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Abstract. Succinct data structures are introduced to efficiently solve a
given problem while representing the data using as little space as pos-
sible. The full potential of the succinct data structures have not been
utilized in the software-based implementations. This paper discusses an
FPGA-based hardware architecture for text search that uses succinct
data structures. We implemented an FPGA accelerator for text search
using hardware-oriented succinct data structure. The proposed archi-
tecture is designed using OpenCL-based high-level design environment,
and we obtained 40% reduction of the processing time compared to a
multicore CPU based implementation.

1 Introduction

Succinet data structures [1] are introduced to efficiently solve a given problem
while representing the data using as little space as possible. If the original data
contain n bits, “a little space” means that the storage space is in the order of n
(O(n)). To efficiently solve the problem, the processing time should not increase
exponentially with the database size. Usually, O(1) processing time is preferred.
Due to such benefits, we can use this method for text search of extremely large
databases without concerning its size. Succinct data structures are extensively
used in genome sequence alignment [2]. Although a genome contains billions of
symbols, it is possible to search a massive amount of DNA patterns in a few
hours. In addition, huge speed-ups have been achieved by employing parallel
computations by designing custom accelerators [3].

Due to the huge success of pattern search in genomes, we can consider using
succinct data structures for general text search. General text contains many dif-
ferent symbols compared to just four in genomes. For example, English text has
over hundred symbols (including numbers, upper, lower cases etc.), Japanese and
Chinese text has thousands of symbols. Such large amount of symbols increase
the storage size significantly. As a result, a large amount of storage space and
storage access are required and that increases the processing time.



To reduce the storage size, a succinct data structure called the wavelet tree [4]
has been introduced. However, it is difficult to achieve the full potential of such
data structures using software, due to the lack of parallelism and the inefficient
memory access. In our earlier work [5], we have introduced a basic FPGA accel-
erator architecture to process general text using a wavelet-tree based succinct
data structure. The FPGA accelerator contains a large number of compact pro-
cessing elements (PE). The data paths between the PEs and the memory can be
designed to efficiently use the full memory bandwidth. The decompression/de-
coding can be done in parallel in minimum number of clock cycles.

In this paper, we improved the basic architecture proposed in [5], and imple-
mented it on an FPGA. An FPGA is a reconfigurable LSI that contains millions
of programmable logic gates. Recently, speed and power consumption of the
FPGAs have been greatly improved, and it would be very practical to use the
FPGA-based platform for real applications. We also used OpenCL-based high-
level design environment [6], so that accelerator can be designed and improved
much efficiently according the requirements of the algorithm. We also evaluated
the FPGA accelerator and obtained 40% reduction of the processing time com-
pared to multicore CPU implementation. We also observed that the processing
time is independent of the database size.

2 Text search using succinct-data-structures

This section briefly explains how the text search is done. A more detailed expla-
nation about the search method is available in our previous work [5].

2.1 Search using rank operation

In order to search a query in a text database X, we first apply Burrows-Wheeler
transform (or BW transform) [7] and obtain text B. The Text B has the same size
of the original text X. If a query ¢ is a substring of the text X and k(aq) < l(aq),
the query aq is also a substring of X where aq equals the query {a, ¢} [8]. The
terms k and [, given by Egs.(1) and (2) respectively, are the lower and upper
bounds of the suffix array interval of X.

k(aq) = C(a) + rank (B, a,k(q) — 1) (1)

l(aq) = C(a) + rank (B,a,l(q)) — 1 (2)

The operation rank (B, a,x) returns the number of “a”s from a text B up to
the position x. The element a could be any symbol such as a number, a letter,
a byte, etc. The number of symbols that are lexicographically smaller than a
is given by C(a) where a € B. The suffix array interval is given by [k,[] and
it corresponds to the position of query aq in text database X. We can find the
position of a query Q by repeatedly applying Egs.(1) and (2) to every symbol in
the query as shown in algorithm 1.



1 Search(Q,i,k,1)
2 begin
3 | I=¢
4 k=0
5 l=|X|
6 for i=|Q|—1toi=0do
7 k= C(Q[i]) + rank (B,Q[i],k — 1)
8 1 =C(Q[i]) + rank (B,Q[i],1) — 1
9 //B is the BWT string of X
10 if £k <! then
11 | i=i—1
12 else
13 | return ¢ //return empty
14 end
15 end
16 if ¢ ==0 then
17 ‘ return [k,
18 end
19 end

Algorithm 1: Text search algorithm

To explain the algorithm, let us consider the example in Fig.1. As shown in
Fig.1(a), we pre-process the text database X by doing BW transform on it. Then
we create the suffix array, symbol count and rank table. The search query @
and the search procedure is shown in Fig.1(b). After the search, the suffix array
interval (SA) is [6,6] so that we can find the actual position using the suffix array
in Fig.1(a). In this case, SA[6, 6] = 2. The search is done in 3 steps proportional
to the number of symbols in the query Q.

2.2 Data storage and processing time

In the initial work of succinct data structures [1,9,10], a method to store the rank
table to compute the rank in a constant time has been proposed. This method is
based on a block structure. First, we store the ranks of the first symbol of each
block. Then we use a look-up table to store the rank to every possible query of
the symbol pattern in each block. All arrays and tables can be implemented using
O(n) bits, and it supports rank operations in a constant time. Fig.2 shows an
example of how the rank table is stored. The BW transformed text is divided
into block of four symbols. The first entry of a block is the rank of the first
symbol. Next, we store the rest of the 3 symbols. For example, rank(B,1,6) is
done as follows. Since the 6! symbol belongs to the block 2, we access it and
get the rank upto the 4** symbol, which is 3. Then we search the bit pattern
[010] of block 2 in the look-up table. It shows there are one 1’s at the second
symbol. Now we can add 3 and 1 to calculate rank(B,1,6) = 4. More details of
this method can be found in [1,9].
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Suffix array interval = [6, 6]

(b) Searching the query Q.

Fig. 1. Example of a text search using rank.

This method is successfully used for bit arrays where the symbol are either
“0” or “1”. In order to use this method for general text, we have to store the
ranks of every symbol. If there are m number of different symbols, the storage
size is increased by m. For example, we need over a hundred times large storage
to search English texts, and we need over a thousand times large storage to
search Japanese or Chinese texts. In such cases, we have to store the data not
in the memory but in an SSD of hard drive. That increases the data access time
dramatically and reduces the processing speed.
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2.3 Wavelet tree based data structure

The wavelet tree proposed in [4] permits a way to compute the rank of an
arbitrary alphabet of size m efficiently. Let us explain the construction of the
wavelet tree using the example in Fig.3. In this example, we use the text database
X shown in Fig.1. A code is assigned to every symbol in the database as shown in
Fig.3(a). The construction of the wavelet tree starts from the most significant bit
(MSB) of the code. A bit vector W is created by using the MSB of each symbol
in the text. That is, “0” is assigned to the symbols “$, a, ¢” and “1” is assigned
to the symbols “g, h”. Then we divide the bit vector in to two groups. One group
contains the symbols that their corresponding bits in W are 0. The other group
contains the symbols that their corresponding bits in W are 1. Then we assign
bit vectors W0 and W1 for each group using the second most significant bit. This
process continues until a unique bit (0 or 1) is assigned for every symbol in a
group. Fig.3(b) shows how to compute rank using wavelet tree. In this example,
rank(B, e, 4) is considered. Note that, B is the BW transformed text of X shown
in Fig.1. The computation of rank is done from the top to the bottom of the
wavelet tree. Since the MSB of the symbol “e” is zero, we compute rank(W,0,4).
Then we come down to the second level of the wavelet tree and use the input
vector W0, since “e” is included in the group that the MSB of “e” is zero. Then
rank(WO0, 1,2) is computed. Similarly, the computation is done for all the levels
in the wavelet tree as shown in Fig.3(b).

In each level of the wavelet tree, there are only 2 symbols, “0” and “1”.
There are also log(m) levels of bit vectors for m types of symbols. Therefore,
the storage size of the rank data is reduced by m/log(m) times compared to the
method without using wavelet tree.
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(a) Wavelet tree representation.

Calculate rank(B,e,4)
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MSB( code e ) =0, search in W rank(W,0,4) =2
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next bitof codee =0, searchin W01 rank(Ww01,0,1) =1
rank(B,e,4) =1

(b) Computation of rank(B,e,4).

Fig. 3. Example of rank computation using wavelet tree.

3 FPGA accelerator for text search using OpenCL

To accelerate the wavelet-tree based text search using hardware, we consider
two important things, one is to reduce the memory access time as much as
possible, and the other is to increase the amount of parallel operations. We
propose an FPGA-oriented data structure for fast memory access and OpenCL-
based accelerator architecture for parallel processing.

3.1 FPGA-oriented data structure for fast memory access

FPGA contains a hierarchical memory structure consists with off-chip global
memory and on-chip local memory. The global memory is large in size but the
access time is very long. On the other hand, local memory is very small in size
but the access time is short. Therefore, we propose a data structure to store the
bit vectors of the wavelet tree using a little space as possible and can access
using minimum number of transactions, using both global and local memories
efficiently.
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Fig. 4. The proposed data structure to store the rank data in the global memory of
the FPGA board.

Fig.4 shows the proposed data structure. It shows how to store the data of
one bit vector belonging to one level of the wavelet tree. The same method is used
to store the bit vectors belonging to the other levels. We divide the bit vector
into groups of 32bits. We calculate the rank of the first bit of the each group
and arrange the rank data and the data of the next group as shown in Fig.4. In
one memory access transactions, FPGA accesses 512bits of global memory data.
Therefore, we can store 8 rank entries and 8 groups.

The computation of rank is done as follows. To compute rank(W,1,k), we
first find the memory address of the group that contains the &k bit, that is the
group | k/32]. Since one 512bits memory region contains 8 groups of 32 bits, that
is 256bits, we can easily find the memory address of the relevant group. Next,
we can get the rank until the previous group, that is the group |k/32] — 1. Then
we have to count the number of “1”s untill the relevant bit in the group |k/32].
This is done by a table look-up. We remove the unnecessary bits, that is the bits
after the k*" bit by applying a bit mask. Then we divide the 32bits group into 4
small groups where each contain 8 bits. For each bit pattern in the 8bit group,
we store the bit counts in the local memory as shown in Fig.5. The look-up table
contain 256 entries. Using this table, we can find the bit count and add it to the
rank of the previous group to compute rank(W, 1, k).

In the proposed data structure, we can reduce the storage size of the global
memory further by increasing the group size. However, that also increase the
number of bits patterns in a group. As a result, we need a large look-up table
to store the bit counts.



bit pattern bit count after masking

0000_0000 0
0000_0001 1
0001_0100 2

Fig. 5. Look-up table to find the bit counts.
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Fig. 6. FPGA architecture for text processing.

3.2 OpenCL-based FPGA accelerator for parallel processing

Fig.6 shows the proposed FPGA accelerator architecture. After the BW trans-
form and wavelet bit vector generation is done in the CPU, those data are trans-
ferred to the global memory of the FPGA. The search queries are also transferred
to the global memory. The FPGA contains multiple rank computation modules.
Each module computes a rank of a different query independently. The look-up
tables are shared between all modules. The computed results are written back
to the global memory and then transferred to the CPU.

Listing 1.1 shows the OpenCL-based kernel code for the implementation.
Since the rank computation modules operate independently, the data access is
irregular and the processing times are different in each module. Therefore, we
cannot use SIMD type parallelism. Instead, we use MIMD type parallelism by



using an “ND-range kernel” in OpenCL with 18 compute units. Each compute
unit corresponds to a rank computation module and operates independently.
The disadvantage of this kernel implementation is the generation of multiple
datapaths to the global memory. Since each compute unit operates indepen-
dently, they use dedicated paths to the global memory and that increases the
resource utilization.

uint count( global uint2_8* restrict x,
.

uint end)

//decoding

uint x_index = end / BS_X;

uint x_bit = end /4 BS_X;
uint2_8 y = x[offset + x_index];

//refering look-up tables

uint count = ((end / BS_Y) == 0) ? 0 : cell.sO;

count += (T[bit.c[0]] + T[bit.c[1]] + T[bit.c[2]] + TI[
bit.c[311);

return count;

}
__attribute__((num_compute_units(18)))
__attribute__((reqd_work_group_size (64, 1, 1)))

__kernel void rank( global uint2_8* restrict x,

global uint2* restrict query,
global uint#* restrict out)

size_t id = get_global_id (0);
uint2 data = query[id];
for (uint j = 0; j < HEIGHT; j++) {

start = count(x, offset, is_one, start);
count (x, offset, is_one, end);

end

}
out [id]

end - start;

Listing 1.1. OpenCL-based kernel code.

4 Evaluation

We implement the proposed FPGA accelerator on Terasic DE5a-Net board [11]
that has an Intel Arria 10 10AX115N2F45E1SG FPGA. The OpenCL-based
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Fig. 7. Relationship between the processing time and the number of rank operations

kernel codes are compiled using Intel FPGA SDK for OpenCL version 16.1.
For the comparison with the conventional CPU-based implementation, we use a
workstation that has an Intel Xeon E5-1650 v3 CPU. The program of the rank
computation for the CPU is written in C-language with OpenMP parallelization,
and compiled using GNU C-compiler with relevant optimization options. The
text database has 256 different characters, so that the wavelet matrix has 8 bit
vectors (log(256)).

Fig.7 shows the comparison of the processing times of the proposed FPGA ac-
celerator and the conventional CPU-based implementation. We measure the pro-
cessing time by changing the number of rank computations. The text database
size is 10MB. When the number of rank computations is 2048, the process-
ing time of the proposed FPGA accelerator is approximately 11% of that of
the single thread CPU implementation and 42% of that of the 12-thread CPU
implementation.

Fig.8 shows the comparison of the processing times for different database
sizes. In this evaluation, the number of rank operations are 2,048 and the text
database size changes from 1MB to 1000MB. We can see that the processing
time of the CPU implementation is slightly increasing until the text database
size is 100MB. Then there is a significant increase when the database size is
1000MB. A major reason for this could be the CPU cache. For small databases,
the involvement of the cache is very large. As a result, the global memory access
(DDR3 access) is small and the processing time is small. When the database size
increases, the data are not fit into the cache and the processing time increases.
On the other hand, we can see a constant processing time for all database sizes
for the FPGA accelerator. FPGA accelerator does not use cache, so that we
can expect a constant processing time for even larger databases. According to
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Table 1. Resource utilization

Resource type| Utilization
Logic utilization| 202,396 (47%)
DSP blocks 36 (2%)
Memory 3.64 MB (55%)
RAM blocks 2,539 (94%)

the theoretical background of the succinct data structures [1], the processing
time for rank operations must be a constant and should not increase with the
database size. This evaluation shows that, we can achieve the full potential of
the succinct data structures using the proposed accelerator. When the length
of text is 1000MB, the processing time of the proposed FPGA accelerator is
approximately 31% of that of the 12-thread CPU-based implementation.

The implemented accelerator operates at 232MHz. The resource utilization
is shown in Table 1. Although less than half of the logic blocks are used, the
parallelism is restricted due to large RAM block usage. RAM blocks are mainly
used as look-up tables for bit counts and also to temporally store the data from
the global memory. Increasing the sharing of RAM blocks should be considered in
future to reduce the resource utilization and to increase the degree of parallelism.
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5 Conclusion

We have proposed an FPGA accelerator for text search using a wavelet-tree-
based succinct data structure. The FPGA accelerator produces a constant pro-
cessing time even the database size increases. This is a major benefit of the
succinct data structures, since we can use them with extremely large databases
without concerning their size. We also find that the processing time of the text
search using the proposed accelerator is less than 40% compared to multicore
CPU implementation.
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