
0278-0070 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCAD.2017.2681077, IEEE
Transactions on Computer-Aided Design of Integrated Circuits and Systems
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Abstract—It is a significant problem to efficiently identify
the frequently-occurring patterns in a given dataset, so as to
unveil the trends hidden behind the dataset. This work is
motivated by the serious demands of a high-performance in-
memory frequent-pattern mining strategy, with joint optimization
over the mining performance and system durability. While the
widely-used frequent-pattern tree (FP-tree)serves as an efficient
approach for frequent-pattern mining, its construction procedure
often makes it unfriendly for nonvolatile memories (NVMs). In
particular, the incremental construction of FP-tree could generate
many unnecessary writes to the NVM and greatly degrade the
energy efficiency, because NVM writes typically take more time
and energy than reads. To overcome the drawbacks of FP-tree
on NVMs, this paper proposesevergreen FP-tree (EvFP-tree),
which includes a lazy counterand a minimum-bit-altered (MBA)
encoding schemeto make FP-tree friendly for NVMs. The basic
idea of the lazy counter is to greatly eliminate the redundant
writes generated in FP-tree construction. On the other hand, the
MBA encoding scheme is to complement existing wear-leveling
techniques to evenly write each memory cell to extend the NVM
lifetime. As verified by experiments, EvFP-tree greatly enhances
the mining performance and system lifetime by 40.28% and
87.20% on average, respectively. And EvFP-tree reduces the
energy consumption by 50.30% on average.

Index Terms—Frequent pattern mining, FP-tree, FP-construct,
nonvolatile memories (NVMs), phase-change memory (PCM),
performance, energy efficiency, lifetime.

I. I NTRODUCTION

Machine learning and data mining are the key technologies
of data analytics, which reveal the hidden knowledge behind
data [29], [45]. In the data mining area, it is a crucial problem
to discover the frequently-occurring itemsets or patterns in a
dataset, and there are many approaches such as Apriori [4] and
frequent-pattern tree (FP-tree) [16]. While such in-memory
frequent-pattern mining approaches assume that the to-be-
mined data and the metadata structures are kept in byte-
addressable memories, the energy efficiency and persistence
could become a key design issue for the mining system,
because dynamic random-access memory (DRAM) requires
continuous energy supply to keep its data. As a result, emerg-
ing nonvolatile memories (NVMs)—such as phase-change
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memory (PCM) or spin-torque transfer random-access mem-
ory (STT-RAM)—are often considered powerful alternatives
to replace DRAM for in-memory data analytics, due to their
outstanding non-volatility and energy efficiency [38], [9],
[19]. Unfortunately, when existing data mining and machine
learning methods are used on NVMs, the mining performance
or system lifetime might seriously suffer, due to the lacking
of considerations over the special intrinsic characteristics of
NVMs [6], [10], [35], [40]. This paper is thus motivated
by making frequent pattern mining durable and efficient on
NVM-based memory/storage systems by considering their
characteristics. Our ultimate goal is to realize the ideals of
high-performance, energy-efficient in-memory data analytics,
while guaranteeing satisfactory durability of the mining mem-
ory/storage systems.

Several techniques have been proposed to find the
frequently-occurring patterns in a dataset. For example, Apri-
ori discovers the frequent patterns by candidate generation [4].
To avoid generating many candidates for frequent pattern
discovery, Han et al. propose FP-tree [16] to compact the
frequent pattern information in a space-efficient tree structure.
CFP-tree [41] is a more compact data structure than FP-tree
to further cut the space usage. There are also some work
on the adaptivity enhancement of mining tree structures, e.g.,
AFPIM [20], CATS tree [12], CanTree [23], and CP-tree [42].
However, to our best knowledge, there are few frequent-pattern
mining methods designed for NVMs up to now, and this work
aims to fill up this gap.

NVMs have become competitive alternatives to DRAM, due
to their comparable read/write performance and outstanding
static energy consumption. However, many NVMs come with
special characteristics that demand careful management to
provide satisfactory access performance or memory lifetime.
For example, as a popular NVM, PCM comes with two key
characteristics: (a) A PCM write operation takes more time
and energy than a read operation does [6], [40], [47]. How
to reduce the unnecessary PCM writes is thus crucial for the
performance [25], [44]; (b) A PCM cell wears and eventually
becomes corrupted as it is repetitively written with data [10],
[35]. It is thus necessary to equalize the writes to different
PCM cells, so as to extend the PCM lifetime [10], [35], [26]. In
summary, although NVMs are welcomed by high-performance
data analytics due to the non-volatility and energy efficiency,
existing machine learning or data mining algorithms cannot
run seamlessly on NVMs, and new management designs are
indispensable to enable durable and efficient (in terms of both
time and energy) mining for frequently-occurring patterns on
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NVMs.
This paper proposes a novel technique, namedevergreen

FP-tree (EvFP-tree), to enable durable and efficient frequent
pattern mining on NVMs. EvFP-tree consists of alazy counter
design and aminimum-bit-altered (MBA)encoding scheme
to reduce and equalize the wearing of PCM cells, so as to
enhance the mining performance and system lifetime. The lazy
counter proposes to split the frequent-pattern mining process
into two phases, so as to eliminate the redundant updates of
the support counter of FP-tree nodes and to accelerate the
mining process. On the other hand, the MBA scheme proposes
to replace classical two’s complement encoding scheme of
integers, so as to prevent the least-significant bits (LSBs) from
being quickly worn out and to extend the NVM lifetime.
Compared with previous work, the strength of this work
is that we integrate the frequent pattern mining and NVM
together to utilize the attractive property of persistent
of NVM .Please note that, although in this paper we take
PCM as an example to design the EvFP-tree, the idea to
exploit the intrinsic characteristics and operational constraints
of memory/storage media to optimize the performance, energy
efficiency, and durability of data mining or machine learning
algorithms could be generalized to other NVMs, such as the
spin torque transfer RAM (STT-RAM) [32] or resistive RAM
(ReRAM) [28], [7], [8].

To evaluate the efficacy of the proposed EvFP-tree, we
conduct a series of experiments based on publicly available
realistic traces. The obtained results show that EvFP-tree
could enhance the mining performance by 40.28% and system
lifetime by 87.20% against the existing FP-tree approach.
In addition, EvFP-tree reduces the energy consumption by
50.30% on average. (Although EvFP-tree focuses on PCM,
it can be easily extended to other NVMs. Moreover, the
design spirits of EvFP-tree are also preferred by other mining
methods.)

Our major technical contributions include:

• We proposeEvFP-treeto make frequent pattern mining
durable, efficient and more friendly for NVM-based sys-
tems, by considering the specific features of NVMs.

• In EvFP-tree, we propose a lazy counter design and
a minimum-bit altered (MBA) encoding technique to
eliminate and distribute writes evenly across NVM cells.

• We conduct experiments based on a series of realistic
traces, and the results demonstrate the effectiveness of
our technique.

The rest of this paper is organized as follows. Section II
introduces the background and motivation. Section III presents
the proposed EvFP-tree scheme. Section IV reports the exper-
imental results. Finally, we conclude this paper in Section VI.

II. BACKGROUND AND MOTIVATION

A. Frequent-pattern Mining and FP-tree

Frequent-pattern tree (FP-tree)[16] is a very important data
structure infrequent pattern growth (FP-growth)[16], which
is proposed to solve the performance bottleneck ofApriori [4].
FP-growth and Apriori are both algorithms for digging out the

Fig. 1: Classical construction of an FP-tree [16]. (a) Trans-
action 1 〈a〉 is discovered. (b) Transaction 2〈b, c, d〉 is
discovered. (c) All 14 transactions are discovered.

key trends hidden in a massive dataset in the data mining area.
By compressing the crucial information of frequent patterns
into FP-tree structure, FP-growth can eliminate the costly
candidate generation process of Apriori. The basic idea of FP-
tree is to maintain each occurred pattern in anode, and keep
a support countin the counterfield of each node to represent
how many times the pattern has occurred. All nodes in an FP-
tree are then organized in aprefix treeor a trie, where two
patterns with a common prefix will have a common ancestor
node of the corresponding nodes of the two patterns in the FP-
tree. The more the paths overlap with one another, the more
compression we can achieve using a prefix-tree structure.

To simplify the discussion on frequent-pattern mining, we
will focus on the construction of FP-tree in this work because
FP-tree is the main component of FP-growth, which is a widely
used frequent-pattern mining method and was proposed to
replace Apriori to achieve better performance on frequent-
pattern mining.

To better understand the FP-tree, we will give some
brief introduction of the definitions for FP-tree. LetI =
{I1 , I2 , · · · , Im} be a set of items.T is a transaction which
consists of several items andTID is the transaction id which
is an identifier of the transaction. A transaction database
D which consists ofT is a set of transactions. LetP =
{P1 ,P2 , · · · ,Pn} ⊆ I, wheren ∈ [1,m], be a set of items
called a pattern.P can be a subsequent itemset ofT when
a pattern contained inT . The support of a patternP in a
database is defined as the percentage of transactions inD that
containP . If a pattern frequently appears in a database and the
support of the pattern is no less than a given minimum support
thresholdfiltering threshold δ is called afrequent pattern.

Fig. 1 shows the classical construction of an FP-tree. In
the example dataset, each row represents a transaction with
its transaction ID (TID)and the associateddata items(called
itemset); and transactions come in increasing order of TIDs,
as shown in Fig. 1, the column of TID.In the beginning,
only the root node of the FP-tree exists, and the corresponding
pattern of the root node is simply an empty pattern,〈null〉. As
the first pattern〈a〉 is discovered, the corresponding node for
the pattern〈a〉 will be created since no node other than the root
node exists in the FP-tree. The support counters of the newly
created nodes are initialized to 1, since the corresponding
pattern〈a〉 has occurred for the first time (Fig. 1(a)) (modified
nodes are shadowed for clarity). Likewise, the discovery of
the pattern〈b, c, d〉 creates three new nodes for the patterns
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〈b〉, 〈b, c〉, and 〈b, c, d〉, where the support counter of each
new node is also initialized to 1 (Fig. 1(b)). The construction
then proceeds until all transactions in the dataset are scanned,
and the FP-tree after the discovery of the whole dataset is
shown in Fig. 1(c). Note that the items of a transaction will
be sorted according to the descending order of their occurrence
frequencies in the dataset before they are scanned, such ase
andf are sorted as〈f, e〉 in this example.

B. Nonvolatile Memories

Recently, byte-addressable nonvolatile memories (NVM-
s), such as spin torque transfer RAM (STT-RAM) [32],
magnetoresistive RAM (MRAM) [43], resistive RAM (R-
eRAM) [28], and phase-change memory (PCM) [6], [22],
have become promising competitors of dynamic random-
access memory (DRAM). While NVMs often provide compa-
rable read and write performance against DRAM, their non-
volatility makes them suitable for both the main memory
and storage of power-constrained computing systems, such as
smart phones and wireless sensor nodes. However, the extra
operational constraints of NVMs have created a barrier from
directly using NVMs as main memory: First, the writes to
many NVMs are often much slower (often by 7–10 times)
and consume much more energy than reads. It is therefore
preferred to minimize the writes to NVMs to simultaneously
enhance the performance, energy efficiency, and lifetime of
NVMs. On the other hand, as an NVM cell is being written,
it is gradually worn and eventually becomes corrupted. As
a result, writes across all NVM cells should be made as
even as possible (calledwear-leveling). Such characteristic
differences of NVMs often create barriers from directly using
NVMs to replace DRAM, and extra management is often
necessary to achieve acceptable performance and lifetime of
NVMs. Thus this paper proposes a technique to reduce writes
at algorithm level and prolong the lifetime when in-memory
frequent-pattern mining approaches are applied on NVMs.

C. Observations and Motivation

As observed by the example in Fig. 1, the classical FP-tree
construction process is unaware of the read/write asymmetry
and limited write endurance of NVMs when the main memory
is replaced by NVMs in a computing system. Thus, several
issues emerge when the FP-tree is created on NVMs like
PCM. To better illustrate the problem, we collect the number
of update operations in each node of FP-tree and the standard
deviation of bit write counts for each support counter.

Fig. 2(a) shows the number of update operations in each
node of chess dataset (A dataset from UCI Machine Learning
Repository [1], [2], [5], please see the details in Section IV-A).
From Fig. 2(a), it could be observed that the nodes with low
index show much more frequent update features compared
with the high-indexed nodes. This is because the tree is
constructed from the root, and the support counter of all FP-
tree nodes corresponding toany prefix of the pattern must be
updated. So the nodes close to the root of the FP-tree will be
frequently updated and keep larger counters compared with
the others. As a result, it could seriously shorten the lifetime

of NVM because of the great difference in the number of
update operations among nodes in FP-tree. Moreover, writes
to NVMs are often significantly slower than reads, repetitively
updating the counters of FP-tree nodes is inefficient.

Fig. 2(b) shows the standard deviation of bit write counts
for each support counter of chess dataset. It also exhibits the
similar trend with the update operations that the FP-tree nodes
with smaller index numbers often have the higher standard
deviations of write counts. This is because that the nodes with
smaller index numbers often have the larger support counter.
With the classical two’s complement, every increment opera-
tions will lead to the flip of the LSBs. In contrast, the MSBs
are rarely flipped compared with the LSBs. This imbalance
writes to NVM could also deteriorate it’s endurance. Although
existing wear-leveling techniques equally utilize the PCM
words, they cannot effectively alleviate the biased wearing of
bits/cells of the same PCM word. Moreover, although existing
encoding schemes like the straight ring counter andJohnson
counter [33] could replace the classical two’s complement
representation to equalize the wearing of bits/cells in a counter,
the relative space efficiency is considerably harmed by 25%–
50% (See Section III-C).

This work is motivated by the serious demand of a durable
and efficient mining strategy for the frequently-occurring
patterns in a dataset when the to-be-mined data are kept in
NVM for in-memory data analytics. To do this, we propose
promising solutions to frequent pattern mining problems for
NVM-based computing systems, with the considerations over
the read/write asymmetry and write endurance issues of NVM-
s. The technical problem is how to reduce the number of writes
to NVMs because NVMs usually have better performance on
reads, compared to writes. Another technical problem falls on
how to minimize the number of bit flips on updating pattern
counters and even out the bit flips of NVM cells for the
discovery of frequent patterns. This work takes the FP-tree
construction over PCM for example to demonstrate how our
designs reduce writes, minimize the number of bit flips, and
evenly distribute bit alterations/flips during the construction
of frequent patterns. This is because FP-growth with FP-
tree are widely adopted in frequent pattern mining and PCM
is a popular alternative to replace DRAM as main memory
especially when the latest 3D XPoint jointly released by Intel
and Micron could be a way to realize PCM products. Besides,
frequent pattern mining methods (including FP-tree) usually
have the same problems over NVM-based systems, and the
designs proposed in this paper could be easily extended to
other mining methods.

III. E VERGREENFP-TREE

A. Overview

This section presents theevergreen FP-tree (EvFP-tree), which
makes FP-tree friendly for NVMs. In EvFP-tree, we propose
a novel construction strategy calledlazy counterfor FP-trees
to greatly reduce the number of write operations generated
during the tree construction process (Section III-B). To prevent
the support counter field of FP-tree nodes from being worn
out quickly, we also propose aminimum-bit-altered (MBA)
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(a) Thechessdataset (δ = 0.1).

(b) Thechessdataset (δ = 0.1).

Fig. 2: Reduction of write operations and the standard devia-
tion of bit write counts of each node in the FP-tree

encodingto evenly distribute the writes to NVM bits/cells
in the same counter (Section III-C). Moreover, we proposed
how to efficiently organize and manage the (potentially many)
children of the same FP-tree node.

B. Lazy Counter

This section presents thelazy counter, an effective two-phase
construction strategy of FP-trees to reduce the writes to the
PCM (See Fig. 1). In order to minimize the unnecessary writes,
as a transaction is scanned, not the counter of every FP-tree
node along the path between the root node and the node of
the whole transaction (whose data items are sorted according
to the descending order of their occurrence frequencies) is
updated. Instead, only the counter of the FP-tree node of the
whole transaction is updated. Once all transactions have been
scanned, a linear-timesummarizingprocess is carried out in
a depth-first fashion, where the counter of each FP-tree node
is updated as the sum of the counter of the node itself and
the counter of all child nodes. After the summarizing process,
the counter of each FP-tree node is fixed as the number
of occurrences of the corresponding pattern of the FP-tree
node, as in the original FP-tree design. This is based on the
observation thatthe support counter of a nonleaf node is the
sum of the support counter of all offspring nodes and that
of itself before the summarization. With the lazy counter, the
scanning of each transaction would modify the support counter
of exactly one FP-tree node. After that, the summarization
process would modify the support counter of each FP-tree
node for at most once. In contrast, with existing FP-tree
approach, scanning a transaction withn items would modify
the support counter of exactlyn FP-tree nodes. As can be
observed, the number of overall counter modifications (in both
phases) with the lazy counter technique is always less than

Fig. 3: Lazy counter and two-phase FP-tree construction strat-
egy. (a) Classical construction of FP-tree. (b) The proposed
construction strategy. (c) The FP-tree before summarizing. (d)
Summarizing process.

that (in one phase) without the lazy counter technique. Note
that such a performance difference will be exaggerated when
transactions with many data items exist in the dataset.

In order to better clarify the lazy counter and two-phase
construction of FP-trees, let us consider the dataset in Fig. 1
again. When a pattern is discovered for the first time, such as
Transactions 2〈b, c, d〉, three corresponding FP-tree nodes will
be created for the itemsets〈b〉, 〈b, c〉, and〈b, c, d〉 respectively,
as in the classical FP-tree construction process. However, with
the classical FP-tree construction process, the support counter
of all three FP-tree nodes will be written as 1 (See Fig. 3(a)).
However, with the proposed lazy counter technique, only the
support counter of the node for the itemset of the whole
transaction〈b, c, d〉 is written to 1, leaving the support counters
of the other three nodes as 0(See Line 8 of Algorithm 1 and
Fig. 3(b)). Likewise, when a pattern has been discovered, it
will have a corresponding node in the FP-tree. For example, as
Transaction 11 is scanned, each of the three prefixes〈b〉, 〈b, c〉,
and〈b, c, d〉 already had a corresponding FP-tree node. In the
classical FP-tree construction process, the support counter of
all three nodes〈b〉, 〈b, c〉, and 〈b, c, d〉 will be modified. In
contrast, with the lazy counter technique, only the counter of
the node〈b, c, d〉 is modified(See Line 6 of Algorithm 1).

Once all transactions in the dataset have been scanned, a
depth-first summarizing process is carried out to update the
value of the support counter of each FP-tree node to the
number of occurrences of the corresponding pattern in the
dataset(See Lines 11–15 of Algorithm 1 and Fig. 3(c), where
arrow symbol represents the summarized process).In the
summarizing process, a depth-first traversal is carried out on
the FP-tree, and the support counter of each traversed FP-tree
node is updated as the sum of (a) the current counter value
of the traversed node, as well as (b) the counter value of all
children of the traversed node. For example, to summarize the
counter of the node〈f〉, we add the counters of all its child
nodes, i.e., the counter of nodes〈f, e〉 (= 1) and〈f, g〉 (= 2),
to the counter of the parent node〈f〉 (= 3). The counter of the
FP-tree node〈f〉 is thus fixed as3 + 1+ 2 = 6 (See Line 15
of Algorithm 1 and Fig. 3(d)). Detailed algorithm is shown
as in Algorithm 1.Lines 1–10 of Algorithm 1 show the first
learning phase, and Lines 11–15 of Algorithm 1 show the
second summarized phase. Lines 5–6 of Algorithm 1 show
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Algorithm 1 EvFP-tree with lazy counter.

Input: DatasetD ; item list L sorted in descending order of appear-
ance frequency of items.

Output: EvFP-treeT of the datasetD .

1: Create an EvFP-treeT with a root node labelednull.
2: for each transactionx ∈ D {p and ℓ are the first and the

remaining items ofx, respectively.N is the node in EvFP-tree.}
do

3: for each itemp ∈ [p|ℓ] do
4: if ℓ = null then
5: if N.itemset = p.itemset then
6: p.counter++;
7: else
8: Create a new nodeN with N.counter = 1;
9: else

10: Create a new nodeN with N.counter = 0;
11: ProcedureEvFPtree summarize(N).
12: if nodeN 6= null then
13: for each child nodeNc of nodeN do
14: Call EvFPtree summarize(Nc);
15: N.counter+=

∑
∀children Nc of N

Nc.counter ;

the modification of the support counter of exist nodes in
EvFP-tree. Lines 7–10 of Algorithm 1 show the creation
of new nodes.

Although the design of the lazy counter seems straightfor-
ward, its main idea can be extended to many other problems in
diversified application domains. By relaxing an online problem
to an offline one, we can have multiple inputs of the problem,
instead of only one, at a time. As a result, one might be able to
exploit the bulk information provided by the multiple inputs
to optimize the algorithms that solve the problem. For our
lazy counter design, by summarizing the support counters after
processing the whole dataset (or just a part of it), the update
costs of the PCM can be reduced, and the mining performance
can be enhanced. In another example, a key can be inserted to
or deleted from a red–black search tree withn keys inO(lg n)
time in the worst case. However, it is shown thatk consecutive
keys can be inserted to or deleted from a red–black tree with
n keys in justO(k+lg n) time in the worst case, by exploiting
the characteristics of red–black tree and the bulk information
given by the multiple sequential keys [37]. Although the idea
to exploit the bulk information provided by multiple inputs
for performance optimization is straightforward, it remains an
interesting problem on how to realize the idea on a given
online algorithm in a practical fashion.

C. Minimum-bit-altered (MBA) Encoding

To evenly distribute the writes over the bits/cells in the
same word, we propose a novel scheme calledminimum-bit-
altered (MBA) encoding that can be incorporated into the
support counter of FP-tree nodes. As TABLE I shows, the
proposed MBA encoding scheme (shown as the bottommost
row) perfectly equalizes the wearing of each bit of the counter,
where each bit/cell is flipped for exactly four times as the
counter is increased from 0 to 15 then back to 0. Although
the MBA encoding scheme is a special case of Gray Code, it
addresses a different key design problem to evenly distribute

the bit writes in the same PCM word, so as to prolong the
PCM lifetime. And the MBA is restricted to one points: Each
bit/cell of the counter is flipped for exactly four times as the
counter is increased.

Although the proposed construction strategy, EvFP-tree,
effectively eliminates unnecessary updates to the counters of
the FP-tree nodes, the imbalanced wearing of cells/bits still
needs to be solved. If the counters of FP-tree nodes use clas-
sical binary encoding, the LSBs will be modified much more
frequently and could be worn out much earlier than the other
bits [27]. For example, the least significant bit of a counter will
be flipped every time when the counter is increased. Moreover,
the number of bits updated by an increment operation could be
unpredictably large, due to the propagation of carry bits [27].
For example, when a counter1510 = 000011112 is increased,
five bits of the counter must be altered, turning the value
of the counter into1610 = 000100002 (the altered bits are
underlined). Thus, the time to update a counter could be
unpredictably long, and the system performance is harmed.
However, in the MBA encoding scheme, at most one bit is
updated to update a counter. And most importantly, the bit flip
in each update operation is in different location with MBA. In
this way, the huge gap in the number of writes between LSBs
and MSBs can be reduced.

There have been existing counter encoding schemes that
reduce the number of bits altered as the counter is increased.
In particular, a straight ring counter [30], [33] and aJohnson
counter [30], [33] alter only two bits and one bit as the
counter is increased, respectively. (We assume thatselected bit
writing [46] is available to avoid writing the unmodified bits
to reduce unnecessary wearing of PCM cells.) However, for a
four-bit counter, a straight ring counter and aJohnson counter
can represent only four and eight different states/values, re-
spectively, whereas the two’s complement representation can
hold 24 = 16 states/values. As a result, the straight ring
counter andJohnson counter could lead to considerable
relative space wastes of2/4 = 50% and (4 − 3)/4 = 25%,
respectively, because more bits/cells are needed to hold the
same range of the counter values as with classical binary
encoding. When the counter length is long, such a considerable
waste of PCM space could be unacceptable, and new, space-
efficient encoding schemes are needed.

To summarize, the proposed MBA encoding scheme ex-
hibits the advantages of straight ring orJohnson counter,
but is still optimal in terms of space efficiency. For counters
with more bits in MBA, such as 16 or 32 bits, the counter
can be split into multiple nibbles (i.e.,half bytes), where each
nibble is a standalone digit that stores a hexadecimal value.
When a lower digit overflows, the next higher digit will be
updated. As a result, a 32-bit counter can hold eight nibbles
and represent a value between 0 and(232 − 1), just like the
two’s complement scheme. In the worst case, the number of
bit alterations on each increment operation of the counter is
reduced from32 (with classical binary encoding scheme) to
8 (with the proposed encoding scheme). Table II shows an
example of the proposed binary encoding scheme, it can be
observed that a 16-bit counter with the MBA encoding scheme
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TABLE I: Comparison of the counter encoding schemes with modified bits being underlined.

Decimal value 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

2’s complement 0000 0001 0010 0011 0100 0101 0110 0111 1000 1001 1010 1011 1100 1101 1110 1111

Straight ring 0000 0001 0010 0100 1000 — — — — — — — — — — —

Johnson 0000 0001 0011 0111 1111 1110 1100 1000 — — — — — — — —

MBA 0000 0001 0011 0010 0110 0111 1111 1011 1001 1101 0101 0100 1100 1110 1010 1000

TABLE II: A 16-bit counter in the MBA encoding.

Decimal MBA encoding # Altered Bits

0 0000 0000 0000 0000 4
1 0000 0000 0000 0001 1
2 0000 0000 0000 0011 1

· · · · · · · · ·
15 0000 0000 0000 1000 1
16 0000 0000 00010000 2
· · · · · · · · ·

65,535 1000 1000 1000 1000 1

stores a counter value up to(216 − 1), and at most four bits
(reduced from16 with the classical two’s complement scheme)
are altered in each increment operation.

When the depth-first summarizing is done to fix the value
of the counter of each FP-tree node, an issue might arise that
addition cannot be directly done with the proposed encoding
scheme. This could be easily solved by storing a small table
in a preserved area of PCM or in ROM to keep the mapping
between classical binary encoding and the proposed MBA
encoding. Because we use a nibble to keep a hexadecimal
digit, only 16 entries are needed to store the mapping table.
To avoid extra reads to PCM during the depth-first summa-
rizing process, this small mapping table could be loaded into
SRAM-based registers of the memory controller on device.
Alternatively, special hardware, such asapplication-specific
integrated circuits, can be included in the device to further
reduce the overheads of increment and add operations of the
counters in our MBA encoding scheme.

Although there are a number of excellent wear-leveling
techniques proposed for PCM [10], [35], the MBA scheme
is still necessary to ensure a reasonable PCM lifetime. This
is because that existing PCM wear-leveling techniques only
emphasize the equalized wearing of different PCM words or
bytes; they do not focus on how to equalize the wearing of
different cells/bits in the same PCM word. As the proposed M-
BA scheme tries to equalize the wearing of different cells/bits
in the same PCM word, it fills the gap ofintra-word wear-
leveling, and can be orthogonally used with existinginter-word
wear-levelingtechniques to maximize the PCM lifetime and
to minimize the wear-leveling overheads.

D. Implementation Remarks: Expansion of FP-tree Nodes

As an FP-tree is constructed, a time-costlynode expansion
operation might be triggered to increase the number of child
node-links of an FP-tree node, so as to accommodate the newly
discovered patterns. Due to the slow write speed and limited
capacity of PCM, the node expansion shall be efficient in terms

of both time and space. This section presents how to expand
an FP-tree node to maintain the structure of an FP-tree.

In our proposed FP-tree node design, each node has four
fields, namely:

• The key k that represents the corresponding pattern of
the FP-tree node.

• A node-linkp to the parent FP-tree node.
• A node-link f to its first child FP-tree node.
• A pointer v to theoverflow chainthat refers to an array

of node-links to child FP-tree nodes. (See the explanation
below for details.)

• A counter c that keeps the support count of the corre-
sponding pattern of the FP-tree node.

As an FP-tree node is first allocated, its node-linkp will be
initialized to the parent of the newly created FP-tree node.
(Since the root of an FP-tree always refers to the pattern
<null{}>, we can safely claim that the node-link of a newly-
created FP-tree node always refers to a valid FP-tree node.)
The node-linksf and v are initialized to−1, indicating that
there is currently no children of the FP-tree node. In the
meantime, the counterc is then initialized to1, indicating
that the first support of the pattern is just encountered.

After a new FP-tree node is successfully allocated and
initiated, the child node-link of its parent node must be updated
to refer to the new node as well. In particular, an empty
child node-link will be used to refer to the new FP-tree node.
However, if the parent FP-tree node does not have any free
child node-links available and its overflow chain pointerv is
unused (= −1), an overflow structurewith an overflow chain
pointerv and an arrayA with three child node-linksA[0], A[1],
andA[2] will be allocated. As in an FP-tree node, the overflow
chain pointerv of the newly-allocated overflow structure is
initialized to −1. The first free entryA[0] is then used to
store the node-link to the new child node, while the remaining
node-linksA[1] andA[2] are initialized to−1, waiting for the
allocation of subsequent child nodes. Once all three node-links
A[0], A[1], andA[2] are used and yet another new child node
needs to be inserted, an overflow structure with one overflow
chain pointer and seven child node-links will be allocated in
PCM. In general, suppose that a new child node is inserted
to the FP-tree, and its parent node does not have any free
child node-links. If the last overflow structure of the overflow
chain of the parent node has(2k − 1) child node-links, a new
overflow structure with(2k+1 − 1) child node-links will be
allocated. Because the overflow chain pointerv is of the same
size as a child node-link, the overflow structures are of the
size of exponential of two, i.e., 2, 4, 8, . . . node-links, and the
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(a) (b) (c) (d)

(e) (f)

Fig. 4: The expansion procedure of a node: (a) Pattern
<a> discovered. (b) Pattern<a, b> discovered. (c) Pattern
<a, c> discovered. (d) Patterns<a, f> discovered. (e) Pat-
terns<a, d> and<a, e> discovered. (f) After flattening the
overflow chain. Shaded fields are child node-links in nodes
or overflow structures. Irrelevant fields to the node expansion,
such as the support count, are omitted for clarity.

TABLE III: Example for node expansion.

TID Data items TID Data items TID Data items

1 <a> 3 <a, c> 5 <a, d>
2 <a, b> 4 <a, f> 6 <a, e>

space allocation of overflow structures can be easily realized
by a buddy system.

In some application scenarios, an FP-tree node could expand
seriously and have a considerable number of child nodes. In
this case, the traversal overheads of the child node-links of
the FP-tree during the depth-first summarizing process or min-
ing process of the FP-tree might be unacceptably amplified.
Thus, when the number of child node-links grows beyond a
predetermined threshold2h, we can “flatten” the child node-
links of all existing overflow structures into a single overflow
structure with an array of(2h − 1) node-links, where all but
one (that has the smallest key) of the node-links are sorted by
the ascending order of the key. As a result, binary searches
can be applied to locate the to-be-traversed key in all but one
of the child node-links of the same FP-tree node. Note that
the threshold is set as an exponential of two to conform to
the space allocation manner of a buddy system. To see how a
node of FP-tree expands to accommodate more child nodes,
an example is shown as in Table III and Figure 4.

IV. EVALUATION STUDIES

This section evaluates the efficacy of the proposed EvFP-tree
on PCM, a popular flavor of NVMs. In particular, Section IV-A
presents the experimental settings and the publicly-available
datasets used throughout the experiments. After that, the
experimental results in terms of the mining overheads and the
memory lifetime are presented and discussed in Section IV-B.

TABLE IV: Characteristics of datasets for the experiments.

Max. Avg.
Dataset # Trans. # Items Tran. Tran. Size

Leng. Leng. (MB)

T10I4D100K 100,000 870 29 10.10 4.00
T40I10D100K 100,000 942 77 39.61 15.5
chess 3,196 75 37 37.00 0.34
mushroom 8,124 119 23 23.00 0.57
pumsb∗ 49,046 2,088 63 50.48 11.3
connect 67,557 129 43 43.00 9.3
pumsb 49,046 2,113 74 74.00 16.7
accidents 340,183 468 51 33.81 35.5
C73D10 10,000 1592 73 73 3.2
C20D10 2000 174 20 20 0.16

A. Experimental Setup

1) Experimental Environments and Configurations:To e-
valuate the effective of the proposed EvFP-tree technique, we
conducted a series of trace-driven simulation on a workstation
featured with two CPUs clocked at 2.6 GHz and 64 GB
DRAM, and the system is running RedHat 6.0 with kernel
version 2.6.3. According to [18], the latencies of read, write,
and reset operations of PCM are set to 6.82 ns, 152.20 ns,
and 12.20 ns, respectively. Besides, the energy consumption
of read, wirte, and reset operations of PCM are set to 0.064 nJ,
0.07 nJ, and 0.876nJ, respectively. To fairly assess the efficacy
of EvFP-tree, we assume that there is a four-way associative
cache [21], [34], [39] and the cache size ranges from 4 KB to
32 KB, which is managed with the least-recently-used (LRU)
replacement policy. The size of each cache line is set to
64 bytes. For the experiments for the MBA encoding scheme,
we assumed that there is an SRAM table to facilitate efficient
conversion between MBA encoding and two’s complement
encoding. To fairly evaluate the overheads incurred by the
table lookup, we assume that the read and write latencies of
the SRAM table are both 1.41 ns, and energy consumption of
the SRAM table is 0.004nJ [18].

In the experiments, we selected two synthetic sparse datasets
T10I4D100K and T40I10D100Kfrom IBM Almaden Quest
research group [1].(A dataset is called “sparse” if it contains
few high-frequency itemsets, and called “dense” otherwise.)
In addition, to present the realistic scenario, we chose five
realistic dense datasetschess, mushroom, pumsb∗, andconnect
from UCI Machine Learning Repository [1], [2], [5], a realistic
dense datasetaccidentsfrom Karolien Geurts [1], [15], and
two dense datasetsC73D10 and C20D10 from the PUMS
Kansas 1990 census data [3]. For convenience, the basic
properties of each dataset are given by Table IV, where “#
Trans.” and “# Items” are the numbers of transactions and
distinct data items in the dataset, respectively. The fields
“Max. Tran. Leng.” and “Avg. Tran. Leng.” indicate the
maximum and average length of the transactions in the dataset,
respectively. Last but not least, the rightmost field indicates the
file size of each dataset in megabytes. Here, please note that
the performance benefits of the lazy counter design could be
potentially magnified as the FP-tree grows higher, while the
efficacy of the MBA encoding scheme is not seriously affected
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by the dataset size. Thus, the datasets we used are reasonably
large for the evaluation of the performance and durability of
the proposed EvFP-tree.

To properly assess the enhancement of the proposed
schemes in terms of write reduction and bit-level wear-leveling
effects, all items with occurrence probability less than a
filtering thresholdδ = 0.1 will be removed before the FP-
tree is constructed. However, since the datasetT10I4D100K
contains only few high-frequency data items with occurrence
frequency higher than 0.1,δ is set to 0.01 for this dataset.
Moreover,δ is set to 0.2 for the datasetaccidentsandδ is set
to 0 for the datasetC20D10.

2) Evaluation Metrics: We evaluated the proposed lazy
counter and MBA encoding with the following metrics:

• Number of read and update operations of FP-tree
nodes: The objective of the proposed FP-tree construction
strategy is to reduce the unnecessary writes to PCM
to repetitively increase the support counters in pattern
recovery. To evaluate the efficacy of lazy counter (and
rule out the effects of MBA scheme), the number of
nodes being read and that being written are reported (See
Figs. 5–6 and the accompanying explanations for details).

• Maximum/average read/write counts of PCM cells:
The objective of the proposed counter encoding scheme
is to equalize the wear of each bit in a counter. With
the differential write feature [46], which means that a
PCM cell is written only when its content is changed,
we calculate the average write count of every PCM cell
to examine the write traffic reduction to the PCM. In
the meantime, the maximum write count among all PCM
cells is reported to examine the lifetime and durability of
the PCM for frequent pattern mining (Figs. 7–8).

• The standard deviation of bit write counts of every
node: To observe the distribution of write activities over
each FP-tree node, we calculate and plot the standard
deviation of the bit write counts for each support counter,
so as to see how fast the corresponding PCM cells will
wear out (Fig. 9).

• Total execution time, total energy consumption, and
PCM lifetime : To fairly evaluate the mining perfor-
mance, we included all memory-access overheads to de-
rive the time and energy consumption needed to process
each dataset. In addition, assuming that PCM lifetime is
106 writes, we repeated the datasets and estimated the
number of transactions sustained before any PCM cell
reaches its write lifetime (Figs. 10–12).

B. Experimental Results

1) Reduction of Read and Update Operations of FP-tree
Nodes: In this section, the effects of the reduction of read
and update operations ofFP-tree nodesgenerated during the
FP-tree construction will be evaluated. Because the MBA
scheme only affects the read and update operations ofmemory
cells/bits, the results presented in this section reflect the effects
of only the proposed lazy counter design. Figs. 5 and 6 show
the total number of read and update operations of FP-tree
nodes, respectively. The x-axis shows the cache size range

from 4 KB to 32 KB for each dataset. Here, the read operations
are due to the traversal of FP-tree structure and lookup of
FP-tree nodes, while the update operations are due to the
creation of FP-tree nodes and the updating of support counter
of FP-tree nodes. From Figs. 5 and 6, it could be observed
that EvFP-tree could considerably reduce the number of node
update operations generated during the construction of FP-tree,
because the lazy counter removes all unnecessary node updates
by postponing the summarizing of support counters until the
whole dataset is scanned. Moreover, the read operations are
also reduced because a read operation must be carried out
before an FP-tree node can be taken into the buffer for updates.
While the write operations are reduced by the proposed lazy
counter, so are the read ones. By varying the cache size, we
observe that all datasets present a similar trend in reducing
read and write operations. As expected, a smaller cache size
lead to more read and write operations. Due to the good
locality in dense datasets, it can get good performance with a
small cache size. There is no big difference in big cache size
compared with small cache size.

2) Durability Enhancement of the NVM for Frequent-
pattern Mining: This section evaluates the durability enhance-
ment effects of the PCM for frequent-pattern mining. To do
this, we evaluated the average and maximum number of write
operations to the PCM cells. While both the lazy counter and
MBA encoding scheme could help reduce the number of write
operations, only the MBA scheme equalizes the writes across
different PCM cells. The experimental results presented in this
section reflect the overall efficacy of durability enhancement
of the whole EvFP-tree design, including the lazy counter and
the MBA scheme.

Fig. 7 shows the maximum write count among all PCM
cells after the mining process of each dataset is completed.
To clearly show the effects of the proposed MBA scheme,
we assumed that no wear-leveling strategy is used. (Please
note that, although various wear-leveling techniques could
be adopted to extend the PCM lifetime, our proposal of the
MBA encoding scheme can accompany existing wear-leveling
techniques to alleviate the performance overheads of data
moving or space allocation.) In Fig. 7, it could be observed
that EvFP-tree could reduce the maximum bit write counts
by up to 98 times (occurred on theaccidentsdataset). Thus,
if EvFP-tree is used, existing wear-leveling techniques can
be less aggressive in data moving and less careful in space
allocation, which further reduces the performance overheads.
As compared to the results of average bit write count in
Fig. 8, the relative reduction of average bit write count is
significantly less than that of the maximum bit write count
on certain datasets, such aschessand accidents, but not on
other datasets, such asconnectandpumsb∗. This is due to the
different distribution of frequent itemsets in different datasets:
For the datasets with some very frequent itemsets, the support
counter of the corresponding FP-tree nodes of the frequent
itemsets will be repetitively updated, thereby increasing the
maximum bit write count. In contrast, if all itemsets are rare
in the dataset, the effectiveness of EvFP-tree will be degraded,
resulting in two phenomena:
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Fig. 5: Reduction of read operations of the counter.

Fig. 6: Reduction of update operations of the counter.

• The relative reduction of the maximum bit write count of
EvFP-tree against classical FP-tree scheme is smaller.

• The difference between the relative reduction of the
average bit write count of EvFP-tree and that of the
maximum bit write count is minor as well.

While the average and maximum bit write counts could
provide an overall evaluation of the efficacy of EvFP-tree, it
would be interesting to observe the standard deviation of the
write count of the PCM cells/bits in each support counter. As
shown in Fig. 9(a)–(j), the EvFP-tree (shown in the left part of
each subfigure) has much lower standard deviation of bit write
counts than the classical FP-tree design (shown in the right part
of each subfigure) in most of the datasets. What worths noting
is that the relative reduction of the standard deviation is most
noticeable for FP-tree nodes with high standard deviation and
low index. This is because the FP-tree is constructed from the
root, and the low-indexed nodes that are generated early would
be the shallow nodes close to the root of the FP-tree. When
subsequent itemsets are being mined, the shallow, low-indexed
FP-tree nodes would be more frequently updated, resulting in
excessive skewed bit writes to the PCM cells of such nodes.
In contrast, the standard deviations of write counts are much
more even with the proposed EvFP-tree construction strate-
gy. Because our proposed lazy counter construction strategy
effectively eliminates unnecessary increments to the support
counters, and the proposed MBA scheme could equalize the
updates to different bits in the support counters of FP-tree
nodes, the standard deviations of the bit-level write counters
could be greatly reduced.

3) Enhancement of the Overall Mining Performance:To
evaluate the overall mining performance of EvFP-tree, the total

time and total energy consumption to process each dataset is
calculated and shown in Fig. 10 and Fig. 11, respectively. From
the figure, it can be observed that EvFP-tree can reduce the
total processing time of each dataset by 40.28% on average
when cache size is 4 KB. And the total energy consumption of
each dataset can be reduced by 50.30% on average when cache
size is 4 KB. Moreover, the effect of relative reduction of total
process time is better for dense datasets (such asMushroom
andPumsb∗), because both the lazy counter and MBA scheme
are more effective for write reduction and bit-level wear-
leveling on frequently occurring itemsets, respectively.

In addition, to evaluate the benefits of our strategies on
lifetime, we repetitively process each dataset until any PCM
cell is worn out, and observe the number of transactions
sustained before a PCM cell reaches its lifetime threshold,
i.e., 106 writes. With the proposed EvFP-tree and classical
FP-tree respectively, the PCM lifetime in terms of the number
of sustained transactions before any PCM cell becomes worn
out is shown in Fig. 12. Results show that our strategy can
improve the number of sustained transactions by 87.20% on
average when cache size is 4 KB.

V. RELATED WORK

Apriori is one of the earliest methods to discover the
frequently-occurring patterns in a dataset [4]. However, it often
suffers from serious space overheads due to the generation of
candidate patterns. To solve the problem of Apriori, many
algorithms have been proposed. For instance, the proposal
of frequent pattern tree (FP-tree) by Han et al. [16] solves
the bottleneck of Apriori through compressing the crucial
information of frequent patterns into a compact tree structure.
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Fig. 7: The maximum bit write count among all PCM cells.

Fig. 8: The average bit write count of PCM cells.

In this way, as a database is processed for frequent-pattern
mining, it needs to be scanned for only two rounds, which
is much more efficient than Apriori. Another good news is
that the generation of candidates of frequent patterns is no
longer needed because the candidates can now be maintained
in a space-efficient prefix-tree structure. The improvements on
FP-tree can be divided into two major categories as follows.

Compact tree structure: CFP-Tree [41] and nonordfp [36]
concentrate on the construction of a more compact data
structure than FP-tree so as to save space. CFP-Tree keeps
the count of the node in a count array. All subtrees which
share items of the root of the FP-Tree are combined together
and move to the leftmost branch in CFP-Tree. So the number
of nodes in a CFP-tree could be reduced by up to half as
many as in an FP-tree. In nonordfp, the nodes are stored in
an array, node pointers are indices to this array. Nodes that
have the same item identifier are stored in a continuous part
of this array without storing the item identifiers in the node.
As the trie only traversed from the bottom to the top and never
searched, each node contains a counter and a pointer to the
parent and cut out the child maps in nonordfp. As a result, the
nonordfp is a more compact data structure than FP-tree.

Incremental mining: There are also lots of algorithms that
focus to improve the adaptiveness of the tree structure in
dynamical databases. CATS tree [12] can insert and delete
the transactions efficiently when the database dynamically
changed. It can also mine the frequent patterns with differ-
ent supports without rebuilding the tree structure. But every
insertion or deletion of the transaction, CATS tree need to
rearrange the order of the nodes in the tree. AFPIM [20],

EFPIM [24], FUFP-tree [17], and CP-tree [42] algorithms
perform incremental mining mainly by adjusting the tree
structure. But these approaches require two database scans
for both the original and incremented portions. CanTree [23]
addresses the drawbacks and requires only one scan of the
original database and incremented portions. CanTree keeps
information of the whole transaction database according to
some canonical order. Thus, it is easy to update the CanTree
structure for incremental mining. BIT [31] algorithm merge
two small consecutive duration FP-trees to form a complete
FP-tree structure. But this approach is very complicated and
lead to process overhead.

However, the design of these algorithms do not consider the
characteristics of the emerging NVMs. Due to the attractive
property of persistent, there are many studies aim at rethinking
database algorithms design for NVM recent years. Chen et
al. [11] propose to improve the performance for two common
database algorithms, B+-tree and hash joins, while they are
applied in PCM. They employ unsorted leaf nodes to reduce
memory writes caused by sorting nodes. To address the issues
in [11], Chi et al. propose three different schemes, sub-
balanced unsorted node scheme, overflow node scheme, and
merging factor scheme to efficiently reduce the write accesses
to PCM [13]. Choi et al. propose PB+-tree [14] by separating
a node to two area and making the size of one area smaller
than the other to reduce sort operations. They also find a way
to dynamically change the location of the counter to reduce
the write operations. These techniques make the database
algorithms on NVM more friendly.

However, with our best knowledge, there is still no work



0278-0070 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCAD.2017.2681077, IEEE
Transactions on Computer-Aided Design of Integrated Circuits and Systems

(a) TheT10I4D100K dataset (δ = 0.01). (b) TheT40I10D100Kdataset (δ = 0.1).

(c) Thechessdataset (δ = 0.1). (d) Themushroomdataset (δ = 0.1).

(e) Thepumsb∗ dataset (δ = 0.1). (f) The connectdataset (δ = 0.1).

(g) Thepumsbdataset (δ = 0.1). (h) Theaccidentsdataset (δ = 0.2).

(i) The C73D10dataset (δ = 0.1). (j) The C20D10dataset (δ = 0).

Fig. 9: The standard deviation of bit write counts of each node in the FP-tree with all datasets. The results for classical FP-tree
(FP-construct) and EvFP-tree are shown in the left and right parts of each subfigure, respectively.
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Fig. 10: Total mining time (in ns.) to mine each dataset.

Fig. 11: PCM energy consumption (in nJ.) to mine each dataset.

Fig. 12: PCM lifetime in terms of the number of transactions sustained before a PCM cell wears out.

that aims to reduce the memory writes when the FP-tree
is constructed over NVMs. As a write operation could take
much more time and energy than a read one on NVMs, it
is necessary to augment the existing frequent-pattern mining
approaches to reduce write operations, so as to reduce the
overall time and energy of frequent-pattern mining. Based on
these observations, we propose the lazy counter to reduce the
memory writes of FP-tree, and the MBA encoding to make the
writes on NVMs evenly. Compared with previous work, the
strength of this work is that we integrate the frequent pattern
mining and NVM together to utilize the attractive property of
persistent of NVM. In addition, this work efficiently realizes
the algorithmic optimization.

VI. CONCLUSIONS

In this paper, we have proposedevergreen FP-tree (EvFP-
tree), a durable, efficient, andnonvolatile memory (NVM)
friendly technique of the well-known frequent-pattern tree

(FP-tree). In EvFP-tree, we have proposed alazy counter
with a two-phase construction strategy to reduce NVM writes
to enhance the performance and energy efficiency in the
construction of an FP-tree. Such an idea to exploit the bulk
information of multiple inputs of an offline algorithm could
also be extended for the performance optimization of other
online algorithms. Moreover, we have proposed aminimal-
bit-altered (MBA)encoding scheme to equalize the wearing of
different bits in the same support counter of FP-tree nodes to
extend the NVM lifetime. The MBA scheme could effectively
accompany existing wear-leveling techniques that equalize
the accesses across different NVM words. As verified by
the experimental results, EvFP-tree outperforms classical FP-
growth algorithm by 40.28% on average in terms of the mining
performance, and extends the NVM lifetime by 87.20% on
average. And EvFP-tree reduces the energy consumption by
50.30% on average. In the future, we shall extend the proposed
strategies to flash memory to enable high-performance data
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analytics over NVMs.
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