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Abstract. The paper suggests fast hardware accelerators for discovering clusters of zeros and/or ones in 
binary vectors. Any cluster is composed of successive bits with the same value (either 1 or 0). Search for 
such segments is required in many practical problems, for example, coding, data, and image processing. The 
proposed solutions enable, for a given vector, answering such questions as how many one/zero clusters can 
be found; what is the largest number of consecutive ones/zeros; what is the number of clusters having k 
consecutive ones/zeros; is the vector only composed of segments with exactly k consecutive ones/zeros; and 
some others. The relevant practical applications, for which acceleration is required, are also discussed. The 
paper suggests two core architectural solutions that are based on combinational and iterative networks of 
gates. Each network is modeled in software (C++ language) and then specified in a hardware-description 
language (VHDL), synthesized, and implemented in FPGA. Finally, the results of the circuits’ evaluations 
and comparisons are presented.  

1 Introduction 

Binary vectors are frequently used as a convenient 
model in many practical problems. Operations over such 
vectors are profoundly studied in several publications 
dedicated to Hamming weight (popcount) and distance 
computation [1, 2], one/zero clusters search [3], etc. The 
results have been used in such areas as digital signal 
processing [4], image [5] and data processing [6], 
encoding and error correction [7], cryptography [8], 
combinatorial search [9], DNA computing [10], and 
many others. 

Fig. 1 demonstrates tasks that may efficiently be 
solved in the proposed hardware accelerators. Let’s 
consider a vector V = (v0,…,vN-1), where N is the size of 
the vector. For certain practical applications, N is a large 
value. The block S in Fig. 1(a) gives an answer to the 
question: "is the vector V composed of only one/zero 
clusters with exactly k elements?" For example, if k=2 
and we are interested in only one-clusters, for each of 
the following two vectors (0011001100; 0000110000) 
the answer is Yes (1) and for each of the following two 
vectors (0010111011; 1010101010) the answer is No 
(0).
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Fig.1. (a) Checking if the vector V = (v0,…,vN-1) is composed of only one/zero clusters with k values 1/0; (b) finding in the vector V 
the maximum one-cluster; (c) discovering in the vector V all one-clusters 1,…, kmax; (d) finding in the vector V the total number of 
one/zero clusters.
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Similar operations can be executed for detecting 
zero-clusters. The block S in Fig. 1(b) finds the 
maximum one-cluster (i.e. such cluster that contains the 
maximum number of values 1) in a given vector V and 
outputs the index of the first bit in such a cluster. For 
example, for the vector 0010111011 the answer is 
kmax=3 (number of ones in the maximum one-cluster) 
and i=4 (indices are counted from 0 for the left-hand bit 
of the vector). The block S in Fig. 1(c) discovers the 
cluster with kmax values 1 and all other clusters with 
1,…,kmax-1 values 1. For the example above: kmax=3 for 
the cluster with the first bit index 4; kmax=2 for the 
cluster with the first bit index 8; and kmax=1 for the 
cluster with the first bit index 2. The last block S in Fig. 
1(d) finds the total number of one/zero clusters in a 
given vector V. For example, for the vector 0010111011 
the number of one-clusters (they are shown in bold) and 
the number of zero-clusters (they are shown in italic) is 
the same and is equal to 3. 

 
Let us discuss now some practical applications, for 

which solving the tasks listed above is needed. One of 
such applications is frequent item computations in a 
given set of data D = {d0,…,dN} [11-12]. The objective 
is finding the item(s) repeated the maximum number of 
times in the set D. To accomplish this task the following 
sequence of steps may be applied. First of all, the items 
are sorted (for instance, with a parallel sorting network 
[13-15]); afterward, all pairs of adjacent items are 
compared one to another, and an N bit binary vector V 
is constructed whose element i, i = 0,1,…,N-1, is either 
set to one (if items of the sorted set D with indices i and 
i+1 are equal) or to zero (if items of the sorted set D with 
indices i and i+1 are not equal). Finally, the largest 
cluster of ones in the vector V has to be found and its 
Hamming weight (HW) has to be calculated. These 
steps are summarized in Fig. 2. There are three basic 
operations in Fig. 2: sorting, clustering, and computing 
the results. The proposed in this paper circuits allow the 
execution of the clustering operation to be accelerated. 
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Fig. 2. Using the proposed accelerators for discovering the 
most repeated items in a data set. 

Let us consider an example. Suppose the set D = {10, 
0, 21, 41, 89, 7, 21, 22, 14, 10, 21, 7, 10, 21, 24, 28} of 
integers is given. Sorting permits the following sorted 
set {0, 7, 7, 10, 10, 10, 14, 21, 21, 21, 21, 22, 24, 28, 41, 
89} to be produced. In the next step, all pairs of adjacent 
items are compared, and the vector V is built: V = 
(010110011100000), where the left 0 is the result of the 
comparison of 0 and 7, the next 1 is the result of the 
comparison of 7 and 7, the next 0 is the result of 
comparison of 7 and 10, etc. The longest cluster of ones 
is marked with bold font in the vector V above; the 

cluster’s Hamming weight is 3. Therefore, the most 
frequent item appears four times (the computed 
Hamming weight plus 1) in the original set and this is 
item 21 (the item whose index is 7 in the sorted set). 
Other practical applications are described in [16-24]. 
Since many systems have hard real-time constraints, 
performance is important and hardware accelerators 
may provide significant assistance. 

The main contributions of this paper are the 
following: 

• Suggesting two core circuits allowing the 
maximum one-cluster in a binary vector to be found. 

• Illustrating how the proposed circuits may be 
employed in higher-level systems, solving more 
complex tasks (such as depicted in Fig. 1). 

• Experiments and comparisons that prove that the 
suggested circuits are parameterizable, occupy 
reasonable hardware resources and may operate at high 
clock frequencies. 

The remainder of this paper is organized as follows. 
Section 2 suggests two basic core architectures for 
solving the described above tasks, which are: a fully 
combinational circuit; and an iterative circuit (with a 
sequentially reusable combinational fragment). Section 
3 gives implementation details in hardware and 
demonstrates the results of experiments and 
comparisons. The conclusion is given in section 4.  

2 Basic architectures of hardware 
accelerators  

 Fig. 3 depicts the basic architecture of the proposed 
combinational circuit. It consists of fragments, each of 
which takes on the inputs the current vector (for 
example, V) and outputs the new vector (for example, 
V1). The latter is formed on outputs of AND gates 
executing operations over adjacent bits. 

For example, V1 = (v0&v1,v1&v2,…,vN-3&vN-2,vN-

2&vN-1). Similarly, the other vectors (V2, V3, …) are 
built. If any vector Vj (j=1,…,N-1) contains only zero 
bits then the previous vector Vj-1 (that is not composed 
of only zero bits) indicates clusters with j values 1. Thus, 
if V ≠ 0 (i.e. V does not contain all 0 values) and V1 = 0 
(i.e. V1 contains all 0 values) then V is composed of 
isolated 1 values (i.e. any one-cluster contains only one 
value 1) separated by one or more values 0. If Vj ≠ 0 
(j≥1) and Vj+1 = 0 then the initial vector V includes one 
or more (j+1)-cluster(s), i.e. such clusters that have (j+1) 
values 1. If the initial vector V contains exactly N ones, 
then propagation of signals through the circuit in Fig. 3 
will never give the result equal to 0. Thus, if the final 
value on the output of Fig. 3 is 1 then this indicates that 
the vector V contains only 1 values and the single one-
cluster has N values 1.  

Propagating signals from vector V through the 
circuit in Fig. 3 until the vector Vj+1 = 0 permits the 
maximum number kmax=(j+1) of successive ones in the 
vector V to be found. Besides, all the clusters 1,…,kmax-
1 may also be found through analyzing the previous 
pairs of the vectors (i.e. V and V1, V1 and V2, etc.). 
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Fig. 3. The architecture of the combinational circuit

Let us consider the same set of integers as in the 
introduction section: {10, 0, 21, 41, 89, 7, 21, 22, 14, 10, 
21, 7, 10, 21, 24, 28} for which the following vector V 
is built: V = (010110011100000). The vector V is 
handled by the circuit in Fig. 3. Consequently, the 
vectors V1=(000100011000000), 
V2=(000000010000000), V3=(000000000000000) are 
generated and HW(V1)=3, HW(V2)=1, HW(V3)=0. 
Since the vector V3 contains all zeros, the maximum 
number of repetitions in the initial data items is 3+1=4. 
The result 3 is incremented because comparators in the 
block of Fig. 3, filled in with grey color, form one-
clusters corresponding to the number of repeated items 
minus 1.  

For instance, for four repeated integers 21, the result 
of comparison contains 3 values 1. Thus, to get the 
correct result it is necessary to add 1 to 3. Since 
HW(V2)=1 only one item is repeated 4 times. The index 
of the value 1 in V2 is 7. The integer with the index 7 is 
21 and this item is repeated 4 times. Similarly, HW(V1) 
= 3, which indicates that there are three items repeated 
3 or more times. The indices of these items are 3, 7, and 
8, which correspond to the indices of values 1 in V1. 
Thus, the respective repeated items are 10, 21, and 21. 
In the last case there are three repetitions of the value 21 
beginning from the index 7 and there are three 
repetitions of the value 21 beginning from the index 8. 
If necessary, such items as 21 (which have already been 
taken as more repeated) may easily be excluded 
(comparing values in the first {21} and in the second 
{10, 21} sets). 

The core circuit in Fig. 3 is composed of only AND 
gates with two inputs and may be easily parameterized 
and automatically generated. A supplementary circuit 
for analysis of the vectors and producing the result may 
execute different functions that depend on the target 
requirements (see Fig. 1). For example, if we consider 
the circuit S shown in Fig. 1(a) then the "Input" in Fig. 

3 is k and the supplementary circuit looks like it is 
illustrated in Fig. 4. 

k value

D
ec

od
er

0
1

k-1

V V1 Vk-1

≠0 =0
OR NOR/OR

≠0 =0

NOR

1 2 k-1

=0 ≠0

AND AND AND

OR Yes (1)
/No(0)Output 0 is not used

 
Fig. 4. Analysis of vectors and producing the result for the circuit in 
Fig. 1(a). 

The binary decoder activates only one output 
indicating the desired cluster k. Thus, an active value on 
the output 0 says that we are interested in only such 
vectors that do not have any one-cluster (i.e. a test of V 
containing only zero bits has to be done). All the other 
outputs of the decoder 1,…,k-1 indicate the relevant 
one-clusters, which we would like to check; i.e. we have 
to answer whether they are available or not.  

Note that the number of segments in the architecture 
of Fig. 3 depends on the maximum desired value of kmax 
(the maximum value of consecutive ones in one cluster). 
For large-size vectors, the number of fragments might 
be considerable, and the propagation delay becomes 
extensive. Fig. 5 depicts the basic architecture of the 
iterative circuit, for which the propagation delay in the 
combinational part is very small and clock frequency to 
support iterations may be relatively high. Thus, the 
performance of the circuit in Fig. 3 is comparable to the 
circuit in Fig. 5, but the resources of the circuit in Fig. 5 
are significantly reduced. The main ideas are taken from 
[14, 25], where a similar technique is used for sorting 
and HW counting.  

The fragment 1 in Fig. 5 is sequentially reused. At 
the beginning, the vector V is recorded in the Register 
and the first vector V1 is formed on outputs of Fragment 
1 (see example on the right-hand side of Fig. 5). Two 
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vectors V and V1 are checked for "≠0" (there are bits not 
equal to 0) and "=0" (all the bits are equal to 0). If both 
vectors (V and V1) contain bits not equal to 0 then the 
vector V1 is extended to the size N recording a 0 value 
in the bit N-1 and the next iteration is executed, i.e. the 
extended vector V1 is recorded in the Register and a new 
vector V2 is formed on the outputs of Fragment 1.  

Similarly, other iterations are executed until all the 
bits on the outputs of Fragment 1 contain only 0 values. 

This enables us the maximum one-cluster and all the 
other one-clusters to be found.  

A complete example is shown on the right-hand side 
of Fig. 5. The vector V3 contains only zeros. Thus, the 
maximum number of consecutive ones in V is 3: 
0101110110 (see three ones in bold). The first index in 
V for the relevant cluster is indicated by the index of the 
value 1 in the previous vector V2 recorded in the register 
(which is 3). 
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Fig. 5. The architecture of the iterative circuit, functionally equivalent to the circuit from Fig. 3.

Let HW(V) be the Hamming weight of V. It is easy 
to see that HW(V)=6 (for our example) is the number of 
values 1 in the initial vector V; HW(V1)=3 is the number 
of one-clusters in the initial vector V containing two 
values 1. Indices of values 1 in V1 give the initial indices 
of such clusters in the vector V. They are 3, 4, and 7, 
pointing to the following clusters (indicated by bold 
font): 0101110110; 0101110110; and 0101110110 (the 
left-hand bit of V = 0101110110 has the index 0 and the 
right-hand bit of V has the index 9). HW(V2)=1 
indicating that there is just one cluster in V with three 
values 1. The following three clock cycles are required 
in the circuit of Fig. 5 to obtain the final result: 1) to 
record the initial vector V to the Register; 2) to record 
vector V1 to the Register; and 3) to record vector V2 to 
the Register. The combinational circuit is only 
composed of one level of AND gates and the 
propagation delay from inputs to outputs is very small. 

3 Implementation in hardware, 
experiments, and comparisons 

The core architectures in Fig. 3 and 5 were first modeled 
in C++. After modeling in software, the circuits for 
architectures of hardware accelerators discussed in 
section 2 have been described in VHDL, synthesized, 
implemented, and tested in a low-cost and low-power 
xc7a100tcsg324-1 FPGA [26] from Artix-7 family 
(available on the prototyping board Nexys-4 of Digilent 
[27]). Synthesis, implementation, and bitstream 
generation were done in Xilinx Vitis/Vivado 2021.2. 
Networks composed of AND gates have been coded in 
structural VHDL. So, they repeat exactly the structures 
that are shown in Fig. 3, 5. 

For example, the following VHDL code describes a 
combinational circuit that enables answering if an input 
vector contains at least one cluster with exactly K 
consecutive ones. In this case the output "led" is on. If 
there are just clusters with less than K consecutive ones 
or also clusters with more than K consecutive ones then 
the answer is no and the "led" is off. The N-bit vector is 
supplied on inputs "sw" and the result (the answer) is 
shown on the output "led". 

library IEEE;    
use IEEE.std_logic_1164.all;      
use IEEE.std_logic_unsigned.all; 
 
entity Exact_K_ConsGen is 
generic ( N       : integer := 16; 

   K       : integer := 5 ); 
port (sw: in std_logic_vector(N-1 downto 0); 
      led : out std_logic_vector(0 downto 0));     
end Exact_K_ConsGen; 
architecture Behavioral of Exact_K_ConsGen is 
 type iter is array (0 to K) of  
      std_logic_vector(N-1 downto 0); 
signal steps : iter; 
begin 
steps(0) <= sw; 
-- generation of AND gates (see Fig. 3) 
repeat_steps: for j in 0 to K-1 generate 
   first_and_gates: for i in 0 to N-2   
                     generate 
      steps(j+1)(i) <= 
             steps(j)(i) and steps(j)(i+1); 
   end generate first_and_gates; 
   steps(j+1)(N-1) <= '0'; 
end generate repeat_steps; 
led <= "1" when  
       (steps(K-1) /=0) and (steps(K) = 0)  
       else "0";  
end Behavioral; 

If we access the elaborated design in Vivado then we 
can see that the schematic is very similar to the circuit 
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shown in Fig. 3. An iterative circuit (see Fig. 5) has been 
built by analogy to [14]. 

For the experiments, the size N of input vectors was 
chosen to vary from 16 to 16,384 and K = 5/10. The 
input vectors have been pseudo-randomly generated in 
a MicroBlaze processor core instantiated in the FPGA 
and then stored in an external cellular 16MB RAM. 
Then the vectors have been processed separately in 
software running on MicroBlaze and in hardware 
accelerators proposed in this paper, and the results have 
been compared. Both processing cores (software and 
hardware) receive a stream of 32-bit data through DMA 
from the cellular 16MB RAM. 32-bit vector chunks are 
accumulated and concatenated until the desired length 
(N-bit) vector is constructed, which is further used for 
parallel processing in the suggested core architectures. 
Concatenation of 32-bit sub-vectors arriving from DMA 
is done at the speed of AXI DMA transfers. The 
hardware accelerator provides memory-mapped 
interface to the MicroBlaze for communicating the 
result. The outcomes of both cores are displayed on Vitis 
serial terminal communicating with the MicroBlaze 
through UARTLite module. 

The hardware costs reported by the synthesis and 
implementation tools for the combinational circuit from 
Fig. 3 are summarized in Table 1 for different values on 
N and K. These costs do only refer to implementing the 
core circuit and do not account for the framework 
required for the experiments, i.e. the MicroBlaze 
processor and the respective interfaces. The core circuit 
latency is given by the network depth, which is equal to 
K. Albeit the resulting latency is relatively low, the 
maximum throughput will never exceed the interface 
bandwidth divided by the number of memory accesses 
needed to get the source data. All the tested circuits run 
at 100 MHz. We expect that increasing the value K will 
lead to reducing the supported clock frequency, as the 
core circuit latency will exceed the targeted minimum 
clock period. This problem can however be solved by 
changing to the sequential circuit from Fig. 5, which 
would require several (K) clock cycles to produce the 
result and can function at K times (minus register’s setup 
and propagation delays) higher clock frequency. This 
sequential circuit uses much fewer logical resources 
(just one level of AND gates is reutilized, so the number 
of LUTs reported in Table 1 can be roughly divided by 
K) but requires additional N flip-flops to implement the 
register for keeping intermediate results between the 
network levels. 

Table 1. Hardware costs of implementing the combinational 
network of AND gates in xc7a100tcsg324-1 FPGA for 

N=16/256/1024/16384 and K=5/10. 

K N LUTs % of FPGA 
logic resources 

5 16 16 0.03% 
256 255 0.4% 
1024 1195 1.9% 
16384 32068 50.6% 

10 16 17 0.03% 
256 371 0.6% 
1024 2578 4.1% 
16384 30323 47.8% 

 

As the hardware execution time is bounded by AXI 
DMA transactions, and, assuming 100 MHz clock 
frequency, this amounts to 110µs for processing 
N=16384 bits of randomly generated data, which is 10-
23 times faster (depending on the input vector V and the 
value of K=5/10) than producing the result in software 
running on MicroBlaze. The exact speedup over 
software depends on the vector length as the critical path 
is bounded by K and does not depend on the value N 
(which is not true for software where the bigger N value, 
the longer the processing time). 

4 Conclusion 

The paper describes hardware accelerators for 
processing clusters in binary vectors and points to a 
number of practical applications in which the proposed 
technique may effectively be used. The described 
architectures have the following distinctive features: 1) 
high performance because of very fast combinational 
and iterative circuits (signals propagate through only 
simple AND gates); 2) regularity, simplifying 
parameterization; 3) extended functional capabilities 
(numerous types of clusters can be discovered); 4) low 
consumed resources (for the sequential circuit). 
Software models and hardware implementations are also 
presented and discussed which allows embedding the 
respective designs in more complicated systems. The 
results of experiments and comparison confirm adequate 
performance and reasonable resources for the proposed 
hardware accelerators. 
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