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Abstract. A frequent problem in information processing is the rapid extraction and
subsequent analysis of subsets of data that have to be formed from external requests supplying some filtering constraints. The subsets are composed of items that more or less
(i.e., not exactly) satisfy the desired requirements and further improvement is needed to
find elements that meet the constraints. The paper suggests methods and circuits that
accelerate operations on the subsets and data extraction in such a way that: a) the number of items that meet the requirements exactly is determined, and b) all such items are
extracted. It is proposed that the subsets are represented in the form of special tables and
to process such tables. The problem is divided in two parts that are solved in software
and in hardware correspondingly. The first part is the extraction of subsets from large
data sets and this is done either in a general-purpose computer or in embedded to programmable system-on-chip processors. The second part, which is the main target of this
paper, is the manipulation and analysis of subsets (tables) in hardware accelerators. The
results of experiments clearly demonstrate the advantages of the proposed technique over
existing methods in terms of both cost and throughput.
Keywords: High-performance computing systems, Information processing, Filtering,
Reconﬁgurable hardware, Programmable systems-on-chip

1. Introduction. Engineering and scientiﬁc applications have become more data intensive [1] requiring emerging high-performance interactive frameworks. An example is a
MapReduce programming model that permits clusters of data sets to be generated and
processed with the aid of parallel distributed algorithms. There are two basic procedures
for this model that are map and reduce. The ﬁrst procedure ﬁlters (extracts subsets)
and sorts inputs. The second one executes a reduction phase assuring that all outputs of
the map operation that share the same feature (key) are shown. Clustering is a division
of the original set into subsets of objects that have a high degree of similarity in the
same subset (cluster). Objects in diﬀerent clusters have sharp distinctions [1]. Thus, the
extraction of subsets of a set of data that satisfy a given set of characteristics can be
seen as a common problem. For example, we might accumulate records about university
students and then search for subsets of the records that have a speciﬁc set of features,
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such as falling within a speciﬁc age interval, having average grades, and a particular background. Similar problems arise with search engines such as those used on the Internet
where the number of items in the initial collection and in an extracted subset may be
large. When these engines are used in real-time control systems that are time-critical,
the search must be as fast as possible. To increase the eﬀectiveness of such information
processing, attention is often focused on high-performance hardware accelerators [2], for
which reconﬁgurable technology oﬀers many advantages [3]. Examples of the criteria for
the search problem are given in [4] that rationally combine ﬂexibility of software and the
speed of hardware. Many other practical cases are shown in [5] with an extensive list of
the relevant references. It is underlined in [1] that for the majority of such cases using
hardware accelerators running in parallel with software is very eﬃcient.
The achievements of publications [1-5], references in [5] and the results of [4] provide
the background for the presented work. Signiﬁcance of data extraction is clearly shown
in [1,5] and this technique is applicable to such a very known and eﬃcient programming
model as MapReduce, as well as to many clustering algorithms. Note that hardware
accelerators are currently widely used in data intensive applications. Many examples can
be found in [1]. However, parallelism is still limited. For example, the known accelerators
cannot be used to extract data satisfying diﬀerent criteria at the same time. Besides, they
execute sequentially parallel sets of operations. Thus, although acceleration is achieved,
applying higher parallelism permits additional speed-up to be attained. Thus, the main
motivation of this work is an additional speed-up through the use of such type of processing
that is done in fully combinational circuits allowing the highest level of parallelism to
be reached. The main contribution is the proposing of completely parallel architectures
based on combinational circuits with an opportunity to combine fully and partially parallel
solutions in order to ﬁnd a compromise between productivity and resources.
2. Literature Review. The importance and complexity of big data [6] force computer
engineers to seek new solutions for processing them. Processing speed still continues to
rise exponentially while memory bandwidth increases at a much slower rate [7]. Working
with big data requires huge storage, extensive processing capability, and high-performance
communications for data exchange [7]. It is explicitly stated in [6] that based on previous knowledge we need to introduce new techniques for data manipulation, analysis and
mining [6]. Hardware acceleration with the use of Field-Programmable Gate Arrays (FPGAs) and Programmable Systems-on-Chip (PSoC) is very eﬃcient and it is used for data
sorting/mining [8,9], data manipulation/extraction [10], processing large graphs [11], etc.
Many other comprehensive examples, together with the relevant references, are given in
[7].
The majority of the applications referenced above use software at a higher level for
manipulating huge volumes of data, and use hardware at a lower level when the number
of data items is limited [1]. This is done because even the most advanced FPGAs are
not capable of handling big data, but they are able to signiﬁcantly accelerate lower-level
(local) tasks with a limited number of data items that arise in processing big data. For
example, some very interesting experiments for Bing search page ranking acceleration
were presented by Microsoft Corporation in [12], where the target production latency
and the typical average throughput in software-only mode have been normalized to 1.0;
it is shown that with a single local FPGA, throughput can be increased by a factor of
2.25. The paper concludes that “with the conﬁgurable clouds design reconﬁgurable logic
becomes a ﬁrst-class resource in the datacenter and over time may even be running more
computational work than the datacenter’s CPUs”. Thus, FPGA-based accelerators may
signiﬁcantly increase throughput for diﬀerent types of data processing.

HARDWARE ACCELERATORS FOR INFORMATION PROCESSING

323

The feature that distinguishes this paper from similar works (such as [1]) is that a
combination of multiple criteria is applied in a single search (see the previous section).
This paper also proposes two new architectures for highly parallel search engines. The
ﬁrst is fast and has a moderate cost in hardware resources. The second provides the
minimal possible latency (so it is very fast), but requires larger hardware resources. Thus,
depending on requirements, either the ﬁrst or the second proposal may be chosen. For
each of them, two implementations are suggested: one is in hardware only, which is
an FPGA-based solution, and the other is a hardware/software combination, which is
a programmable system-on-chip solution that combines a high-performance multi-core
processor and a programmable logic element.
Current search methods implemented in software [13,14] are based on sequential steps.
First, data is extracted that satisﬁes the ﬁrst criteria. Then the second criterion is applied
to the extracted data, which reduces the number of data in the extracted set. This process
is repeated until the last criterion has been applied. We suggest a method that evaluates
all the criteria in parallel so it is signiﬁcantly faster.
The two major innovations of this paper are
1) Proposing two variants of fast circuits that enable data for which at least one of the
given constraints is not satisﬁed to be masked. This provides a solution for one part
of the problem being considered.
2) Taking a binary vector with the masks and parallel computation of its Hamming weight.
This provides a solution for another part of the problem.
These two major innovations are discussed in detail in Sections 4 and 6, correspondingly.
Comparing to the referenced above known results, two distinctive features are provided:
a) various criteria can be evaluated in parallel; b) a rational compromise may be found
between performance and the used resources.
3. Problem Description. In general, the problem may be formulated as follows: a software system extracts a subset in which the requested items are somehow distributed. The
subset is further processed in hardware to get the exact items that we want to ﬁnd. Figure
1 explains the problem and explicitly indicates the main target of this paper. Frequently
the extracted subsets are represented in form of tables. An example is given in Figure
2, where the table is composed of N rows R0 , . . ., RN −1 and M columns F0 , . . ., FM −1 .
Any column Fm , m = 0, 1, . . ., M − 1, contains data that can be constrained in some
way. For example, the ﬁrst column (F0 ) in Figure 3 contains ages of persons, the second
column (F1 ) – the ﬁrst letters of their family names, the third column (F2 ) – their length

Figure 1. Splitting the problem between software and hardware
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Figure 2. Extracted table organization

Figure 3. An example of a table
of service in a company in years, the fourth column (F3 ) – research aﬃliation, and the
last column (F4 ) – academic aﬃliation. The search problem that is intended to be solved
is formulated as follows. For a given table we need to
a) Task 1: Extract the subset of rows that satisfy the predeﬁned constraints; for example,
values of the selected ﬁelds have to fall within given intervals. The result might be an
empty subset.
b) Task 2: Determine how many rows are in the subset to be extracted, i.e., how many
rows satisfy the predeﬁned constraints.
The incremental contribution of the work can be highlighted as follows.
a) Task 1 can be solved with diﬀerent levels of parallelism (see Section 4). When the
highest speed is needed, the proposed solution can be fully parallel. This denotes that
as soon as input data are changed the extraction of subset with the desired characteristics is done almost immediately (i.e., just with a negligible delay in combinational
circuits and sequential operations are not used at all). Note that this method is more
resource consuming. However, if the resources need to be minimized we can implement
partially parallel solutions for which performance is decreased but it is still better than
for the known methods.
b) Task 2 can similarly be solved with diﬀerent levels of parallelism (see Section 6).
The table is extracted from a large data set by software running in general-purpose
computer. The maximum number of rows/columns is constrained by the capabilities
of the FPGAs communicating with the computer and normally does not exceed a few
thousands. If it is necessary to process a larger number of data (more than a few thousand
items), then diﬀerent architectures can be chosen. For example, handling many tables
might be done in parallel by multiple FPGAs or sequentially by a single FPGA. The
results that are produced by FPGAs/FPGA are then merged in software. A particular
example will be given in the next section. The primary process for Task 1 is to consider
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each of the predeﬁned constraints in turn and extract all data items that satisfy each
single constraint in parallel. This permits the subset for each individual ﬁeld constraint
to be composed with just the delay of a simple combinational circuit, which is very fast.
The number of sequential steps will be equal to the number of ﬁelds that are constrained.
If required, all constrained ﬁelds could be treated in parallel, which would enable the ﬁnal
result to be generated in combinational circuits almost immediately. Obviously, in this
case more FPGA resources are required. The primary objective of Task 2 is to obtain, as
fast as possible, the number of rows in each extracted subset. This will allow the necessary
memory space to be allocated in parallel in software. Note that diﬀerent subsets are built
for diﬀerent predeﬁned constraints.
It is shown below that the formulated search problem may be solved eﬃciently in a hardware accelerator, and that this is signiﬁcantly faster than software programs with similar
functionality. The objective of our paper is also to achieve better speedup comparing to
the known hardware accelerators [1].
4. Extracting the Constrained Data. Figure 4 depicts the basic architecture of the
proposed circuit. Multiplexers MUX0 , . . . , MUXN −1 select the ﬁelds F0 , . . ., FM −1 sequentially. All N rows (see Figure 2) are processed in parallel by applying the constraint to
the current ﬁeld. The blocks (Min, Max) are combinational and each of them has one
binary output. If the value of the ﬁeld falls within the indicated range between the Min
and the Max then the output is ‘1’; otherwise the output is ‘0’. The remaining part of
the circuit operates as follows.
1) The N -bit register Rg contains all ones initially.
2) At each step, one ﬁeld (selected by the multiplexers) in all the rows is processed. The
value in the register Rg is formed as an AND operation between the previous value in
the register and the vector O0 , . . . , ON −1 on the outputs of the blocks (Min, Max).
3) After the last ﬁeld has been processed, the vector in the register Rg is a mask for rows
that have to be selected, which gives the solution for Task 1.
4) Computing the Hamming Weight (HW) in the register Rg gives the solution of the
Task 2 (see Section 6), the number of selected rows.

Figure 4. The basic architecture
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Figure 5 shows an example of extracting data from the table in Figure 3 with constraints
described in the lines a), . . . , e) (see Figure 5). The result is ready after 5 clock cycles in
which the ﬁelds F0 , . . ., F4 are selected sequentially.
The ﬁrst step is shown in column a) where an AND operation is performed between
the vector with 8 values ‘1’ and the vector “10011101” on the outputs of the blocks (Min,
Max). Thus, only rows with the values less than 52 and greater than 25 (constraint a)
in Figure 5) are selected. The subsequent steps b), c), d), e) construct the ﬁnal vector
“10000100” that identiﬁes the two rows that are shown on the right-hand side of Figure
5. The HW of the vector “10000100” is 2, which is the number of rows extracted. The
blocks (Min, Max) are built using the methods [15]. The proposed circuit executes many
operations in parallel and the processing time is proportional to M , where M is the
number of ﬁelds (ﬁve for our example).
It should be noted that some operations are still sequential. Let us look at Figure 4.
Any individual ﬁeld Fm in all rows is processed in parallel. However, diﬀerent ﬁelds are
still treated sequentially.

Figure 5. An example
Duplicating the block C (see Figure 4) with the multiplexers MUX0 , . . . , MUXN −1 for
each ﬁeld F0 , . . ., FM −1 permits a fully combinational circuit to be constructed that does
not involve any sequential operations and all ﬁelds in all rows are processed in parallel. We
found that although such a solution is possible, the hardware resources required will be
increased signiﬁcantly and in practice they are increased by more than a factor of M . In
addition, all the rows have to be saved in internal registers, i.e., embedded memory blocks
cannot be used. Thus the completely combinational solution can be recommended just for
very fast circuits with a limited value of M (normally not exceeding 50). In the subsequent
sections the main emphasis will be on the partially sequential (ﬁrst) architecture.
The main diﬀerence between the circuit proposed here (Figure 4) and circuits from
[13-15] is avoiding sequential steps. Indeed, either for any ﬁeld, all rows of the table are
handled in parallel or all ﬁelds for all rows are handled in parallel. In the last case the
result is produced almost immediately after the table and the constraints are changed.
The number of sequential steps can be varied from 0 (with more hardware resources) with
all ﬁelds processed in parallel to M , when all ﬁelds are processed sequentially. Generally,
a reasonable compromise between the resources needed and the latency can be found.
Indeed, to improve performance we can handle more than one (but not all) ﬁeld in parallel. The next section gives more details and shows with examples the advantages and
distinctive features of the proposed architecture compared to other known approaches.
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From Figure 4 we can see that solving Task 2 requires the Hamming Weight (HW) for
relatively large binary vectors containing several thousand bits to be computed (see the
end of Section 3). Section 6 overviews methods that can be applied for such purposes and
suggests the best solutions.
5. The Proposed vs. Known Methods. Let us compare the proposed method with
other methods that can be used for solving the same problem. Clearly, the basic structure
shown in Figure 4 can be modeled (implemented) in software. However, parallel processing
(see Figure 4), i.e., simultaneous execution of the chosen operation over N rows (for
instance, selecting the rows with the values less than 52 and greater than 25 in the ﬁeld
F0 shown in Figure 5), cannot be done in the general case because the number of parallel
threads in multithreaded systems is ﬁxed [16] and cannot be changed ﬂexibly. Thus, only
partial parallelism may be applied. On the other hand, the basic structure in Figure
4 is scalable and can be implemented and tested from hardware description language
speciﬁcations (such as VHDL) in reconﬁgurable hardware (in FPGA). Parameterization
based on language generic constructs makes it possible to implement any reasonable level
of parallelism, i.e., such circuits may be used for thousands of rows (see Figure 2) treated
at the same time. This is indeed “reasonable parallelism” because such number of rows
is suﬃcient in most practical applications.
Many results of comparison for multi-core CPU (Central Processing Unit), FPGA and
GPU (Graphics Processing Unit) can be found in numerous publications. We will review
just some of them. A systematic approach that is based on ﬁve case study algorithms
is proposed and discussed in [17]. Two orders of magnitude speedup over a CPU is
observed for GPU and FPGA. An FPGA is superior to a GPU for algorithms requiring
large numbers of regular memory accesses (that is our case). In the presence of data
dependence, the implementation of a customized data path in an FPGA exceeds GPU
performance by up to eight times (that is also our case). Additional helpful comparisons
can also be found in [18].
One additional issue that should be addressed is power consumption. Note that power
consumption in new ultra-scale reconﬁgurable microchips [19] is decreased by a factor of
2-5. The results reported in [20] show that FPGAs oﬀer 2.7 to 293 times better energy
eﬃciency compared to CPU and GPU.
There are also many supplementary problems that need to be solved over the extracted
data, such as sorting, or some other types of data rearrangements. The majority of current hardware solutions are based on variations of Batcher’s even-odd merge and bitonic
merge networks [21] that are easily pipelined [22]. The best solutions for such networks
are proposed in [4,23]. They allow, in particular, sorting to be executed concurrently with
getting inputs through single or multiple ports. Finally, a technique allowing a reasonable
compromise between the cost and the latency of the circuit has been developed. The results of experiments, implementations, and rigorous comparisons have demonstrated high
eﬃciency and broad applicability of the proposed methods for a wide range of practical
applications. It should be noted that the methods proposed in [4,23] are directly targeted
to reconﬁgurable hardware (FPGA and programmable systems-on-chip) and they cannot
be eﬃciently implemented in software. The technique proposed in this paper can easily
be combined with the methods [4,23] making it possible for a large number of additional,
very eﬃcient solutions for the considered problems to be achieved. Some examples are
listed below:
1) Extracting the maximum/minimum (sorted) subsets from the given set;
2) Extracting subsets with such values that fall within an interval bounded by the given
maximum and minimum;
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3) Finding the most repeated value or a set of the most repeated values;
4) Computing medians, etc.
The methods proposed in [4,23] that can be combined with the proposed architectures
may be used directly, including interactions through a PCI express bus as described in
detail in [10].
6. Counting the Number of Data. Computing the HW solves the second task. Stateof-the-art circuits for such purposes have been exhaustively analyzed in [24]. Three competitive methods [24], [25,26] and [27] were discussed in terms of the cost (i.e., the number
of gates) and the latency (i.e., the number of gate levels). It is argued that the cost of
the circuits from [24] is the best while the latency for N ≤ 64 is smaller for the method
[27]. For N > 64 the method [24] is again considered to be the best. The main difference between the methods [22] and [27] is that computing the HW in [22] is done on
Full Adders (FA), whereas in [27] sorting networks are used. In [28] circuits based on
counting networks have been proposed and it was proved that they have similar or better
characteristics than parallel counters [24]. Figure 6 illustrates why the results of [28] are
better. Figure 6(a) presents an example of an HW counter from [24] for N = 8 that is
mainly composed of FA. Any FA has three inputs (for two one-bit operands and one-bit
carry in signal) and two outputs (for sum and carry out signal). Figure 6(b) depicts a
counting network from [28] for N = 8. The data independent segments of the circuits in
Figures 6(a) and 6(b) are composed of such components (e.g., FA in Figure 6(a)) that do
not have any mutual input/output dependency, i.e., there is no component whose input
signals depend on output signals from any other component within the segment. Hence,
all necessary operations can be executed concurrently within a data independent segment
and are characterized by a single one-component delay. There is a diﬀerence in the delays
and complexities of the circuits in Figures 6(a) and 6(b). Delays in the circuit in Figure

Figure 6. 8-input HW counter from [24] (a), and a counting network from
[28] (b)
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6(a) are larger because there are carry signals between FAs located at the same level.
Thus, there is a data dependency inside any level. In contrast to Figure 6(a), there are no
carry signals within the levels in Figure 6(b) and, therefore, all components of any level
may operate in parallel.
The number of levels is not the same in Figures 6(a) and 6(b). However, the components at any level generally have smaller propagation delays in Figure 6(b) (compare, for
example, any component at the top of Figure 6(b) and the circuit that forms a carry out
signal in Figure 6(a)). The results strongly depend on the chosen implementation of the
circuits in hardware and platform-speciﬁc features. Since recent FPGAs contain highly
optimized arithmetic blocks, the circuit in Figure 6(a) may give unexpectedly good results. Thus, we decided to compare physical implementations in the most recent 7th series
FPGAs of Xilinx (Artix-7 FPGA available on the Nexys-4 prototyping board [29]). We
found that for N = 8 and N = 16 the results for [24,28] are almost the same and they are
signiﬁcantly better than for [25-27]. These results are in conformity with theoretical evaluations of complexity and performance presented below in Table 1 that collects data from
[24,28,30], where N is the size of vectors, k is the value of the threshold, P = ⌈log2 N ⌉,
d is a delay of one basic element (such as that is shown on the top of Figure 6(b)), γF A
is the cost of FA relative to a gate, δsum is the delay of an FA, and δcarry is the delay of
carry propagation in the FA (in [24] γF A = 9, δsum = δcarry = 2 were chosen). It should
be also noted that parallel counters [24] are eﬃcient for N = 2g (g is a positive integer).
If N is not equal to 2g then it is not quite clear from [24] how to build a non-redundant
circuit.
There is another distinctive feature for counting networks [28]. In Figure 6(b) registers
may easily be inserted between either data independent segments or levels allowing a
pipeline to be constructed. The delay of each segment is indeed negligible and it is
smaller than for possible pipelined implementations of the circuit in Figure 6(a). All
necessary details can be found in [28].
Table 1. Cost and latency expressions for HWCs
Design
from
[25,26]
[27]
[24]
[28]

Fixed-threshold HW counter
Cost
Latency
2×k×N
d × (N + k − 1)

Two-vector HW counter
Cost
Latency
N × (N + 1)
d×2×N
d × (P + 1)
N × (P )2 /2
d × P × (P + 1)/2
N × P2 + N + P
×(P + 1)/2
(
(
(N − P − 1)
d
×
(P
−
1)
2
×
(N
−
P
−
1)
(P
−
1)
×
) δsum
)
)
(
+ δcarry + 1
×γF A + P
× δsum + δcarry + 1
× γF A + 4 × P
∑P
∑P
2 i=1 i × (i + 1)/2 d × (P + 1)
i=1 i × (i + 1)/2
d × P × (P + 1)/2
i
× (P + 1)/2
× N/2i
× N/2

The results of Table 1 show that the solutions from [28] are better in terms of cost and latency. It is shown in [30] that embedded to FPGAs DSP (digital signal processing) blocks
can eﬃciently be used for the proposed solutions. It is proved in numerous experiments
in [31] that counting networks are the fastest if pipelined solutions are used. However,
they consume relatively large resources. From the point of view of the resources, the most
economical circuits are LUT-based solutions from [31]. Thus, the following circuits have
been chosen:
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1) pipelined counting networks [28] for such applications that require the fastest possible
computations and multiple vectors (and, thus, multiple tables) to be processed in
parallel;
2) LUT-based circuits from [31] for the most economical applications that in this case
consume the smallest possible hardware resources;
3) DSP-based solutions [30] for FPGA/PSOC designs that eﬃciently use available on the
respective microchip DSP slices.
7. Hardware/Software Implementation and Experiments. We have considered
two separate stages. At the ﬁrst stage a software system extracts a subset in which
the necessary items are somehow distributed, i.e., a table similar to Figure 3 is built. Because there is a very large number of data items in an initial set, the extraction of a subset
is done in software, which is outside of the scope of the paper. That is why we did not
provide any optimization technique. Two methods were used. In the ﬁrst method data
within the given intervals have been randomly generated for each ﬁeld (F0 , . . . , FM −1 ).
In the second method we considered sets of data containing a few millions of items, such
as rows shown in Figure 2. Since the ﬁrst stage is outside of the scope of this paper, any
method (even sequential) can be applied. The tables are saved in ﬁles that are transferred
to a reconﬁgurable hardware. Clearly fast interfaces like PCI express described in [10] are
the most eﬃcient. Since our goal is processing data in subsets, the transfer has also been
simpliﬁed. For our experiments the ﬁles we created were moved to embedded memories
applying two methods that are shown in Figures 7 and 8 correspondingly.
In the ﬁrst method (see Figure 7) a Xilinx Coeﬃcient (COE) ﬁle [32] was built initially
and it is used in VHDL code to specify the table data that are loaded to embedded FPGA
memories. In the second method table data are directly transferred from a PC through
an interface available for the Xilinx Software Development Kit. In this case a processor,
namely Cortex-A9, for Xilinx all programmable systems-on-chip [33] is involved.

Figure 7. Transferring tables in COE ﬁles
If only FPGA is used then the structure shown in Figure 4 is implemented. Table rows
are saved in embedded memory in such a way that all the ﬁelds with the same index can
be read in parallel. Thus N ﬁelds with the same index are kept in one memory word.
The size of each ﬁeld is η where η is the maximum number of bits used to code data in
one ﬁeld from F0 , . . ., FM −1 . In practice this value does not exceed 10 or 11 bits. So, the
number of available memory blocks is suﬃcient, even with relatively cheap FPGAs. The
structure shown in Figure 4 is directly implemented in FPGA conﬁgurable logic blocks.
The complexity of circuits to count the number of data (see Section 4 above) can easily be
found [28,30,31]. For example, if the circuits from [31] are chosen then for our experiments
(N = 100, M = 20 and η = 10) the number of DSP slices is 9 and the maximum delay
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Figure 8. Transferring ﬁles directly from software of PC

Figure 9. Software/hardware implementation
for Hamming weight computation is 7 ns. Counting networks from [28] that are pipelined
require more hardware resources but enable the maximum delay to be reduced up to 2
ns.
Figure 9 demonstrates hardware/software solutions that were chosen for the experiments based on PSoC. The two types of implementations that have been evaluated are
software only, and software/hardware. In the software only system the tables (see Figures
2, 3) are extracted and processed in software. In the second case the tables are extracted
in software and processed in hardware as shown in Figure 9. Source data (i.e., a ﬁle with
an extracted table) is transmitted from the host PC to hardware that is based on the
Zynq PSoC from Xilinx [33]. Two diﬀerent solutions were studied. The ﬁrst assumes that
the Processing System (PS) executes just supplementary functions, allowing a desired
interface with the Programmable Logic (PL) to be established. In the second solution the
PS extracts the tables and, hence, the ﬁles from the host PC contain subsets with nonextracted tables. Clearly in this case an extraction of subsets with tables (see an example
in Figure 3) is slower than in a PC, but once again we would note that such extraction
is not the target of this paper. The methods of data transfer and particular solutions for
PSoC are described in detail in [34,35] including VHDL and C code for practical tests.
In order to prove the eﬀectiveness of the technique we have developed we compared the
proposed method with existing methods and circuits. At the ﬁrst step we implemented
and tested the circuit for extracting the constrained data (see Section 4 and the circuit in
Figure 4 without the rightmost block that computes the HW). Both variants of the circuit
(partially and fully parallel) have been analyzed. Comparison was done with software
running in desktop PC and implementing similar functionality. Table 2 below shows
the acceleration that has been achieved in the partially parallel circuit referenced above
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Table 2. Acceleration achieved in the circuit (Figure 4)
Acceleration

N = M = 10 N = M = 50 N = M = 100 N = M = 1000 N = M = 2000
1
6
18
117
173

Figure 10. Comparison of the maximum combinational path delays
(Nexys-4 prototyping board [29] with Atrix-7 FPGA XC7A100T and clock frequency 100
MHz) compared to a pure software program written in Java and running in a desktop
PC (processor i7-4770, 3.4 GHz). Note that the clock frequency of FPGA is 34 times
slower than the PC. The table is ﬁlled in for ﬁve diﬀerent combinations of the parameters
N and M (see Figure 2) and for η = 10. For small values of N and M the circuit in
Figure 4 does not provide any acceleration because the task is simple and the number
of operations in software is limited. However, this is not a practical case. For all the
remaining combinations acceleration is signiﬁcant (the greater value of N/M , the higher
the acceleration that is achieved). Substantially better acceleration has been reached
in the fully parallel circuit referenced above. However, the resources available for the
FPGA [29] used allow circuits to be implemented only for the ﬁrst two columns of Table
2. For the ﬁrst column (N = M = 10) the acceleration is 7 and for the second column
(N = M = 50) it is 37.
In the second step we implemented and tested the circuit that computes the HW. Figure
10 shows the maximum combinational path delays for the best-known designs.
As we can see, counting networks [28] and circuits based on DSP slices [30] are the
fastest. However, counting networks use just logical elements.
Figure 11 shows the number of DSP slices occupied (NDSP ) and the number of logical
slices required, Ns , for diﬀerent methods. Mapping to LUTs [31] is the less resource
consuming method and counting networks require the largest resources. Thus, if high
throughput is more important, then either counting networks [28] or DSP-based solutions
should be chosen. If the resources used need to be minimized then the method [31]
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Figure 11. The occupied resources from the results of experiments with
diﬀerent designs
is the best option. This conﬁrms the theoretical evaluation presented at the end of
Section 6. Generally, Figures 10 and 11 enable the best circuit to be chosen for particular
requirements.
8. Conclusion. The paper suggests fast hardware accelerators that simplify data manipulation and analysis of tables that contain subsets of items that somehow satisfy a
set of desired requirements. The main objective is to determine how many items in the
tables exactly satisfy the requirements and ﬁnally to extract such items. The problem
is solved partially in software and partially in hardware accelerators implemented in reconﬁgurable logic available in FPGA and PSoC. The basic architecture of the hardware
circuit is proposed, the method of data extraction is discussed, and examples are given.
The problem considered requires Hamming weight to be computed and the paper suggests
the best methods for this based on analysis and comparisons of known alternatives. The
results of the hardware/software implementations that have been described and further
experiments clearly demonstrate the advantages of the proposed technique.
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