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Abstract—In Convolutional Neural Networks (CNN), the need
for low inference time per batch is crucial for real-time appli-
cations. To improve the inference time, we present a method
(CoIn) that benefits from the use of multiple devices that
execute simultaneously. Our method achieves the goal of low
inference time by partitioning images of a batch on diverse micro-
architectures. The strategy for partitioning is based on offline
profiling on the target devices. We have validated our partitioning
technique on CPUs, GPUs and FPGAs that include memory-
constrained devices in which case, a re-partitioning technique
is applied. An average speedup of 1.39x and 1.5x is seen with
CPU-GPU and CPU-GPU-FPGA co-execution respectively. In
comparison with the approach of the state-of-the-art, CoIn has
an average speedup of 1.62x across all networks.

Index Terms—CNN, CPU-GPU system, GPU-FPGA system,
Data Partitioning, inference acceleration

I. INTRODUCTION

A CNN finds its use in applications in the domains of

automotives, Internet of Things, search engines, medical ap-

pliances, emotion and speech recognition, image classification

etc. [1]. For real-time applications, it is crucial to accelerate

inference time. Existing inference acceleration systems focus

on accelerating the algorithm [2]. Our model, CoIn (Co-

execution of devices to accelerate CNN Inference) focuses on

achieving inference acceleration by leveraging the available

resources in CPU-GPU or CPU-GPU-FPGA systems. Devices

in such systems have different individual performances for any

given application because of their diverse micro-architectures.

GPUs are good with data-parallel applications but with irreg-

ular programs, their performance gets degraded because of

their SIMD architecture [3], [4]. Irregular applications perform

better on CPUs and FPGAs than they do on GPUs [5]. But a

GPU outperforms a CPU in a data-parallel application. Our ex-

ploration of CPU-GPU co-execution for MobileNet has shown

an execution time improvement of 54.2% over the device

with the least execution time, as observed in Figure 2. It has

been our motivation to explore the use of devices in a CPU-

GPU system for inference acceleration using data partitioning

since it does not require an algorithmic modification effort.

Similarly, inference acceleration achievable for CifarNet and

SqueezeNet through CoIn has been explored for CPU-GPU-

FPGA systems.
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Fig. 1: CNN Inference Acceleration through data partitioning

As shown in Figure 1, CoIn estimates data partitioning ratio

in terms of the number of images to be executed on each of the

devices in a CPU-GPU-FPGA system to improve the inference

time of a network. The approach of CoIn could be applied for

real time applications such as driverless cars, ADAS wherein

images are streamed from different cameras. Batches of these

images can be processed in parallel among all the devices

faster than on a single device.

In this work, our contributions through CoIn are as follows:

• Estimating relative performance of CNN models on a

diverse set of CPUs, GPUs and FPGAs through offline

profiling, for a finite set of batch sizes.

• Based on the relative performance, build a model to es-

timate data distribution ratio on the participating devices

(CPU-GPU / CPU-GPU-FPGA co-inference systems) for

any batch size.

• For memory constrained devices, estimate the data re-

partitioning ratio. Further, determine the combination

of CPUs, GPUs and FPGAs in the system that would

improve inference time.

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

describes the methodology of offline network characterization

and subsequently, the methodology of estimating the data

partitioning ratio among target devices. Section III and Sec-

tion IV present the experimental setup and the results of our

analysis. Section V discusses existing systems that cater to the

challenge of accelerating training and inference phases and
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Fig. 2: CoIn outperforms other devices w.r.t inference time.

explains the uniqueness of our approach and analysis. Finally,

Section VI draws conclusions based on our analysis performed

in Section IV and briefs the possible future scope of our work.

II. METHODOLOGY

The goal of CoIn is to achieve high throughput inference

of CNN models, while maintaining a given low latency

(<7ms [6]). The approach of CoIn satisfies throughput re-

quirements and avoids memory, latency penalty [7] by having

batch sizes ranging from 2 to 100. For batch size=1 or 2,

our model allocates the batch entirely to the fastest device

on the platform. The computation on a single image is not

distributed among the devices but the computation on the

whole batch of images are distributed by employing model

parallelism. The partition of batch sizes is static and hence,

there is no runtime overhead involved in this approach. This

work aims at improving the inference time with distribution

of images. The accuracy of a network remains unchanged as

its weights remain unchanged during inference. Given a batch

size of images (>1), estimating the number of input images

of a batch to be fed to each device based on their relative

performance is data distribution.

CoIn achieves data partitioning by first characterizing a

network for each of the devices by offline profiling. Based

on the relative performance of the devices, it estimates the

number of images of the batch to be assigned to each device.

Next, it chooses appropriate devices as described in Figure 3.

If the assigned number of images of the batch per device does

not fit into a memory constrained device, then the images

are redistributed as explained in the following subsections.

Inference time for a batch of images when two or more devices

execute simultaneously is termed as CoIn time, throughout

this paper. The time taken for running a batch on a network

deployed on a single device is termed as execution time. The

performance metric used to validate CoIn is the CoIn time.

We construct Roofline based on Intel Haswell [8]CPU

(CPU3) and Nvidia Maxwell GPU (GPU1) architecture, re-

spectively as shown in Figures 4 and 5. For CPU, we use

Intel Advisor to construct the roofline. For GPU, we construct

based on a methodology [9] for Nvidia Maxwell GPUs.

The x-axis denotes arithmetic intensity (flop/byte) and y-

axis represents throughput (GFLOP/sec). These plots show

the performances of MobileNet, GoogleNet, ResNet18 and

SqueezeNet for different batch sizes. As seen in these plots,

all the networks are compute-bound. An algorithm is compute

bound when its arithmetic intensity (flop/byte) is greater than

the ratio of peak FLOPs to peak bandwidth of the target device.

The performance of the algorithm is closer or farther from

peak FLOPs based on the capability of the device micro-

architecture for which the roofline is constructed. CNNs are

compute bound because of the significant compute intensive

operations in the convolutional layers which dominate over the

computation of the rest of the layers of the CNN model. The

compute-bound property (higher flop/byte ratio) of the CNNs

gives the utility of CoIn to achieve the best inference time

through CPU-GPU / CPU-GPU-FPGA co-execution. These

roofline plots are representative of the compute-bound nature

for these networks on other devices.

We observe through offline profiling that execution time for

a batch increases linearly on each device, for all networks.

Therefore, the execution time of a network on a device is

profiled offline only at two extreme batch sizes i.e. for the

smallest and largest sizes. This linearity characterizes each

network on each device by a linear equation and approximates

execution time with an average error of 3.53%. Hence, we

estimate execution time at any batch size using this linear

equation.

Next, we estimate the data distribution ratio based on

relative performance of the devices as given by Equation 1.

ri =

max(t)
ti

∑n
j=1

max(t)
tj

(1)

where ri is the data partitioning ratio for the device i, max(t)
is the maximum of execution times of all devices of the

system, n is the number of devices in the system. Based on

this partitioning ratio and the given batch size, the number of

images of the batch assigned to each device is estimated. The

better the performance of a network on a device, the larger

the number of images assigned to that device. If the estimated

partitioning ratio for CPU1, GPU1, GPU2 is 10%, 60% and

30% respectively, then CPU1, GPU1, GPU2 will receive 10,

60 and 30 images respectively when a batch contains 100

images. CoIn, then ensures the number of images assigned

to each device meets that device’s memory constraints. If it

meets the constraints, then the ratio remains unchanged and

the images are distributed as per the estimated ratio. If it does

not meet the constraints, then CoIn modifies this ratio to re-

balance the number of images accordingly. Re-balancing is

the process of re-partitioning the remaining images (that do

not fit in a device’s memory) among the rest of the devices

in the combination, according to their relative performances.

CoIn time is the time taken by the slowest device in a chosen

combination of devices.

Finally, the inference from each device is collected at the

host. The time taken for data transfer through PCI from the
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Fig. 4: Roofline model of CPU3 for different networks and

batch sizes.

host to the devices, and inference back to the host is taken into

account in the estimation of execution time of the GPUs and

FPGA in the system. This ensures that the data partitioning

ratio is estimated with all the latencies accounted for in the

execution of the end-to-end inference phase of the network.

III. EXPERIMENTAL SETUP

The devices used in our experiments to evaluate our model

are listed in Table I. We measure and estimate GPU and

FPGA execution time that includes the time for data transfer

between devices and the host through PCI. We have limited

ourselves to systems that have 1 CPU and 1 or more GPUs or

FPGA, because systems with 2 CPUs communicate through

MPI [10],which involves, over the cluster, additional latency,

that has to be taken into account in the inference time

estimation, which extends beyond our existing system setup.

We use the Caffe [11] framework that is optimized for Intel

CPUs and Nvidia GPUs. The compiler used for the CPU
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Fig. 5: Roofline model of GPU1 for different networks and

batch sizes.

and GPU flows is gcc version 4.8.4. For CUDA compilation,

nvcc version 8.0 is used and for measuring execution time

and power, nvprof is used. For the CPUs, energy is measured

using Intel’s PCM tool. CPU power is obtained by dividing

the measured energy by the measured execution time. Details

of the networks, the data sets and the maximum batch sizes

are in Table II.

Intel’s OpenVino Toolkit [12] is used along with Caffe on

CPU3; Tango [13] framework is used on GPU1, FPGA for

CPU3-GPU1-FPGA. For the FPGA, Xilinx Vivado Design

Suite (2018.3) is used for the compilation and measurement

of execution time and power.

IV. RESULTS AND EVALUATION

We evaluate CoIn time estimation error and compute the

performance improvement obtained for the chosen devices.
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TABLE I: Architectural specification of devices used

Device Specifications
CPU1 Intel Core i7-7500U @2.70GHz

(2 physical cores, 4 logical cores)
CPU2 Intel Core i7-6700HQ @2.60GHz

(4 physical cores, 8 logical threads)
CPU3 Intel(R) Core(TM) i7-4770 CPU@3.4GHz

(4 physical cores, 8 logical threads)
GPU1 Nvidia GPU GTX750 @1020MHz

(512 CUDA cores), 1GB memory
GPU2 Nvidia GPU GTX TITAN Black @889GHz

(2880 CUDA cores), 4GB memory
FPGA Xilinx Virtex7 xc7v200tfhg1761
PCIe BW 4GB/s (PCI Ver 1.0, width x16)

TABLE II: Description of CNNs evaluated. Execution time is

measured for the batch sizes that are limited by a memory

constrained device.

Network Dataset Batch Size
Cifar10Net CIFAR-10 100
LeNet MNIST 100
SqueezeNet ImageNet 18
MobileNet ImageNet 6
GoogleNet ImageNet 15
ResNet-18 ImageNet 10

A. Performance improvement

The memory constraints of the chosen devices affect the

performance improvement obtained with co-execution.

1) Batch size within memory constraints: These experi-

ments are carried out for batch sizes that meet the memory

constraint of the lowest memory device. Figure 6 shows the

plot for speedup of CoIn w.r.t. CPUs and GPUs used in

our experiments. An average CoIn performance speedup of

1.39x is seen over all devices across all networks. It is also

observed that CoIn performance is best when all devices

execute simultaneously. Hence, this demonstrates that the

usage of all devices in a node, improves inference time.

2) Batch size exceeds memory constraints: We also evalu-

ate CoIn with a bigger batch size for a memory-constrained

device. GPU1 has the lowest memory among all the devices

used in our experiments. In the case of MobileNet, only 6

images can fit in GPU1’s memory. If a batch size of 100

is specified, then, we try to determine whether the 3 chosen

devices perform better than the combination of 2 devices or a

single device.

In this case, the estimated partitioning ratio for the chosen

devices, CPU2-GPU1-GPU2=36:27:37 is modified such that

GPU1 is assigned only 6 images. The remaining 21 images are

distributed between CPU2 and GPU2 based on their estimated

partitioning ratio, which is 50:50. Hence, the number of im-

ages input to CPU2 and the number of images input to GPU2

increase to 46 and 48 respectively. As shown in Figure 7,

the CoIn time with CPU2-GPU1-GPU2 outperforms other

combinations with this re-balancing approach for MobileNet.

CoIn exhibits the same behaviour for other networks in the

plot. Performance improvement achieved, by re-balancing,

across the four networks, is 11.16%.

3) Performance improvement on CPU-GPU-FPGA plat-
form: CifarNet and SqueezeNet architectures are evaluated

on CPU3-GPU1-FPGA. Performance improvement of 43.88%

and 56.89% is obtained for CifarNet and SqueezeNet respec-

tively, with data partitioning. Speedup of CoIn time with data

partitioning is shown in the Figure 8.

Energy consumption is calculated for CifarNet and

SqueezeNet. It is observed that with data partitioning, the

energy consumption for SqueezeNet is 15% lower than the

energy consumption for SqueezeNet on the fastest device

(GPU1).

B. Comparison with the state-of-the-art

We compare CoIn with CcT [2], the only state-of-the-

art framework that performs work scheduling on CPUs and

GPUs based on peak TFLOP/sec of devices. It modifies the

measured relative performance of the CPU and GPU in a node

so as to bring it closer to their peak relative performance(

TFLOP/sec). It has been tested on the GPUs and CPUs

available on Amazon EC2 instance. Hence, their approach can

bring optimal partitioning only on those CPUs and GPUs. In

contrast, CoIn can work on any GPU or CPU since it is based

on offline profiling. Table III shows the speedup of CoIn w.r.t.

inference time obtained by CcT partitioning technique for the

CPU and GPU devices used in our experiments. An average

speedup of 1.62x is observed over the CcT approach.

TABLE III: Comparison with CcT for a batch size of 100 for

one iteration for all networks. This comparison is performed

on the CoIn time with CPU2-GPU1-GPU2. For MobileNet,

CcT’s partitioning ratio allots more than 6 images on GPU1

and hence, memory is insufficient.

Network CcT(secs) CoIn(secs) Speedup
Cifar10Net 0.017 0.0076 2.23
LeNet 0.0087 0.0048 1.78
SqueezeNet 0.2842 0.21 1.34
MobileNet Memory insufficient 0.94 -
GoogleNet 0.6062 0.416 1.45
resnet-18 0.5041 0.38 1.318

V. RELATED WORK

Different workload partitioning strategies are used for ac-

celerating CNN training/inference on heterogeneous platforms.

When the sizes of training data and model increase, it becomes

impossible to perform training/inference on a single device

[3]. The highly data-parallel nature of the computations such

as convolution in CNN makes acceleration possible on dis-

tributed platforms [14]. It has resulted in extensive research for

decreasing the training/inference time on distributed platforms

by using data parallelism [2], [15] and model parallelism [14],

[16], [17]. Data partitioning for data parallel models is mostly

based on profiling [16], [17] and peak device performance [2],

[15]. Data-parallelism is preferred to model-parallelism as the

amount of communication overhead incurred is less with data

parallelism.
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In our approach, data parallelism is used for CNN inference.

This approach is similar to the strategy used by Hadjis et

al. [15] for accelerating CNN training on CPU-only, GPU-

only and CPU+GPU clusters. But, unlike the data partitioning

strategy used by Hadjis et al., we use relative performance

ratio corresponding to different devices and accelerate end-

to-end network, as opposed to, only convolution layer. This

ratio is statically determined based on the performance of each

device in the platform for a batch size. Inference acceleration

is achieved by choosing the optimum data partition for each

device. Partitioning the batch to multiple devices, implemented

in our work, also helps to run bigger models on memory

constrained devices [14].

VI. CONCLUSIONS AND FUTURE WORK

We have developed a co-execution inference model, CoIn,

that accelerates CNN inference through co-execution among

CPU, GPU and FPGA in a CPU-GPU-FPGA system. To

achieve this, CoIn estimates the required data partitioning ratio

based on the relative performance of the devices. It distributes

data among a chosen combination of devices in a system, while

meeting their memory constraints.

With co-execution among the chosen devices, we observe an

average speedup of 1.39x and 1.5x with CPU-GPU and CPU-

GPU-FPGA co-execution, respectively, for a batch across all

networks. This method is generic and can be applied to any

kind of device that can be characterized to different networks.

Our future work involves extending our methodology to

clusters, other heterogeneous devices, many-core architectures

and embedded platforms.
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