distribution
to the accelerator and CPU, thereby minimizing idle time in
the hardware resourceswhen executing the CONV layer oper-
ations. In [26], a single layer acceleration technique is pro-
posed by utilizing both CPU and GPU. However, our target
domain for this work is resource-constrained edge devices,
which do not have GPUs. We note that some edge devices do
have higher computing resources and can assimilate GPUs
where the technique proposed in [26] is applicable; however,
our current work focuses on CPU and the hardware accelera-
tor co-scheduling. Moreover, the technique in [26] distributes
the output channels with a fixed ratio (e.g., 0.25, 0.5, and
0.75), which may lead to load imbalance between multiple
hardware resources. On the contrary, our proposed technique
attains nearly complete load balancing based on our accurate
latency model. In [16], a technique to accelerate memory
streaming workloads (memory-to-memory data transfer with
or without simple arithmetic operations such as memory
copy, add, scale, and triad) via a cooperation between CPU
and FPGA-based accelerator is proposed. Though that tech-
nique can accelerate 1 × 1 convolution operations, it has
limitations on accelerating N×N convolution where N>1.
On the contrary, our work can be applied to any type of
convolution operations.

VI. CONCLUSIONS
Recent trend of artificial intelligence (AI) at the edge
has resulted in assimilation of AI hardware accelerators
in edge devices and edge servers for efficient AI infer-
ence. Convolutional neural network (CNN) acceleration at
the edge has, in particular, gained tremendous attention
as CNN acceleration at the edge can help enable many
novel applications such as autonomous vehicles, surveil-
lance, and robots. In typical resource-constrained edge sys-
tems, while hardware accelerators are running, CPUs remain
idle. However, the CPU can also contribute to the CONV
layer execution along with the accelerator, which can fur-
ther improve performance and energy efficiency. In this
paper, we have proposed a CPU-accelerator co-scheduling
technique to accelerate a single CONV layer operation
during the CNN inference at the edge. By exploiting the
independence among the operations for generating differ-
ent CNN output channels, our co-scheduling technique dis-
tributes the output channels to the accelerator and CPU,
which leads to further performance improvements as com-
pared to the accelerator-only execution. For load balancing
between the accelerator and CPU, we have also proposed a
linear regression-based latency model which can estimate the
CONV layer execution time on the CPU and the accelerator.
Based on the latency estimation from our model, we can

distribute the output channels in a load-balanced manner so
that the accelerator and the CPU can be fully utilized. Our
proposed technique helps in minimizing the idle time in the
accelerator and the CPU, resulting in performance improve-
ments. We have implemented our technique in four different
FPGA-SoC platforms as a proof-of-concept. Experimental
results indicate that our proposed co-scheduling technique
improves system performance by 1.18×– 2.00× compared to
the accelerator-only execution across a wide spectrum of the
accelerator platforms. Moreover, our technique also reduces
platform-level energy consumption by 14.9% – 49.7% as
compared to the accelerator-only execution. In addition,
as demonstrated in our case study, a full layer CNN inference
for Tiny Darknet CNN model with our co-scheduling tech-
nique shows 1.81×– 1.99× better performance as compared
to that without our technique. In future, we plan to extend
this work to include co-scheduling of multiple heterogeneous
resources (i.e., CPUs, GPUs, accelerators, etc.) for CNN
acceleration.
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