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Abstract Hardware/software partitioning is an essential

step in hardware/software co-design. For large size problems,

it is difficult to consider both solution quality and time. This

paper presents an efficient GPU-based parallel tabu search al-

gorithm (GPTS) for HW/SW partitioning. A single GPU ker-

nel of compacting neighborhood is proposed to reduce the

amount of GPU global memory accesses theoretically. A ker-

nel fusion strategy is further proposed to reduce the amount of

GPU global memory accesses of GPTS. To further minimize

the transfer overhead of GPTS between CPU and GPU, an

optimized transfer strategy for GPU-based tabu evaluation is

proposed, which considers that all the candidates do not sat-

isfy the given constraint. Experiments show that GPTS out-

performs state-of-the-art work of tabu search and is compet-

itive with other methods for HW/SW partitioning. The pro-

posed parallelization is significant when considering the or-

dinary GPU platform.

Keywords hardware/software co-design, hardware/ soft-

ware partitioning, graphics processing unit, GPU-based par-

allel tabu search, single kernel implementation, kernel fusion

strategy, optimized transfer strategy

1 Introduction

In embedded systems, a hardware platform is made up of the
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predominant digital components, which execute application

programs. Early in the 1980s, hardware/software co-design

(HW/SW co-design) had become a hot topic [1]. In HW/SW

co-design, HW/SW partitioning determines which functions

to be implemented in hardware and which ones in software.

HW/SW partitioning improves the overall performance of

embedded systems under the given constraints [2].

In the early stage, the software component refers to

general-purpose processing unit, such as RISC-CPU. The

hardware component refers to application specification inte-

grated circuit (ASIC). With the emergence of heterogeneous

system architectures mixing multiple micro-processors (MP-

SoC), digital signal processors (DSP), application-specific in-

struction set processors (ASIPs), HW/SW partitioning is be-

coming increasingly complicated [3,4].

There are various metrics (or objects) for HW/SW parti-

tioning, such as energy consumption, area, heat dissipation,

cost, etc. Most of metrics are conflicting, hence it is a gen-

eral way to select one or several typical metrics. According

to number of metrics, HW/SW partitioning can be treated as

single-objective optimization or multi-objective optimization

[5,6].

At the abstract level, the application is represented as task

graph with fixed or flexible granularity [7,8]. The topology of

task graph also has effects on the partitioning performance.

Hence, finding a reducible sub-graph is an effective way to

improve the performance [9].

Reference [10] did not aim at partitioning for a given archi-

tecture, nor did it present a complete co-design environment.
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Instead, HW/SW partitioning was taken a general descrip-

tion. The system was modeled as an undirected communica-

tion graph. Based on it, two different partitioning problems

were categorized. One was solved optimally in polynomial

time complexity, while the other was NP-hard in strong sense

[11,12].

Reference [13] considered that existing HW/SW partition-

ing problems relied on the approximate estimations of sys-

tem performance. Therefore, uncertainty theory was utilized

to build a generalized problem formulation for resource shar-

ing as well as HW/SW partitioning for embedded systems.

On the algorithmic aspects, when the problem size is small,

exact algorithms are used to obtain exact solutions [6,14,15].

When the problem size becomes large, finding the exact so-

lution in reasonable time becomes impractical. Therefore,

heuristics become popular alternatives to obtain approximate

solutions within the acceptable running time [16–18].

Two classical and complementary domain-specific heuris-

tics at the early stage of HW/SW co-design are noteworthy

[19,20]. They were identified as software- oriented approach

and hardware-oriented approach. Later on, the general heuris-

tics, such as genetic algorithm [5,16,21], ant colony algo-

rithm [22,23], artificial bees [24], particle swarm optimiza-

tion [25], simulated annealing [8,26], artificial immune al-

gorithm [27], tabu search [6], and the hybridization of these

methods [28–30] were used for HW/SW partitioning. The

custom heuristics [31,32] were also proposed for the prob-

lem.

Futhermore, parallelizing them to accelerate the solving

process is a good option. However, the limitation of the avail-

ability and usefulness of parallel computing platforms makes

parallel method for HW/SW partitioning scarce. The early re-

searches only include parallel genetic algorithm [33] and par-

allel particle swarm optimization algorithm [34] for HW/SW

partitioning. Both works were implemented on the cluster

platform.

Nowadays, muti-core CPU and many-coreGPU are widely

available and have become a popular and promising parallel

computing platform with low power-consuming and high ra-

tio of performance to price. They are playing an important

role in science and engineering domains [35–38], such as

GPU-based search for traveling salesman problem [39,40],

quadratic assignment problem [41], permutation flow shop

problem [42] and resource constrained project scheduling

[43].

In our previous work, we proposed a tabu search for

HW/SW partitioning on GPU [44]. The proposed method

could not deal with very large HW/SW partitioning due to

the GPU resource limitation, which was then addressed by

adding an additional procedure in our second paper [45].

However, since the processes of candidate cost computing

and neighborhood compaction on GPU were implemented in

a separate way, neither of the previous methods were effi-

cient. This drawback was caused by previous neighborhood

compaction, which needed three GPU kernels to finish the

whole process. Meanwhile, the efficiency of tabu evaluation

on GPU can be further improved.

New technical contributions of this paper on both algo-

rithm framework and details are as follows: a single GPU

kernel of compacting neighborhood is proposed. Based on

this new implementation, a kernel fusion strategy is further

proposed. To further minimize the transfer overhead between

CPU and GPU, an optimized transfer strategy for GPU-

based tabu evaluation is proposed. To testify the effectiveness

of proposed contributions, we design experiments in corre-

sponding sections. For the adaptive strategy, we consider the

situation in which all the candidates do not satisfy the given

constraint. To highlight the contribution of proposed transfer

strategy, the process of tabu evaluation on GPU is analyzed

in details.

The remainder of this manuscript is organized as follows.

Section 2 introduces the pre-requisites. In Section 3, we

present the overview of our method and explore the optimiza-

tion strategies and implementation details for HW/SW parti-

tioning. In Section 4, enough experiments are conducted to

testify our method. Finally, Section 5 discusses the conclu-

sion and future work.

2 Prerequisite

There have been various partitioning models for different

hardware platforms and performance metrics. In our work,

we research on a fundamental model, which reflects the typ-

ical concerns in HW/SW co-design. Based on the fundamen-

tal model, the successful experience of our GPU- accelerated

algorithm has the generality, which will be helpful in other

complex HW/SW co-design.

In [10,11], the application is represented as an undirected

graph G(V,E). V = {v1, v2, . . . , vn} denotes the tasks. Each

task includes hardware cost h(vi) and software cost s(vi).

c(vi, vj) in the edge set E indicates the communication cost

when the two adjacent tasks are in different context (hard-

ware or software). P = {VH,VS} is a HW/SW partitioning, if

it satisfies VH ∩VS = Φ and VH ∪VS = V. The edge set of P

is EP = {(vi, vj)|vi ∈ VH, vj ∈ VS or vi ∈ VS, vj ∈ VH}. In P,
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there exists three costs, namely hardware cost Hp, software

cost Sp, and communication cost Cp. The total cost of P is

defined as Tp = αHp + βSp + γCp, where α, β and γ are the

non- negative weights of three costs and they reflect the rel-

ative importance of the three metrics. Based on these costs,

Arató et al. in [11] defined two partitioning problems.

Problem P0 Given a graph G with the cost function s,

h, c and the constant α, β, γ � 0, find a hardware/software

partitioning P with minimum TP.

Problem P Given a graph G with the cost function s, h, c

and R � 0. Finding a hardware/software partitioning P with

SP + CP � R that minimize HP.

As in [11, 46] illustrated, P0 can be solved optimally in

polynomial time, but P is NP hard. In our work, we focus on

problem P.

In problem P, hardware cost refers to area utilization or

power consumption while software cost refers to timing de-

lay caused by implementing in software plus timing de-

lay between hardware and software, which are both time-

dimensional. Problem P makes sense because the tradeoff be-

tween hardware cost and timing delay is a general problem in

the real world [13].

Let x = (x1, x2, . . . , xn) denote a bi-partitioning of prob-

lem P. xi = 1(xi = 0) indicates that vi is assigned to software

(hardware). The hardware cost H(x), software cost S(x) and

communication cost C(x) are formulated as

H(x) =
n∑

i=1

hi(1 − xi), (1)

S(x) =
n∑

i=1

sixi, (2)

C(x) =
n−1∑

i=1

n∑

j=i+1

ci j|xi − x j|. (3)

The constraint is represented as

n∑

i=1

sixi +

n−1∑

i=1

n∑

j=i+1

ci j|xi − x j| � R. (4)

As a result, given R, problem P is formulated as the fol-

lowing minimization problem.

P

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

minH(x) =
n∑

i=1

hi(1 − xi),

n∑

i=1

sixi +

n−1∑

i=1

n∑

j=i+1

ci j|xi − x j| � R.

(5)

Besides our previous works, typical methods for problem P

include [46–48]. These works treated problem P as a variation

of knapsack problem. Quan et al. in [49] pointed out a defect

of the variation of standard 0-1 knapsack and perfected the

theory. In the latest work, Yan et al. in [30] proposed a hybrid

meta-heuristic based on particle swarm optimization (PSO).

GPU was utilized to compute each particle’s communication

cost. However, only the speedup of communication cost be-

tween sequential implementation and GPU implementation

was reported, there was no analysis of the effect of GPU on

the performance of whole algorithm.

3 An efficient GPU-based parallel tabu
search (GPTS) for HW/SW partitioning

3.1 Framework of GPTS

When comparing with tabu search methods on CPU for

HW/SW partitioning, which make a trade-off between solu-

tion quality and time [6,47], our method is based on an adap-

tive strategy. Given a current solution, the neighborhood is

generated by sequentially performing 2-flip operation on this

current solution. Given that n is the number of nodes, the size

of neighborhood is obtained by n × (n − 1)/2. In this neigh-

borhood, the dimension of each candidate is n. Fig. 1 shows

the neighborhood generated by adaptive strategy.

Fig. 1 Neighborhood generation based on sequential 2-flip. When n equals
4, the size of neighborhood is 6. When n equals 8, the size of neighborhood
is 28

Though this strategy helps to find a better solution at the

cost of longer time, running time can be reduced by GPU.

Figure 2 is the framework of proposed efficient GPU-based

parallel tabu search algorithm, namely GPTS, for HW/SW

co-design. In the figure, the left side of dash line indicates the
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host side, and the right side indicates the GPU side.

Fig. 2 Framework of GPTS

Firstly, each candidate is mapped to one GPU thread log-

ically to compute the hardware cost, software cost and com-

munication cost in a way of incremental evaluation and to

check whether it is subject to the constraint R or not [45].

The next, the feasible candidates are retained by GPU-

based compacting neighborhood. The proposed new imple-

mentation in this paper will only need single GPU kernel.

What is more, the process in which each candidate computes

the costs and feasibility will be integrated into this single ker-

nel. This fusion will bring about the significant performance

improvement of the whole method. This is the largest differ-

ence between previous method in [44] and this method. The

reasons will be explained in the following sub-sections.

Thirdly, the optimal candidate is selected by tabu evalua-

tion and is transferred back to the host side. In previous works

[44,45], the tabu status table was stored in GPU global mem-

ory but updated at host side. To minimize the transfer over-

head between CPU and GPU, although a bit-level represen-

tation of tabu status was proposed in [45], it was still stored

in global memory. In this work, the tabu status table will be

stored at the host side. Based on it, a transfer optimization

strategy will be proposed to further address the issue of trans-

fer overhead.

In sum, the main contributions in this paper improve the

efficiency of GPU-based tabu search for HW/SW co-design.

The following subsections will descript these contributions in

details.

3.2 Compacting neighborhood of single kernel on GPU

HW/SW partitioning is treated as constraint optimization

problem. After each candidate computes three costs, the next

step is to check their feasibility according to constraint R. In

our method, we retain the feasible candidates and count their

number. This procedure is called compacting neighborhood.

In our problem, different problem size and constraint R make

the number of feasible candidates change adaptively.

Sequential realization of compacting neighborhood is

straightforward and has linear time complexity. The algo-

rithm is as follows.

Algorithm 1 Sequential compacting neighborhood

pos← 0

For i← 0 to N-1

If candidate[i] satisfies formula (4) then

output[pos]← candidate [i]

pos++

End if

End for

Comparing with sequential implementation, GPU imple-

mentation is a programming challenge. In previous works

[44,45], we presented a GPU version of compacting neigh-

borhood based on existing GPU compaction, which consists

of Prefix-Sum (Scan) and Scatter [50,51]. Figure 3 illustrates

the main step for HW/SW partitioning. Specially, with the

feasibility array, performing Prefix-Sum (Scan) returns the fi-

nal position of each feasible candidate in the output array.

The next, performing Scatter puts them into the output array

without changing their relative positions. Scatter can be in-

tegrated into the process of Prefix-Sum to save extra launch

overhead of GPU kernel [50,51].

However, this implementation is not efficient enough be-

cause it is based on reduce-scan-scan pattern of Prefix-Sum,

in which one procedure corresponds with one GPU ker-

nel call [50,51]. Assuming that the neighborhood size is

n, reduce-scan-scan pattern involves 3n global memory ac-

cesses. The first reduce kernel reads n data from global mem-

ory into register to perform reduction and returns reduce re-

sults. The second scan kernel performs scan on the reduce

result array. The amount of global memory accesses in the

second kernel is very small, so its overhead is neglected. In

the third scan kernel, besides final n global memory write,

the whole input data must be read from global memory again.

This extra n global memory read is unavoidable because in
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Fig. 3 High-level representation of compacting neighborhood

GPU, once the first reduce kernel finishes the work, the data

placed in registers will vanish too. This means the input data

placed in the register of first kernel cannot be reused.

To reuse the data already placed in register in the first re-

duce kernel, a possible way is performing neighborhoodcom-

paction in one kernel. However, in the general pattern of GPU

computing, the synchronization of different thread bocks is

finished at the host side. This limitation of GPU architecture

makes directly integrate three separate kernels into one ker-

nel unrealizable. Therefore, some parallel-hostile tasks, like

Prefix Sum, have to finish the process by multi-kernel calls.

In this paper, we present a new compacting neighborhood

of single kernel on GPU. We adopt persistent threads style

GPU programming, or PT as a framework of compacting

neighborhood [52]. PT launches as many blocks of maxi-

mum size as GPU can simultaneously process, such as 1,024

threads in a block. In GPUs of current generation, the number

of simultaneously active blocks is two times that of SMs. For

example, the number of active blocks in GTX780 GPU is 24.

In this way, the resource utilization of single block on GPU

can be maximized.

Next, the neighborhood is divided into chunks of size

equaling to that of thread block. Hence, a thread block pro-

cesses multiple chunks in a stride of 24. In each chunk, intra-

block threads cooperatively perform local prefix sum. In Ke-

pler GPUs, shuffle instructions allow intra-warp threads to

directly share data placed in thread-private register files.

Now, the challenge of finishing the global compacting

neighborhood in a single kernel is how to establish the co-

operative relationship among blocks.

To attack this problem, this paper uses two small auxiliary

arrays as cyclic buffers being located in GPU global memory.

The size is set as a power of two, for example 64, which is

much smaller than that of neighborhood. The core five steps

are listed as follows.

• At the end of intra-block scan, the last result of each

chunk is written in the first auxiliary array.

• Since each thread block do not finish the process of

intra-block scan at the same time, to ensure the access

consistency of inter-blocks, when one thread block fin-

ishes the process, it will call GPU memory fence oper-

ation, namely __threadfence(), which ensures that the

updated data is visible to the threads in other blocks.

• A self-defined variable of ready flag is set in the second

auxiliary array.

• Under PT framework, the number of active thread block

is 24. Hence, the intra-warp threads of each block poll

the ready flag of prior chunks related to this chunk.

• Once all the local prefix-sums in the first auxiliary array

are available, the intra-warp threads of each block will

access them and perform reduction.

• Each intra-block thread adds the result to their own lo-

cal prefix-sum and stores the prefix-sum of last intra-

block thread back in shared memory, which is very fast.

When processing the next chunk, the thread block can

reuse the chunk result of last round and obtains the

global prefix sum.

• Finally, the global positions of all feasible candidates

are obtained and the feasible candidates are stored in

the global memory.
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Fig. 4 Different GPU patterns of compacting neighborhood. For simplicity, assuming that a GPU has two thread blocks, each block has one
thread (P0 and P1). The left process is previous multi-kernel implementation. The right process is proposed single-kernel version

In this way, the whole process is done in a single ker-

nel, and only involves 2n global memory accesses except the

small auxiliary array accesses. Figure 4 shows the difference

between previous implementation in [50,51] and proposed

single-kernel implementation. It is seen that the utilization

of GPU fence and self-defined poll mechanical cooperatively

realize the synchronization of different thread blocks. This

implementation of single kernel avoids extra n global mem-

ory accesses.

To verify the effectiveness of single-kernel implementa-

tion, we design an experiment of picking odd numbers out of

an array consisting of random 4-byte integers. The speed-ups

are shown in Fig. 5. It should be noticed that when compar-

ing with previous multi-kernel implementation, the speedup

is no more than 1.5. It makes sense because this is consis-

tent with the 33.3% improvement ratio of global memory ac-

cesses, achieved by (3n − 2n)/n ∗ 100.

Fig. 5 Speed up of compacting neighborhood of single-kernel implemen-
tation

3.3 Kernel fusion

For our problem, each candidate consists of candidate index,

software cost, hardware cost, and communication cost and

feasibility flag. Assuming that the size of neighborhood is n,

after each candidate computes their own costs, their informa-

tion will be stored in the GPU global memory and the amount

of global memory access is 5n. At the stage of compacting

neighborhood, the candidate information will be put into the

register again. Therefore, the amount of global memory ac-

cesses is up to 10n, in which 5n is for write and 5n is for

read. This is the traditional pattern of computing candidates’

costs plus compacting neighborhood, as is shown in the left

subfigure of Fig. 6.

Based on the compacting neighborhood of single kernel,

we further propose a fusion strategy in which computing

costs and compacting neighborhood are integrated into a sin-

gle kernel. The advantage of the fusion strategy is that once

each candidate obtains the costs, compacting neighborhood

is immediately followed. This means 10n GPU global mem-

ory accesses are avoided. As a result, only the final feasible

candidates are written into the global memory. The right sub-

figure in Fig. 6 clearly highlights this advantage. Figure 7

further shows the code segment of kernel fusion under the

framework of new compacting neighborhood.

To testify the fusion strategy, we also design an exper-

iment, in which two procedures are ran on GPU to sim-

ulate candidate computing and compacting neighborhood.

In the first procedure, each thread does loop accumulation in
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Fig. 6 The difference of computing candidate costs and compacting neighborhood between previous method and proposed method

Fig. 7 Kernel fusion strategy

parallel. Loop accumulation simulates the process of comput-

ing communication cost in each candidate. The reason is that

although an incremental evaluation strategy was proposed in

[44,45], for each candidate, computing communication cost

is still the most time-consuming, which involves the traversal

of adjacent nodes in the task graph. Its time complexity de-

pends on the number of adjacent nodes of flipped nodes in the

current solution. By contrary, computing hardware cost and

software cost is efficient, which are always constant.

After loop accumulation, the result of each thread is writ-

ten into its corresponding positions of 5 arrays, which consist

of 4-byte integer allocated on GPU global memory. The sec-

ond procedure simulates the process of compacting neigh-

borhood. Different from the experiment in Section 3.2, the

amount of global memory access in this compacting neigh-

borhood is five times as many as that experiment.

In GPU computing, global memory bandwidth is another

way of measuring the performance of GPU kernel [50]. In

the first procedure, we change the number of loop accumula-

tion to increase the workload of each thread. This reflects that

when the structure of task graph becomes increasingly com-

plex, the time cost of computing communication cost will

grow. Figure 8 shows the bandwidth of different data size

when comparing against the computing pattern in conference

version [44]. In the one hand, the effect of fusion strategy is

always better than previous computing pattern. In the other

hand, the effect of fusion depends on the workload in loop

accumulation. When the loop number is small, such as 1 or

10, the effect of fusion strategy is significant. In the contrary,

if the loop number is large, namely 100, the effect becomes

less significant. That is to say, the effect of fusion strategy is

fixed, namely 10n global memory accesses are always saved,

regardless of how many loop accumulations are. Therefore,

increasing the number of loop accumulation makes comput-

ing take up the most of time and the effect of fusion strategy

decreases.

3.4 Restart strategy

Since the feasibility of each candidate cannot be known be-

forehand, it would happen that after compacting neighbor-
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hood, all of the candidates do not satisfy the constraint. In

order to ensure that there always exist feasible candidates,

when all the candidates are infeasible, the current solution is

restarted in (0,0,. . . ,0), namely, all tasks are implemented in

hardware. By randomly flipping two positions, a new current

solution is generated and its new neighborhood is generated

by performing sequential 2-flpping. This procedure does not

stop until there do exist at least one feasible candidate solu-

tion. To some extent, this way ensures the diversity of search

space.

Fig. 8 Memory bandwidth of separate implementation and fusion imple-
mentation

3.5 GPU implementation of tabu evaluation with zero copy

strategy

After retaining the feasible candidates, tabu evaluation is per-

formed to select an optimal one with smallest hardware cost

which is not tabu. Meanwhile, aspiration criterion is trig-

gered if certain tabu candidate has smaller hardware cost than

known global cost. In order to efficiently implement this pro-

cess on GPU, previous work presented a parallel tabu evalua-

tion based on enhanced GPU reduction with tabu status array

[44]. In [45], a bit-level representation of tabu status was fur-

ther proposed. To understand the proposed optimized transfer

strategy in this paper, this paper firstly describes tabu evalua-

tion on GPU in detail.

Specially, on GPU, each checking thread runs in parallel

on a number of hardware cost array chunks and allocates a

hardware cost buffer in register memory by initializing it as

the MAX value. Since the hardware cost buffer is frequently

accessed at the beginning stage of tabu evaluation, data place-

ment of hardware cost buffer in register memory will greatly

improve the performance of the whole process.

For each 2-flip index, it will be checked whether it is tabu

or not by accessing the exact position in tabu-status array. If

a 2-flip index is tabu, our method will further check whether

its corresponding hardware cost is smaller than known global

hardware cost or not. If yes, its tabu status is ignored by as-

piration criterion and the hardware cost buffer is updated. If

not, the initialized MAX value of hardware cost buffer is not

updated. By contrary, if a 2-flip index is not tabu, it directly

updates the initialized MAX value with the smaller hardware

cost. At end of this process, we get a number of buffers, which

store the smallest intra-chunk hardware cost.

For a number of buffers, we perform a standard GPU-

reduction to find the smallest hardware cost in all of the hard-

ware cost array chunks. Figure 9 illustrates the whole process

of tabu evaluation on GPU.

The size of tabu status array is equal to that of neighbor-

hood, namely 15. The tabu list manages six tabu objects. Cor-

respondingly, tabu statuses of these six objects are set as 1.

After compacting neighborhood, the number of feasible 2-

flip indexes is 8. The 2-flip index is used to position their tabu

status. In current iteration, not all tabu candidates in the tabu

list are feasible, such as candidates of index 1 and 7. Assum-

ing that the known global hardware cost is 2, it is noteworthy

that although the feasible candidate of index 14 is tabu, the

hardware cost buffer is still updated by aspiration criteria.

From the procedure of tabu evaluation on GPU, the tabu

status array is frequently accessed by each feasible 2-flip can-

didate. At each iteration, the tabu status is updated at the host

side, a straightforward way to perform GPU-based tabu eval-

uation is to transfer the whole tabu status array from CPU

memory to GPU memory.

However, after compacting neighborhood, the number of

remaining feasible solutions are generally much less than the

size of tabu status table. For example, in an extreme case,

there is only one feasible candidate. Therefore, the overhead

of transferring the whole tabu status is obviously prohibitive.

After carefully analyzing the above problem, this paper

proposes a tabu evaluation method with zero copy strategy,

which makes full use of optimized transfer architecture be-

tween host side and device side.

With this strategy, the tabu statuses of feasible solutions are

fetched directly from main memory through PCI-E instead

of GPU global memory. Hence, there is no need to move the

overall tabu status table from host side to device side. Just like

there is no free lunch, the penalty of this strategy is that the

execution time of the kernel will be prolonged. After consid-

ering the overall benefit, we think this strategy is well worth

being adopted.

To testify the proposed strategy, we perform GPU
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Fig. 9 An example of tabu evaluation on GPU

reduction on an array consisting of 1 or 0 to simulate tabu

evaluation on GPU. In previous method, one element takes

up one byte. In proposed method, one element takes up one

bit. Meanwhile, the transfer overhead is considered. Figure

10 shows that the byte-level reduction with transfer overhead

is taken as a baseline method and bit-level reductionwith zero

copy strategy can achieve the best performance.

Fig. 10 Speed up of bit-level GPU reduction with zero copy

3.6 Update strategy of tabu list

During tabu evaluation, if all feasible candidates are tabu and

no aspiration criteria is triggered, then randomly choosing a

tabu feasible candidate.

When updating the tabu list, we firstly check whether the

index of optimal candidate is in it or not. If yes, we adjust the

relative positions of indexes in the list. Specially, if the index

of optimal candidate is not at the tail of list, then all the tabu

indexes behind it are moved one step toward the head of list

and the index of optimal candidate is put in the tail of list. If

no, we further check if the tabu list is full. If yes, we dequeue

the index in the head and set its tabu status as 0. Next, we

enqueue the index of optimal candidate and set its tabu status

as 1.

3.7 Stop criterion

We stop our algorithm when the number of iterations reaches

its maximum. If the global hardware cost is not improved in

the given number of iterations, we stop the algorithm as well.

Once the global hardware cost is improved, we reset the no-

improvement count as 0.

Combining the above issues together, Algorithm 2 shows

the pseudo-code of proposed efficient GPU-based parallel

tabu search (GPTS) for HW/SW partitioning.

4 Experiments

4.1 Benchmark and platform

Because the proposed method is based on the heuristic, we

have to empirically determine its performance and effective-

ness. In order for fair comparison, we chose very related

benchmarks for HW/SW partitioning in references [46–48].

Table 1 shows the number of nodes n and that of edges

m in each task graph. In a task graph, each node has soft-
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ware cost and hardware cost. Each edge has communication

cost and two adjacent node indexes. To evaluate the size of a

task graph, formula size = 2 × n + 3 × m is utilized. The first

five task graphs are abstracted in real-world applications [53].

The other nine task graphs are generated randomly, a perva-

sive way of comparing the performances between different

algorithms.

Algorithm 2 GPTS for HW/SW partitioning

Initialize the current solution and global optimal

Initialize the tabu list at host side

Initialize the tabu status at host side

Allocate the node cost of task graph space on GPU memory

Allocate the neighborhood space on GPU memory

Bind the task graph on GPU texture memory

Transfer the node cost of task graph to GPU memory

While stop criterion does not satisfy then

Copy the current solution to GPU memory

re-compute:

Computing the cost in the neighborhood and removing infeasible solu-
tions in a single kernel

If the number of feasible solutions is 0 then

Reinitialize the current solution

Goto recompute

End if

Launch tabu Evaluations kernel

Transfer back the optimal candidate to the host side

If all feasible solutions are tabu then

randomly choose a feasible solution

update the optimal candidate

End if

Update the tabu list at the host side;

Update the tabu status table at the host side;

Replace the current solution with the optimal candidate solution at the
host side;

If current hardware cost < global hardware cost then

Update the global solution

Clear the countno improvement

Else

countno improvement+1

End else

End if

End while

The related parameters in our experiments are set in the

same way as in [11,46,47]. For more details, please see

[11,46,47].

• The software cost is generated as uniform random num-

bers from the interval [1,100]. The hardware cost is gen-

erated as random numbers from a normal distribution

with expected value k · si and a given standard deviation

k · λ · si, where si is the software cost of the given node.

The value of k denotes the choice of units for software

and hardware cost. The value of λ denotes the correla-

tion between a node’s hardware cost and software cost.

In [11,46,47], the authors pointed out that the value of

k had no algorithmic implications and that of λ did not

impact on the performance of the algorithm.

• The communication costs were generated as uniform

random numbers from the interval [0, 2·ρ · smax], where

smax is the highest software cost. Thus, the communi-

cation cost has an expected value of ρ · smax, and ρ

is the so-called communication to computation ratio

(CCR). ρ was taken as 0.1, 1 and 10, corresponding

to computation-intensive case, inter- mediate case, and

communication-intensive case, respectively.

• R was randomly generated as a uniform random num-

ber (1) from the interval [0, 1/2×∑ si], corresponding

to the strict real-time constraints, (2) from the interval

[1/2×∑ si,
∑

si], corresponding to the loose real-time

constraint. The two cases are indicated as R=low and

R=high, respectively.

Table 1 Benchmark

Name n m Size Description

crc32 25 34 152 32-bit cyclic redundancy check.
From the telecommunicat-ions cate-
gory of MiBench [53].

patricia 21 50 192 Routine to insert values into patricia
tries, which are used to store routing
tables. From the Network category
of MiBench [53].

dijkstra 26 71 265 Computes shortest paths in a graph.
From the Network category of
MiBench [53].

clustering 150 333 1299 Image segmentation algorithm in a
medical application.

rc6 329 448 2002 RC6 cryptographic algorithm.

random1 1000 1000 5000 random graph

random2 1000 2000 8000 random graph

random3 1000 3000 11000 random graph

random4 1500 1500 7500 random graph

random5 1500 3000 12000 random graph

random6 1500 4500 16500 random graph

random7 2000 2000 10000 random graph

random8 2000 4000 16000 random graph

random9 2000 6000 22000 random graph

The platform of running sequential method is Intel i7-4770

with 3.4GHZ clock frequency. The size of main memory is

16GB. The platform of running parallel method is NVIDIA

GTX 780, consisting of 12 SMs, 192 SPs per SM. The clock

frequency of each SP is 1.059GHZ. The size of global mem-
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ory is 3GB. The development tool is Visual Studio2012. We

implement the parallel procedures in CUDA C and the SDK

version is CUDA 8.0.

4.2 Comparison method

Because the proposed method is based on the heuristic, we

have to empirically determine their performance and effec-

tiveness. We tested the proposed method in different CCR and

constraint R.

We compare our method of sequential implementation and

GPU implementation against Alg-new3 in [46], HEUR and

TABU in [47], NODERANK in [48], PDPSO-IWO in [30].

The sequential implementation and GPU implementation of

our method in journal version is named as STS and GPTS,

respectively. The maximum iteration number M was set as

2000 and the non-improvement threshold N was set as 200,

the same as TABU in [47]. The parameters in comparison ob-

jects are the same as in literature.

We compare the performance of proposedmethod with that

of existing methods. To make our work convincing, we ana-

lyze the results from different respects.

Firstly, we compare the proposed tabu search method with

existing tabu search method for HW/SW partitioning [47],

which is the most related and comparable. In this compari-

son, the proposed method outperforms the existing method

on both speed and quality.

Secondly, problem-specific heuristic, NODERANK, is

also compared. Since NODERANK cannot directly com-

pared with general metaheuristics, in order to make the com-

parison more reasonable, one choice is to compare the perfor-

mance within the same time range. A balance between solu-

tion quality and time is achieved when the iteration number of

NODERANK is set as 4 in [48]. Based on the running time of

NODERANK with 4 iterations, the proposed method can get

the similar runtime range when the iteration number is 50. In

this comparison of same runtime range, our method still has

the advantage of solution quality.

4.3 Result analysis

The hardware cost and running time of different methods are

showed in Table 2 from (a) to (f). It is seen that there exists no

algorithm of absolute advantage. When comparing with three

existing heuristics, namely alg-new3, HEUR and NODER-

ANK, STS and GPTS can achieve better solution quality in

most cases. However, they do not have advantage of effi-

ciency, which is determined by the large iteration number and

the characteristic of meta-heuristic. When comparing GPTS

with STS, GPTS is much more efficient than STS in rela-

tively large problems such as from clustering to random9, by

fully making use of computing power of GPU. What is more,

GPTS outperforms TABU in [47] on both quality and speed.

When comparing with PDPSO-IWO in [30], GPTS outper-

forms PDPSO-IWO in most cases. The most important is,

GPTS is significantly faster than PDPSO-IWO.

Table 3 shows the solution improvement by GPTS over

alg-new3 after obtaining the initial solution by HEUR in 6

cases. Here, the improvement is defined as

Improvements =
H(xA) − H(xB)

H(xA)
× 100. (6)

Table 2 Solution quality and time (millisecond) averaged over 30 random instances at different CCR and R, the values of better solution quality are bolded
(a) CCR=0.1, R=low

Alg-new3 HEUR TABU NODERANK PDPSO-IWO STS GPTS
Size

quality time quality time quality time quality time quality time quality time quality time

152 977 0 955 0 947 512 933 1 899 842 911 457 911 800

192 934 0 904 0 892 769 890 1 803 961 848 567 848 1019

265 1129 0 1081 0 1065 791 1059 1 1036 1002 1007 1424 1008 1188

1299 6104 1 5629 2 5507 2549 5421 3 5524 1132 5295 366 5292 290

2002 12858 1 12262 1 12029 4097 11836 4 11083 1362 11690 910 11687 340

5000 38811 11 37335 20 36929 14784 36045 62 37181 2165 35865 8628 35865 815

7500 60198 23 58181 46 57524 18475 56336 88 53516 3666 56163 23684 56164 1377

8000 41586 14 38840 31 38097 15987 37449 87 40047 3088 36950 12701 36952 1016

10000 81445 29 78990 64 78004 28413 76893 124 71020 4821 76604 45200 76605 2397

11000 43482 16 40466 42 39233 16914 39314 153 40134 3766 38822 14315 38806 1471

12000 61186 25 57387 51 56179 19012 55516 167 53048 5511 54658 37121 54669 2455

16000 81746 31 76846 74 74992 32597 74222 193 76187 8011 73234 80824 73223 5664

16500 65330 27 60867 58 59074 26941 59112 249 61280 9756 58361 43368 58341 3464

22000 86499 34 79820 93 78025 38648 77328 291 72054 12125 76265 92062 76281 7329
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(b) CCR=0.1, R=high

Alg-new3 HEUR TABU NODERANK PDPSO-IWO STS GPTS
Size

quality time quality time quality time quality time quality time quality time quality time

152 448 0 445 0 383 532 442 1 407 923 357 263 357 379

192 431 0 443 0 397 697 427 1 405 1125 305 253 305 255

265 643 1 535 0 453 984 523 2 602 969 311 287 311 362

1299 3153 2 2971 2 2184 3657 2860 7 2828 1325 2131 437 2129 356

2002 5786 2 5570 3 4213 5113 5306 11 4947 1397 4292 1264 4291 532

5000 16591 10 16070 17 12690 15574 15295 62 15131 2104 12844 11196 12842 948

7500 26894 25 25959 41 19959 35471 24753 149 23048 3471 21331 31125 21331 1887

8000 22830 15 20928 28 17101 30347 20075 81 18629 3670 16512 16451 16530 1346

10000 30642 31 30073 79 25179 61347 28720 307 23504 5340 23313 63286 23308 4043

11000 26469 18 22944 35 17174 43564 22216 75 21943 4267 18002 24078 18026 1772

12000 35685 26 32564 65 30780 69842 31182 154 30511 5768 26330 51755 26304 3836

16000 48219 30 43742 86 41906 70213 41866 296 44651 9210 35808 109758 35808 7120

16500 40117 29 34661 81 32184 68412 33514 156 37269 11241 27895 76529 27951 4394

22000 53227 36 45798 101 42322 98958 44267 314 48437 12338 35735 151660 35719 10503

(c) CCR=1.0, R=low

Alg-new3 HEUR TABU NODERANK PDPSO-IWO STS GPTS
Size

quality time quality time quality time quality time quality time quality time quality time

152 1193 0 1088 0 1063 645 1074 1 1132 824 1041 1536 1041 2032

192 1031 0 985 0 982 756 983 1 938 893 913 3671 918 3839

265 1197 0 1150 1 1146 1039 1140 2 1195 1120 1041 1353 1049 1949

1299 7161 1 6584 2 6486 2241 6368 8 6194 1321 6180 358 6163 320

2002 15643 2 13983 2 13439 2547 13074 9 11263 1236 12970 861 12972 363

5000 46509 12 41606 20 40268 8863 38321 81 33254 2165 38535 7187 38536 680

7500 69514 21 61719 54 59891 24129 56649 196 62146 3756 56856 21664 56864 1554

8000 47390 16 43884 33 42825 12337 41921 102 43551 3801 41547 12078 41550 1068

10000 93026 29 82412 69 79891 24769 75339 283 71258 4757 75791 41043 75788 2647

11000 47132 18 44086 44 43629 19567 43063 89 42749 3679 42759 11883 42708 1087

12000 70600 24 64854 56 63759 28123 61844 187 60787 5153 61160 38744 61152 2822

16000 94186 32 86719 86 85719 28317 82850 310 83072 8102 81821 87404 81870 6641

16500 70828 28 67464 68 67464 28789 65720 197 70403 9678 65373 40938 65365 3608

22000 94374 34 89324 98 89323 35453 87182 309 83238 11245 86712 76958 86709 6157

(d) CCR=1.0, R=high

Alg-new3 HEUR TABU NODERANK PDPSO-IWO STS GPTS
Size

quality time quality time quality time quality time quality time quality time quality time

152 1051 0 846 0 725 764 833 1 886 1105 560 331 559 431

192 964 0 802 0 761 989 793 1 790 1100 515 124 513 325

265 1201 0 980 2 906 1229 973 7 1077 989 651 202 656 338

1299 7063 1 5360 3 4815 4892 5272 13 5982 1078 4889 464 4901 266

2002 14840 2 10092 3 8349 7661 9594 15 11353 1297 7964 948 8021 368

5000 43068 11 27901 19 24598 19047 26044 91 29803 2446 20173 9719 20258 840

7500 64746 25 42831 46 38062 47971 39604 226 43315 3598 31795 26032 31789 1522

8000 46807 14 36232 28 33971 42014 34851 87 37867 3433 32979 13109 32952 1146

10000 86690 28 58295 78 52776 99873 53704 382 62243 4976 44341 52991 44374 3301

11000 46908 17 37899 41 35508 48204 37330 114 44797 4793 36591 12664 36594 1187

12000 69986 26 52491 57 49510 72923 50934 219 58298 5894 47787 37248 47687 3088

16000 92995 31 70722 94 67612 171980 68386 376 75326 9302 64867 77037 64883 5367

16500 70733 27 58804 69 55347 89314 57901 211 69318 11287 56821 41683 56856 3147

22000 94400 35 75925 113 71355 235270 75022 369 83072 12386 73217 90591 73250 7129
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(e) CCR=10.0, R=low

Alg-new3 HEUR TABU NODERANK PDPSO-IWO STS GPTS
Size

quality time quality time quality time quality time quality time quality time quality time

152 1141 0 1088 0 1087 253 1086 1 1075 801 1048 1676 1053 2759

192 982 0 981 0 980 297 981 1 950 913 934 7279 934 7879

265 1224 0 1221 1 1221 451 1221 2 1198 997 1183 7301 1179 8803

1299 6975 2 6766 2 6750 952 6743 5 6682 1023 6682 1230 6679 1186

2002 15493 1 14303 3 14251 1257 13882 14 13386 1274 13837 668 13843 360

5000 47025 11 43350 16 43055 6149 39821 47 44439 2068 40767 5813 40771 612

7500 70604 24 66880 41 66709 8746 61698 159 58531 3517 63708 13461 63723 961

8000 47083 15 45461 19 45411 7198 44688 51 44870 3079 44695 6654 44711 720

10000 94171 28 86264 79 86168 18943 78348 290 74960 4801 80505 30971 80550 1869

11000 47207 18 46481 38 46442 8814 46236 105 45508 3754 46177 7320 46175 759

12000 70804 25 68522 54 68463 9835 67157 163 65281 5152 67197 20812 67185 1676

16000 94527 30 91643 97 91570 17358 89381 271 89517 8106 89474 41549 89473 3341

16500 70801 28 69539 71 69483 11169 68988 191 68181 9756 68946 19972 68933 1704

22000 94400 36 92870 121 92796 15451 92200 344 90530 10235 92077 45929 92076 3840

(f) CCR=10.0, R=high

Alg-new3 HEUR TABU NODERANK PDPSO-IWO STS GPTS
Size

quality time quality time quality time quality time quality time quality time quality time

152 1138 0 1013 0 1008 452 1013 1 1025 1013 887 426 897 668

192 954 0 932 0 932 678 932 1 947 1024 787 2287 785 2591

265 1216 0 1202 2 1202 856 1202 7 1209 998 996 3838 953 3245

1299 7130 2 6624 2 6491 1844 6606 9 6688 1165 6617 338 6509 312

2002 15394 2 13070 4 12770 2564 12799 14 13855 1305 12719 690 12612 300

5000 47329 12 37738 21 36744 12324 35607 71 37343 2454 35265 6559 35267 630

7500 70581 25 55869 48 54734 36148 52858 136 54700 3615 52346 15823 52369 1231

8000 47042 16 43314 26 43092 16073 42799 79 43514 3425 42644 7227 42644 687

10000 94819 30 75353 108 73977 78276 71165 305 74907 5340 70515 33461 70586 2168

11000 47683 17 45470 38 45186 12459 45301 108 45394 4397 45114 8124 45116 873

12000 70452 25 64809 67 64600 29737 64026 197 67211 5955 63983 17678 63982 1383

16000 94215 31 86702 127 86470 65183 85619 341 89787 9103 85446 37248 85367 3306

16500 70679 27 67710 79 67167 16896 67409 221 67852 11377 67183 21759 67191 1975

22000 94373 34 90545 141 90433 42592 90133 394 90409 12368 89880 46807 89878 4010

In the table, the better improvements are bolded. The im-

provements by STS or GPTS over alg-new3 are better than

that by TABU in 6 cases. Meanwhile, the quality improve-

ments of STS and GPTS are better than NODE- RANK. Al-

though in the first and fifth cases, PDPSO- IWO achieves

a little better solution quality. However, our method can

achieve significantly better solution quality in the other four

cases.

Table 3 Improvement over alg-new3 averaged over 30 instances

TABU NODE-RANK PDPSO-IWO STS GPTS

CCR=0.1, R=low 6.9 7.9 9.7 9.6 9.6

CCR=0.1, R=high 21.7 10.6 11.9 28.7 28.7

CCR=1, R=low 9.3 11.5 12.4 13.3 13.2

CCR=1, R=high 30.7 26.6 17.7 37.5 37.4

CCR=10, R=low 3.9 6.2 7.2 6.5 6.5

CCR=10, R=high 10.5 11.1 8.7 14.4 14.8

Figure 11 shows the refinements of our GPTS over HEUR

in six cases. It is seen that when R is relaxed, the refinements

by GPTS are more than that by TABU in [47]. Especially in

the case of CCR=0.1, R=high, the refinements are much bet-

ter.

Fig. 11 Refinements of solution quality by GPTS over HEUR in 6 cases
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As mentioned before, when generating neighborhood, our

adaptive strategy sequentially performs 2-flip operation. Ac-

tually, 1-flip, and even 3-flip also can generate neighborhood.

The size of neighborhood becomes n and n×(n−1)×(n−2)/6,

respectively. The reason of performing 2-flip is the consider-

ation of both solution quality and execution time. In Fig. 12,

we compare the solution refinements over HEUR of three flip

operations in rc6 in six cases. The results of NODERANK

measure the actual effects of different flip operations. When

comparing with the results of 1-flip, the results of 2-flip and

3-flip operations are significantly better. However, the size of

3-flip neighborhood is 100 times larger than that of 2-flip.

Moreover, for each candidate, the workload of computing

costs is also increased. These two factors make the running

time of GPTS more than 50 seconds. However, its solution

refinement is not significant when comparing with 2-flip op-

eration. Therefore, our 2-flip adaptive strategy is reasonable.

Fig. 12 Solution refinements of three different flip operations over HEUR
in 6 different cases in rc6

To compare with problem-specific method, NODERANK,

which is very different type and is not a comparable method

in general, we reduce the iteration number of GPTS. In or-

der to make the comparison more reasonable, one choice is

to compare the performance when the running times are very

close. In [48], a balance of solution result is achieved when

the iteration number of NODERANK is set as 4. After re-

peated tests, the iteration number of GPTS is set as 50.

In the task graphs of crc32 to rc6 in six cases, GPTS

achieves better solution quality than NODERANK. However,

its solution time is still much slower because of the restart

strategy. We mainly focus on the performance of GPTS in

random1– random9.

Figure 13 shows the hardware cost improvement over

NODRANK in 6 cases. The solution quality of GPTS is still

competitive after reducing the iteration number. Especially

when R is high, GPTS achieves better solution quality.

Fig. 13 Refinements of solution quality by GPTS over NODERANK in 6
cases

Although the iteration number is reduced, the solution time

of STS is still much slower than that of GPTS and NODER-

ANK. Hence, Fig. 14 shows the execution time of GPTS and

NODERANK in six cases. By this way, the performance of

GPTS and the advantage of porting STS to GPU are well re-

flected.

In our method, when current solution can not generate

feasible candidates, we adopt a re-start strategy. And when

all feasible candidates are tabu and no aspiration criterion is

triggered, we randomly set a tabu candidate free. These two

random strategies make the solution quality of STS and that

of GPTS impaired. Figure 15 shows the error distributions

of hardware cost between our sequential implementation and

GPU implementation in 6 cases. It is defined as

error =
H(xseq) − H(xGPU)

H(xseq)
× 100%, (7)

H(xseq) denotes the hardware cost by sequential imple-

mentation while H(xGPU) denotes the hardware cost by GPU

implementation. Positive error means solution quality by

GPU implementation is better while negative error means so-

lution quality by sequential implementation is better.

Finally, to illustrate the difference on efficiency between

STS and GPTS, speed-ups, obtained by TimeSTS/TimeGPTS,

are summarized, as Fig. 16 shows. To sum up, for the first

three task graphs, the speedups are commonly less than 1,

meaning that STS is faster than GPTS. When the task graph

sizes are 1299 and 2002, the speedups are between 1 and 3.

GPTS begins to shows its advantage of efficiency. For the re-

maining 9 task graphs, the speedups are generally more than

9. It is no doubt that GPTS is much faster than STS.
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Fig. 14 Running times of NODERANK and GPTS, averaged over 30 instances in different cases. (a) CCR=0.1, R=low; (b) CCR=0.1,
R=high; (c) CCR=1, R=low; (d) CCR=1, R=high; (e) CCR=10, R=low; (f) CCR=10, R=high

Fig. 15 Errors between sequential implementation and GPU implementa-
tion in the six cases

5 Conclusion & future work

This paper presents a GPU-accelerated parallel tabu search

for HW/SW partitioning. Different from existing tabu search

methods for HWSW partitioning, our GPU-based method can

perform the exhaustive search of the entire neighborhood in

a reasonable execution time. By combining with the hard-

ware architecture of GPU, we present a single kernel of com-

pacting neighborhood, which reduces the amount of global

memory access from 3n to 2n theoretically. Based on the new

compacting neighborhood, we further present a kernel fusion

strategy, which further avoids 10n global memory accesses.

GPU implementation of tabu evaluation with zero copy strat-

egy is also proposed to avoid the transfer overhead of tabu

status array from CPU to GPU at each iteration. A number

of experiments demonstrate the effectiveness of the proposed

method.

In future work, we will continue the research work on

following aspects but not limited. Firstly, we will explore

other intelligent computing algorithms [54–58] to acceler-

ate HW/SW partitioning on GPU. we will extend the idea

of proposed GPU-based methods to other science and engi-

neering domains, such as CAD/Graphics. Image/Video and

Computer-Supported Cooperation Work [59–63].
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Fig. 16 Speedups in different task graphs in the six cases
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