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Abstract

Cuckoo Hashing has been considered the state of the art since
its origin. In Cuckoo Hashing, the search operation is executed
sequentially in the tables, and thus, Cuckoo Hashing is Sequential
Cuckoo Hashing. Based on the size of the table, Cuckoo Hash-
ing is implemented in two ways: Symmetric Sequential Cuckoo
Hashing and Asymmetric Sequential Cuckoo Hashing. Cuckoo
Hashing suffers from higher insertion latency, inefficient memory
usage, and high data migration. This work investigates the per-
formance of both versions of Cuckoo Hashing under the light of
two newly proposed performance indicators: Degree of Dexterity
and Table Reference Count per key.
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1 Introduction

The continuous and rapid growth in Mobile Computing, the Internet
of Things (IoT), Big Data, Cloud Computing, Distributed Systems,
and Social Media has attracted the public and industries because there
is a significant amount of data flow. Data generation is performed
on a wider scale. Expeditious improvements have been made in data

©2026 by Computer Science Journal of Moldova

doi:10.56415/csjm.v34.06

131

https://doi.org/10.56415/csjm.v34.06


Rajeev Ranjan Kumar Tripathi, Pradeep Kumar Singh, Sarvpal Singh

storage techniques, and data centers are examples of this success. Data
insertion, deletion, update, and search are the common operations that
are performed on stored data. The classical problem in Computer Sci-
ence is to perform retrieval operation in O(1). This kind of search is
frequently used in data-based industries, data dictionaries, and sym-
bol tables maintained by compilers. New application areas like Big
Data, Health Informatics, and Content-Based Image Retrieval have
highlighted searching as a major challenge [1]–[3].

Information is stored in the form of records in computer memory.
Each record has a unique key that identifies the record uniquely, and
this key is known as the primary key. The primary key may be derived
from information available in the records, or the administrator may
explicitly assign it. The size of the primary key does not play any
role. The searching algorithm has to receive the key K, as input and
return the record that has the keyK. Hashing is an improved searching
technique where data is placed at the address (sometimes also called
index/hash code or hash) that is obtained by a hash function as h =
H(K), where H is the hash function, h is the hash code for the key
(K). The h and K can be observed as an ordered pair of (hash, key),
i.e., (h,K). Searching using hashing requires O(1) time ideally. The
hash function (H) may assign the same hash codes to distinct keys K1

and K2 as (h,K1)=(h,K2). Thus, the keys K1 and K2 are often called
synonyms [4] and the assignment of the same hash code to distinct keys
is called data collision.

While surveying on Cuckoo Hashing, various existing works have
been encountered like d-ary Cuckoo Hashing [5], Cuckoo Hashing
with Stash [6], Lock-Free Bucketized Cuckoo Hashing [7], Lock Free
Cuckoo Hashing [8], Backyard Cuckoo Hashing [9], Parallel Cuckoo
Hashing [10], Generalized Cuckoo Hashing [11], and Cache-Conscious
Cuckoo Hashing [12]. From the literature survey, the authors are mo-
tivated to perform work to clarify the misconceptions about Cuckoo
Hashing. The most common misconception is the performance
of Cuckoo Hashing in terms of searching time. The O(1) per-
formance in searching creates doubt that both tables used in
Cuckoo Hashing are being accessed in parallel. Cuckoo Hash-
ing, in its purest form, always uses sequential access (Cuckoo Hashing
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is an acronym of Sequential Cuckoo Hashing) [13]. Cuckoo Hashing
consumes 2 probes in the worst case to declare whether the search
is successful or not, and that’s why its performance is of order O(1).
This analysis does not consider the switching cost consumed by the
Cuckoo Hashing while searching keys from a large dataset in a one-to-
one fashion. The switching cost degrades the overall performance of
searching. This case is explained by a story of Two Shops Example
in the next section. Based on the size of hash tables, Cuckoo Hash-
ing may be either symmetric or asymmetric. This work is dedicated
to comparing the performance of Symmetric Sequential Cuckoo Hash-
ing, Asymmetric Sequential Cuckoo Hashing, Random Probing, and
Quadratic Probing.

The major contributions of this work are as follows:

1. In this paper, the performance analysis of Symmetric Sequential
Cuckoo Hashing and Asymmetric Sequential Cuckoo Hashing is
investigated, and their prototypes are implemented under a sin-
gle thread. Major challenges of Cuckoo hashing are inefficient
memory usage, higher insertion latency, and data migration. In
addition, a new challenge, high switching cost, has been iden-
tified in both versions of Sequential Cuckoo Hashing.

2. Authors introduce two new performance indicators: 1) Degree of
Dexterity(η) and 2) Table Reference Count per Key, denoted as
T.R.C
Key . The Degree of Dexterity is the reciprocal of the sum of
average searching time and insertion latency involved in the hash-
ing process, while Table Reference Count per key represents “how
many times tables have to be consulted to search a key?”. Ta-
ble Reference Count per key is a one-of-its-kind and novel way of
analyzing hashing techniques that use more than one hash tables.

3. To reduce insertion latency, data migration cost, and insertion
failure avoidance, the concept of stash memory was proposed
by several researchers [14]–[16]. In this work, the authors no-
tice that data loss observed in Cuckoo Hashing decreases as
“MaxLoop” increases. The experimental result endorses the
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claim made by the researchers in the context of “stash mem-
ory”. Cuckoo Hashing uses two hash functions from the Fam-
ily of Universal Hash Functions. Universal hash functions by
property, always report data loss of only one key. Thus, during
the experiment, authors realize that by maintaining a high value
of “MaxLoop”, execution of the costly rehash operation may be
avoided in both versions of Cuckoo Hashing. The authors are the
first to address this issue in the context of Cuckoo Hashing to the
best of their knowledge.

2 Literature Survey on Hashing Technique

The most common practice is to use the hashing technique with some
collision resolution techniques. Some of the existing literature is dis-
cussed in Table 1 including their methodology and shortcomings. This
section also discusses the Cuckoo Hashing in detail.

Cuckoo Hashing is a nature-inspired hashing technique based on ran-
domization [17]–[19]. Cuckoo Hashing uses two tables: denoted as T1

and T2 of same or different sizes and two hash functions: H1 and H2.
If the size of the tables is the same, it is called Symmetric Cuckoo
Hashing; otherwise, it is referred to as Asymmetric Cuckoo Hashing.
The hash functions distribute the universe of keys U over T1 and T2,
respectively. A key K is stored either at T1[H1(K)] or T2[H2(K)].
Thus, retrieval of K requires two lookup operations in both tables
under the worst case. Lookup operation may be performed either in
parallel or sequential manners and, based on this, Cuckoo Hashing is
categorized as Parallel Cuckoo Hashing and Sequential Cuckoo
Hashing (further categorized as Symmetric Sequential Cuckoo Hash-
ing and Asymmetric Sequential Cuckoo Hashing, based on the size of
tables). Inventors of Cuckoo Hashing suggested a relation between the
size of tables (n) and the number of keys (R) as n ≥ (1 + ϵ)R, where
ϵ is a constant and ϵ ≥ 0 [20]–[22] in case of Symmetric Sequential
Cuckoo Hashing. In the Asymmetric version of Cuckoo Hashing, the
size of a table is kept twice the size of another table. Thus, the mem-
ory requirement in Asymmetric Sequential Cuckoo Hashing is more
than in Symmetric Sequential Cuckoo Hashing. When a collision is ob-
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served, to make room for freshly arriving keys, Cuckoo Hashing kicks
away existing keys from their places. The endless kicking-out opera-
tion can be avoided by setting a threshold on “MaxLoop”. When this
“kicking-out” operation reaches the “MaxLoop”, a rehash operation is
performed. If T1 and T2 are almost half full and hash functions, H1

and H2, are chosen from Universal Family of Hash Functions of order
(O (1) , O (logn)), then there is a probability of O( 1n) that a key (K)
is not placed in both, T1 and T2 [13], [23], [24]. Further, the inherent
challenges associated with Cuckoo Hashing are a) inefficient mem-
ory usage, b) data migration, and c) higher insertion latency
[25]–[29].

In K-ary Cuckoo Hashing (K > 2), K hash functions generate K
indices to perform lookup operations in K tables. This approach offers
worst-case lookup time and space complexity. Instead of using multiple
tables, a single table (of size K) can be logically partitioned into K

L
logical tables, and each logical table has the size of L blocks. This
modification avoids the additional costs involved in accessing the tables
that report unsuccessful lookup operations and includes only the cost
involved in key comparisons [30]. In case of collision, data migration
takes place, and it is performed up to the set value of “MaxLoop”.
Thus, the higher value of “MaxLoop” leads to high data migration
cost. Additionally, the way in which data collision is dealt with the
Cuckoo Hashing demands high insertion latency [25], [31]. All steps for
lookup and insertion operations are given in Algorithms 1 and 2.

Algorithm 1: Lookup Function

Input: key:K;
Output: If K may be found either in T1 or T2, on success it

returns K;
1 if K = T1[H1(K)] then
2 return K;

3 if K = T2[H2(K)] then
4 return K;

5 end
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Algorithm 2: Insert(K)

1 if lookup(K) then
2 return

3 loop MaxLoop times
4 if T1[H1(K)] =⊥
5 T1[H1(K)]← K;
6 return;
7 else
8 K ↔ T1[H1(K)];

9 if T2[H2(K)] =⊥
10 T2[H2(K)]← K;
11 return;
12 else
13 K ↔ T2[H2(K)];
14 end loop
15 rehash(); insert(K);
16 end

In Sequential Cuckoo Hashing, the lookup operation can be initi-
ated from any table, and the second table is only consulted when the
lookup operation is declared unsuccessful in the first table (it causes
two searching times for the same set of keys). Insertion operations in
both Parallel Cuckoo Hashing and Sequential Cuckoo Hashing are the
same [32]–[34].
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Table 1. Summary of previous works on Hashing Technique with their draw-
backs

Existing
Method

Approach Drawback

Division
Method
[35]–[37]

Based on modulo m di-
vision (m may be ei-
ther a prime number or
not)

Poor performance on randomly
chosen table size, Increased col-
lision probability, Potential for
poor performance with certain
key distributions

Mid-Square
Method [37],
[38]

Based on squaring the
key and extracting the
middle digits

Limited distribution, Biased dis-
tribution, Vulnerability to poor
choice of key, Sensitivity to table
size, Limited applicability, Diffi-
cult to handle collisions

Folding
Method [37],
[38]

Based on key segmen-
tation

Uneven distribution of keys, Sen-
sitivity to key length, Complex in
implementation, Limited appli-
cability, Difficult to handle col-
lisions, Potentially biased

Linear
Probing
[39], [40]

In the presence of col-
lision, keys are stored
at some other loca-
tions. Empty slots are
searched linearly.

Clustering issues, Performance
degradation with an increase
in load factor, Poor worst-
case, Performance of order O(n),
Achieves low load factor in a dy-
namic environment

Quadratic
Prob-
ing [41]

In the presence of col-
lision, keys are stored
at some other loca-
tions. Empty slots are
searched in a quadratic
fashion.

Suffers from secondary cluster-
ing, Dense proximity of collisions
(because of uneven key distribu-
tion)

Random
Prob-
ing [42]

In the presence of col-
lision, keys are stored
at some other loca-
tions. Empty slots are
searched randomly.

Poor worst-case performance,
Probe sequences may visit the
same set of slots

Continued on next page

137



Rajeev Ranjan Kumar Tripathi, Pradeep Kumar Singh, Sarvpal Singh

Table 1 – continued from previous page
Existing
Method

Approach Drawback

Double
Hash-
ing [43]

Uses another hash
function to deal with
data collision

Computationally complex, Chal-
lenges in selection of second hash
function, Prone to clustering,
Sensitivity to load factor, In-
creased memory overhead

Chaining
[44]–[46]

Based on linked list.
Keys are stored in a
linked list

Increased memory usage, Poor
cache performance, Difficulty in
balancing load factor, Extra
pointer overhead, Difficulty in
parallelization, Poor worst-case
performance, Difficulty in dele-
tion of keys

Coalesced
Hash-
ing [47]

Coalesced hashing is
an efficient version of
Chaining

Dynamic resizing of the hash
table is difficult, Potential for
fragmentation, Increased mem-
ory overhead, Limited applicabil-
ity, Poor worst-case performance

Cuckoo
Hash-
ing [17]–
[19], [25]–
[29]

Based on Universal
Hash Functions and
randomization. Con-
ventionally uses two
tables.

The size of tables may be either
equal or unequal with high inser-
tion latency, Inefficient memory
usage, High data migration cost

3 Work Done: Performance Analysis of Se-
quential Cuckoo Hashing under Light of
Switching Cost

The work is dedicated to estimating the switching cost which is involved
in Sequential Cuckoo Hashing. Section 3.1 raises the issue of “switching
cost” with an example of Two Shops Example. Section 3.2, sheds
light on the mathematical analysis to estimate the switching cost and
its implication on searching time. Section 3.3 predicts the data collision
that occurred in Sequential Cuckoo Hashing using bin and ball model.
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Section 3.4 deals with the hit ratio and miss ratio in tables used by
Sequential Cuckoo Hashing. Section 3.5 deals with space complexity,
and Section 3.6 deals with time complexity.

3.1 Two Shops Example

In a colony, there are two grocery shops run by Alice and Bob. Adam
is a customer of both shops and he finds 80% of his needs at Alice’s
shop. The remaining 20% of goods items are only available at Bob’s
shop. Adam knows these statistics well, and he always visits Alice’s
shop first. Sophia and Samuel are twins in the family of Adam. One
day, Adam asks Sophia and Samuel to purchase some grocery items
with the instruction that Sofia will always start purchasing from Alice’s
shop while Samuel from Bob’s shop, and at a time, only one item has
to be purchased. If an item is not found in the shop, then they have
to visit another shop. Adam provides 10 item-names to both Sophia
and Samuel one by one and starts recording the time consumed in each
transaction of Sophia and Samuel. Undoubtedly, Sophia consumes less
time than Samuel in overall transactions. This is because Sophia has
visited Alice’s shop 10 times, and only 2 times she has visited Bob’s
shop. Thus, Sophia visits both shops for each item only 1.2 times,
while Samuel consumes 1.8 shop visit per item on average.

3.2 Estimation of Switching Cost in Sequential Cuckoo
Hashing

In Parallel Cuckoo Hashing, the lookup operation is performed simul-
taneously in both tables. As Cuckoo Hashing stores keys according to
the computed hash codes, a single probe is required in searching for a
key. Thus, the time requirement of searching a key in Parallel Cuckoo
Hashing is O(max(t1, t2)) = O(1), where t1 and t2 are the searching
time consumed in the tables T1 and T2, respectively. The conceptual
view of Parallel Cuckoo Hashing is shown in Figure 1.

In the case of Sequential Cuckoo Hashing, lookup operations in
the tables are not performed in parallel but in a sequential manner.
Thus, the time requirement in searching for a key in Sequential Cuckoo
Hashing cannot beO(1). Let P1 and P2 be the probabilities of finding a
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Figure 1. Conceptual View of
Parallel Cuckoo Hashing

Figure 2. Conceptual View of Se-
quential Cuckoo Hashing

key in the tables T1 and T2, respectively. A key can be placed only on a
table. This analysis assumes that Sequential Cuckoo Hashing does not
report any data loss, and thus, P1 = (1−P2) (hit ratio of T1 = (1− miss
ratio of T2)). Sequential Cuckoo Hashing assigns the computed hash
codes to the keys, and thus, the lookup operation demands only one
probe to ensure the availability of the key in a table. Let t be the cost of
this single probe, then the estimated cost of search Tϕ1 can be computed
as P1× t+P2× (t+ t) = P1× t+2× (1−P1)× t = t× (2−P1) if lookup
operation is initiated from the table T1. If table T2 is investigated first,
then Tϕ2 = t × (2 − P2). As P1 ̸= P2, thus, Tϕ1 ̸= Tϕ2, and searching
depends on the order of lookup in Sequential Cuckoo hashing.

The conceptual view of Sequential Cuckoo hashing is shown in Fig-
ure 2. Table T2 is consulted when a miss is reported during a search of
a key K in the table T1. Transferring of control from T1 to T2 involves
additional overhead in terms of switching cost. If the universe of keys
(U) is |U| = n and the lookup operation is initiated to find all the keys
of U , in this case, the switching cost cannot be ignored while estimating
the total searching cost. To estimate the involved switching cost, this
work proposes T.R.C. (Total Reference Count), a new performance
indicator. Let the search start from Table T1, and for every key, T1 is
searched first. If this search is unsuccessful, T2 is searched then. Thus,
we can count the total number of table accesses during the search, and
it is TRCT1 = n+n×(1−P1), where TRCT1 is the total reference count
when T1 is consulted first. If T2 is consulted first, the total reference
count is TRCT2 = n+n× (1−P2). Now, we can compute the average
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TRC, which is the ratio of the total reference count to |U| = n. Now,
in the case of Sequential Cuckoo Hashing, there are two average TRC,
TRCAvgT1 = n+n×(1−P1)

n and TRCAvgT2 = n+n×(1−P2)
n when search is

started from T1 and T2, respectively. If α is the cost of a single switch,
then searching costs of the keys, TT1 and TT2 are Tϕ1 + TRCAvgT1×α
and Tϕ2+TRCAvgT2×α, respectively, when searching is initiated from
T1 and T2. Thus, TT1 and TT2 are (2−P1)×(t+α) and (2−P2)×(t+α)
for a key. Based on the above discussion, we can propose Lemma 1.

Theorem 1. Sequential Cuckoo Hashing offers two searching times for
the same set of U .

Proof. Let TT1 and TT2 be the searching cost when search operations
are initiated from the tables, T1 and T2, respectively. If probabilities
of finding a key in T1 and T2 are P1 and P2, then TT1 and TT2 are
(2 − P1) × (t + α) and (2 − P2) × (t + α), respectively. Here, t is the
cost of a single probe consumed searching for a table key, and α is the
switching cost. Thus, “Sequential Cuckoo Hashing offers two searching
times for the same set of U”. The experimental proof is shown in
Table 3. Theorem 1 endorses the claim of [32].

Lemma 1. Sequential Cuckoo Hashing offers two switching costs for
the same U .

Proof. Switching cost is estimated with the help of the average Table
Reference Count. The TRCAvgT1 = n+n×(1−P1)

n and TRCAvgT2 =
n+n×(1−P2)

n when search is started from T1 and T2, respectively as
stated above. Thus, “Sequential Cuckoo Hashing offers two switch-
ing costs for the same set of U .” The experimental proof is shown in
Table 3.

3.3 Prediction of Collision

Bin and Ball model can be used to estimate an average number of
collisions [48]. Let there be X balls and Y bins with Y > X . The X
balls are randomly thrown into the Y bins. The first ball is placed in a
bin; the remaining (X -1) balls have an equal probability of falling into
the same bin, which is 1

X . Thus, the average number of collisions with
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the first ball will be (X−1)
Y . The second ball falls into the same bin, and

the remaining (X -2) balls have an equal probability of falling into the
same bin, which is 1

X . Thus, average number of collisions, denoted as

Avgcols, with the second ball will be (X−2)
Y .

Avgcols =

(X−1)∑
i=1

i

Y
=
X (X − 1)

2Y
. (1)

The number of collisions given in Eq. 1 is used to perform the
quantitative analysis.

3.4 Hit Ratio and Miss Ratio

In Cuckoo Hashing, if the search operation in a table fails, another
table is consulted. The probability of finding a key in a table is 1

2 in
Cuckoo Hashing [49]. Hit ratio and miss ratio both affect the searching
performance of Sequential Cuckoo Hashing. Hit ratio is defined as the
ratio of “total number of keys found in a table to the number of times
a table is consulted”. Miss ratio is defined as “total number of keys not
found in the table to the total number of times a table is consulted”. A
simplified version of Cuckoo Hashing has been proposed that maintains
a single table instead of two tables, so that the probability of finding
an empty location improves. This modification significantly improves
the performance of insertion and searching cost [50]. In Sequential
Cuckoo hashing, miss ratio ̸= (1-hit ratio). This is because data
loss is observed in Sequential Symmetric Cuckoo Hashing. In this work,
Table Reference Count (T.R.C.) is used to calculate the searching
cost, and T.R.C. is the sum of all hits and misses of the tables used
in a scheme. T.R.C.

key is the ratio of T.R.C. to the total number of keys.
T.R.C.
key shows that “how many reference counts of tables are required to

search a key on an average basis?” When hashing scheme uses more
than one hash table, T.R.C.

key cannot be ignored while calculating the
searching time.
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3.5 Space Complexity

In Symmetric Sequential Cuckoo Hashing, the size of a table is main-
tained as S, and this is considered a benchmark for the rest of the tech-
niques, such as Random Probing, Quadratic Probing, and Asymmetric
Sequential Cuckoo Hashing. Thus, the space complexity of Symmetric
Sequential Cuckoo Hashing is O(2S). Random Probing and Quadratic
Probing use only one hash table; thus, the space complexity of Random
Probing and Quadratic Probing is O(S). In Asymmetric Sequential
Cuckoo Hashing, the size of one table is kept as S, while the size of an-
other table is CS, where C is a constant with value 1.1. Thus, overall
space complexity of Asymmetric Cuckoo Hashing is O(C1S), where C1

is a constant having value 2.1.

The space complexity of Asymmetric Sequential Cuckoo Hashing
and Symmetric Sequential Cuckoo Hashing is nearly equal. Though
allocation of large-sized-contiguous memory is addressed as a major
problem in the past, it is not currently considered as a major prob-
lem [50]–[53]. The load factor (λ) is a performance indicator in the
hashing technique that measures memory utilization. The λ is the ra-
tio of the total number of keys, n, to the total number of memory
locations, m, used in the hashing scheme, and thus, λ = n

m . Theoreti-
cally, λ = 1

2 in the case of Symmetric Sequential Cuckoo Hashing.

Lemma 2. Memory utilization in both Symmetric Sequential Cuckoo
Hashing and Asymmetric Sequential Cuckoo Hashing is always less
than 50%.

Proof. Space complexity of Symmetric Sequential Cuckoo Hashing and
Asymmetric Sequential Cuckoo Hashing is O(2S) and O(C1S), respec-
tively, as discussed in the Section 3.5. Let n be the total number of
keys to be stored in both Symmetric Cuckoo Hashing and Asymmet-
ric Cuckoo Hashing. As S >> n, the load factor (λ) is always less
than 0.5, and thus, the memory utilization in both Symmetric Sequen-
tial Cuckoo Hashing and Asymmetric Sequential Cuckoo Hashing is
always less than 50%.
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3.6 Time Complexity

Quadratic Probing and Random Probing do not offer the performance
of O(1), while Cuckoo Hashing offers the performance of O(1) even in
the worst case. The performance of Cuckoo Hashing is better than
the performance of Quadratic Probing and Random Probing because
it exhibits high associativity between keys and computed hash codes.

The searching time consumed in the Parallel Cuckoo Hashing is
always less than the searching time consumed in the Sequential Cuckoo
Hashing. In Sequential Cuckoo Hashing, the sequence(Si) (defined as
Ti → Tj , where j = 2 ⇐⇒ i = 1 and j = 1 ⇐⇒ i = 2) determines
the searching cost as discussed previously in Theorem 1.

Corollary 1.1. Sequential Cuckoo Hashing performs searching in O(1)
iff a predefined sequence is followed.

Proof. Let the sequence (S1) be defined as

S1 : T1 → T2. (2)

The → represents the “Search Before” relationship, and T1 → T2

tells that the search operation first takes place in the table T1 and then
in the other table T2. P1 and P2 are the probabilities of finding a key
in T1 and T2, respectively. For α denoting the cost of the single switch
from T1 to T2, the total searching cost (TT1) is (2 − P1) × (t + α),
where t is the cost of single probe consumed in searching a key in a
table. Similarly, for the sequence (S2),S2 : T2 → T1, the total searching
cost(TT2) is (2 − P2) × (t + α). Thus, searching time in Sequential
Cuckoo Hashing is O(C × (t+α)), where C is a constant having value
(2−Pi) according to the sequence Si. If the lookup operation is initiated
from a table that holds a larger number of keys, the time consumed
in Sequential Cuckoo Hashing is of order O(1). Conclusively, we can
assert “Sequential Cuckoo Hashing performs searching in a O(1) iff a
predefined sequence is followed”. The experimental proof is shown in
Table 3.
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4 Experimental Results and Discussion

This section presents a quantitative analysis of the performance of
Symmetric Sequential Cuckoo Hashing, Asymmetric Sequential Cuckoo
Hashing, Random Probing, and Quadratic Probing.

4.1 Experimental Setup and Data Structure Used

During the evaluation, this work considered a pure random dataset
from Kaggle (106 in numbers, for every scheme) [54] that possesses a
key length of 15 digits. Prototypes of Symmetric Sequential Cuckoo
Hashing, Asymmetric Sequential Cuckoo Hashing, Random Probing,
and Quadratic Probing are implemented under GCC Compiler, 11.3.0
on i7 processor of 3.40 GHz with 8 GB DRAM at Ubuntu Linux 22.04.1.
Additionally, clock() of time.h is used to record the consumed time.
During the experiment, two arrays of the same size (1000033) are im-
plemented for Symmetric Sequential Cuckoo Hashing. It is to be noted
that, Paugh and Rodler [55] recommended maintaining the size of a
table twice the size of another table for Asymmetric Sequential Cuckoo
Hashing. In the case of Asymmetric Sequential Cuckoo Hashing, the
authors maintain two arrays of size 1000033 and 1099997, respectively.
By maintaining two tables with a difference of 99, 964 in size, the au-
thors are interested in observing the impact of table size on the Data
Loss in the case of Asymmetric Sequential Cuckoo Hashing. Two hash
functions ((a ∗ key + b)%M and (key/M)%M), where M is a prime
number and a and b are constants) from the Family of Universal Hash
Functions are used to compute the hash code.

4.2 Quadratic Probing and Random Probing

Performance analysis of Random Probing and Quadratic Probing is
presented in Table 2. Data Loss, Collision Rate, Load Factor, Average
Searching Time, Insertion Latency, and Degree of Dexterity(η) are the
performance indicators. If Data Loss is ignored, Quadratic Probing
is faster than Random Probing. Random Probing better utilizes the
memory locations of the assigned hash table than Quadratic Probing.
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Table 2. Performance Analysis of Random Probing and Quadratic Probing

Parameter Scheme
Random Probing Quadratic Probing

Data Loss 35195 367520

Collision Rate 0.460054 0.301589

Load Factor 0.92011 0.60318

Average Searching Time (in seconds) 0.061441 0.031863

Insertion Latency (in seconds) 0.028302 0.041207

Degree of Dexterity(η) 11.14289 13.68557

4.3 Symmetric Sequential Cuckoo Hashing and Asym-
metric Sequential Cuckoo Hashing

In this section, performance evaluation of Symmetric Sequential Cuckoo
Hashing and Asymmetric Sequential Cuckoo Hashing is done. While
evaluating the performance of both versions of Cuckoo Hashing, the au-
thors use different performance indicators, including a) Collision Rate,
b) Hit Count and Miss Count, c) Memory Utilization, d) Data Loss, e)
Average Searching Time, f) Insertion Latency, and g)Degree of Dexter-
ity (η). During the trials, a wide range of MaxLoop (ML) values was
considered. For Symmetric Sequential Cuckoo Hashing, ML ranged
from ML = 10 to ML = 220 with an interval of 10. For Asymmetric
Sequential Cuckoo Hashing, ML ranged from ML = 10 to ML = 95
with an interval of 5. At ML = 200 and ML = 95, Symmetric Se-
quential Cuckoo Hashing and Asymmetric Sequential Cuckoo Hashing
show data loss of 1 and 0 key, respectively. No consistent effect of
ML is observed on Insertion Latency, Searching Time, and Degree of
Dexterity in the case of both Symmetric Sequential Cuckoo Hashing
and Asymmetric Sequential Cuckoo Hashing. The ML influences only
Data Loss and Memory Utilization. The ML increases, Data Loss de-
creases (up to a certain value of ML only); thus, Memory Utilization
increases. Table 3 shows the performance of Symmetric Sequential
Cuckoo Hashing and Asymmetric Sequential Cuckoo Hashing on the
various performance indicators. The claim made by [49] is not observed
in the case of Symmetric Cuckoo Hashing. The current work empha-
sizes the avoidance of execution of costly rehash operations by setting
a high value of “MaxLoop” in the case of Sequential Cuckoo Hashing.
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The authors are the first to address this issue in the context of Cuckoo
Hashing to the best of their knowledge.

4.4 Comparison of Quadratic Probing, Random Prob-
ing, Symmetric Cuckoo Hashing, and Asymmetric
Sequential Cuckoo Hashing

In terms of Average Searching Time and Data Loss, Asymmet-
ric Sequential Cuckoo Hashing is better than the rest of the three
schemes: Symmetric Sequential Cuckoo Hashing, Random Probing,
and Quadratic Probing. Memory utilization of Random Probing is the
best among all schemes. In terms of Insertion Latency, the perfor-
mance of Random Probing is better than the rest of the techniques,
as shown in Table 4. Asymmetric Sequential Cuckoo Hashing super-
sedes Symmetric Sequential Cuckoo Hashing in terms of η; however,
the Quadratic Probing shows a high value of η among all schemes.

Table 3. Performance Analysis of Symmetric Sequential Cuckoo Hashing
and Asymmetric Sequential Cuckoo Hashing

Parameter Scheme
Asymmetric Sequential Cuckoo Hashing Symmetric Sequential Cuckoo Hashing
Table1 Table2 Table1 Table2

Hit Count 343803 656197 367773 632226

Miss Count 656197 343803 632227 367773

Collision Rate 0.328087173 0.156274063 0.32 0.18

T.R.C./Key 1.656197 1.343803 1.632227 1.367773

Average Searching Time (in seconds) 0.05839825 0.045416739 0.057741409 0.0465724

Insertion Latency (in seconds) 0.074727 0.077076 0.077688 0.07855

Degree of Dexterity 7.511722983 8.163749168 7.383920558 7.992174063

Table 4. Performance Analysis of Symmetric Sequential Cuckoo Hashing,
Asymmetric Sequential Cuckoo Hashing, Random Probing and Quadratic
Probing

Parameter Scheme
Asymmetric Cuckoo Hashing Symmetric Cuckoo Hashing Probing Technique
Table1 Table2 Table1 Table2 Random Probing Quadratic Probing

Average Searching Time (in Seconds) 0.05839825 0.045416739 0.057741 0.0465724 0.0614413 0.03186265

Insertion Latency (in Seconds) 0.074727 0.077076 0.077688 0.07855 0.028302 0.041207

Degree of Dexterity (η) 7.511722983 8.163749168 7.383921 7.992174063 11.14289312 13.6855726
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5 Conclusion

Cuckoo Hashing is an excellent example of Time and Space Trade
off. The performance of Sequential Cuckoo Hashing is entirely de-
pendent on the search sequence. Data loss depends on “MaxLoop”
and data loss decreases with an increase in “MaxLoop”. By increas-
ing the “MaxLoop” threshold, the size of stash memory may be
significantly decreased. The proposed performance indicator, T.R.C.

Key ,
appears as an essential parameter to gauge the switching cost in the
hashing technique that uses more than one hash table under a single
thread model. The proposed performance indicator, Degree of Dex-
terity, quantifies average searching time and insertion latency collec-
tively. This performance indicator is well-suited for the estimation of
cost of first use of a hash table. Besides inefficient memory usage,
high insertion latency, and data migration, this paper identifies
one more challenge, high switching cost associated with Sequential
Cuckoo Hashing. Current work concludes by maintaining a high value
of “MaxLoop”, execution of costly rehash operations can be avoided in
Sequential Cuckoo Hashing.
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J. Mogill, and J. Feo, “Hashing Strategies for The Cray XMT,”
in 2010 IEEE International Symposium on Parallel & Distributed
Processing, Workshops and Phd Forum (IPDPSW), 2010, pp. 1–8.

[45] Y. Langsam, M. J. Augenstein, and A. M. Tenenbaum, Data
Structures Using C and C++, 2nd ed. New Delhi: Prentice-Hall
of India, 2009.

[46] T. H. Cormen, C. E. Leiserson, R. L. Rivest, and C. Stein, In-
troduction to Algorithms, 3rd ed. Cambridge, MA: MIT Press,
2009.

153



Rajeev Ranjan Kumar Tripathi, Pradeep Kumar Singh, Sarvpal Singh

[47] F. A. Williams, “Handling Identifies as Internal Symbols in Lan-
guage Processors,” Communications of the ACM, vol. 2, no. 6, pp.
21–24, 1959.

[48] M. Raab and A. Steger, “Balls into Bins” — A Simple and Tight
Analysis,” in Randomization and Approximation Techniques in
Computer Science, ser. Lecture Notes in Computer Science, vol.
1518, M. Luby, J. D. P. Rolim, and M. Serna, Eds. Berlin, Hei-
delberg: Springer Berlin Heidelberg, 1998, pp. 159–170.

[49] K. Rajwar, K. Deep, and S. Das, “An Exhaustive Review of The
Metaheuristic Algorithms for Search and Optimization: Taxon-
omy, Applications, and Open Challenges,” Artificial Intelligence
Review, vol. 56, p. 13187–13257, 2023.

[50] R. Kutzelnigg, “An Improved Version of Cuckoo Hashing: Aver-
age Case Analysis of Construction Cost and Search Operations,”
Math. Comput. Sci., vol. 3, no. 1, pp. 47–60, 2010.

[51] S. Park, M. Kim, and H. Y. Yeom, “GCMA: Guaranteed Con-
tiguous Memory Allocator,” IEEE Transactions on Computers,
vol. 68, no. 3, pp. 390–401, 2018.

[52] Y. Hadjadj, C. M. A. Zouaoui, N. Taleb, S. Mazari, M. El Bahri,
and M. Chikr El Mezouar, “VCMalloc: A Virtually Contiguous
Memory Allocator,” IEEE Transactions on Computers, vol. 72,
no. 12, pp. 3431–3442, 2023.

[53] C. Gong, C. Tian, Z. Wang, S. Wang, X. Wang, Q. Fu,
W. Qin, L. Qian, R. Chen, J. Qi, R. Wang, G. Zhu,
C. Yang, W. Zhang, and F. Li, “Tair-PMem: A Fully
Durable Non-Volatile Memory Database,” Proc. VLDB Endow,
vol. 15, no. 12, p. 3346–3358, aug 2022. [Online]. Available:
https://doi.org/10.14778/3554821.3554827

[54] T. Bozsolik, “Random Numbers,” 2019. [Online]. Available:
https://www.kaggle.com/dsv/816507

[55] R. Pagh and F. F. Rodler, “Cuckoo Hashing,” Journal of Algo-
rithms, vol. 51, no. 2, pp. 122–144, 2004.

154

https://doi.org/10.14778/3554821.3554827
https://www.kaggle.com/dsv/816507


Performance Analysis of Sequential Cuckoo Hashing

Rajeev Ranjan Kumar Tripathi Received May 23, 2024
Pradeep Kumar Singh, Sarvpal Singh Revised 1: June 4, 2024

Revised 2: February 12, 2025
Accepted February 26, 2025

Rajeev Ranjan Kumar Tripathi
ORCID: https://orcid.org/0000-0002-8539-6707
Institution: Madan Mohan Malaviya University of Technology, Gorakhpur
Address: Uttar Pradesh, India
E–mail: rajeevranjankumartripathi@gmail.com

Pradeep Kumar Singh
ORCID: https://orcid.org/0000-0002-4250-5264
Institution: Madan Mohan Malaviya University of Technology, Gorakhpur
Address: Uttar Pradesh, India
E–mail: topksingh@gmail.com

Sarvpal Singh
ORCID: https://orcid.org/0009-0008-1965-2064
Institution: Madan Mohan Malaviya University of Technology, Gorakhpur
Address: Uttar Pradesh, India
E–mail: singhsarvpal@gmail.com

155


	Introduction
	Literature Survey on Hashing Technique
	Work Done: Performance Analysis of Sequential Cuckoo Hashing under Light of Switching Cost
	Two Shops Example
	Estimation of Switching Cost in Sequential Cuckoo Hashing
	Prediction of Collision 
	Hit Ratio and Miss Ratio
	Space Complexity
	Time Complexity

	Experimental Results and Discussion
	Experimental Setup and Data Structure Used
	Quadratic Probing and Random Probing
	Symmetric Sequential Cuckoo Hashing and Asymmetric Sequential Cuckoo Hashing 
	Comparison of Quadratic Probing, Random Probing, Symmetric Cuckoo Hashing, and Asymmetric Sequential Cuckoo Hashing

	Conclusion

