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ABSTRACT
In advanced scalable multiprocessor systems with multiple appli-
cations running concurrently, the optimal utilization of memory
resources plays an essential role in achieving high system perfor-
mance and energy efficiency. Locality of reference is one of the
basis of memory management techniques. In operating systems, the
memory management benefits from temporal and spatial locality
when deciding which page shall be moved down the memory hier-
archy to make room for a new page. However, current algorithms
are oblivious to the moments when individual tasks transition to a
newworking set, which leads to suboptimal decisions. Furthermore,
the eviction of idle pages from main memory is postponed to the
last minute, which leads to system unresponsiveness and thrash-
ing. In this context, memory locality reasoning based on the phase
transition model is a central aspect to consider. We perceive that
incorporating such a model in memory management algorithms
provides the operating system with ways to trigger proactive page
reclamation or compaction, to collect memory related statistics,
and to trigger other crucial decision-making.

In this paper, we present for the first time a hardware-agnostic
online working set change detection algorithm for each process
in a system. The working set change is detected with incomplete
knowledge of a task’s memory access behavior. Our novel online
algorithm perceives the occurrence of concavity in a program’s
lifetime function as an outlier and heuristically attempts to classify
such from the normal observations. Furthermore, we implemented
and evaluated our solution in the Linux kernel. It executes with
O(1) time and space complexity. Evaluations using real-world data-
intensive applications show that the algorithm detects the working
set change with an average accuracy of 89% and F0.5-Score of 74%,
adding negligible computation overhead of 0.506% in average.

CCS CONCEPTS
• Theory of computation→ Caching and paging algorithms;
• Software and its engineering→ Virtual memory; Main mem-
ory.
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1 INTRODUCTION
The increasing capacity of the main memory, which is primarily
based on DRAM, has favored data-intensive computations like Big
data [33, 85, 105] and in-memory databases [1–3, 25, 70, 106]. At
the same time, it has intensified DRAM-related challenges like
increased power consumption due to DRAM refreshes [72] and
possible data loss due to inadvertent system failures. Hence, optimal
utilization of the memory resources by retaining only working set
pages in the main memory while securing other pages in non-
volatile storage or memory can be considered highly suitable for
many of today’s high performance scalable systems.

However, in largely adopted operating systems, such as Linux
and other Unix-like derivatives, the current page reclamation ap-
proaches that evict idle pages from the main memory demands
changes to keep pace with the evolution of applications in terms
of memory access behavior. For instance, the decision-making pro-
cess of which pages shall be evicted is oblivious to the working
set transitions of individual tasks. Moreover, the execution of the
page reclamation algorithm is postponed to the last minute, hence
the eviction of cold pages from main memory. In practice, the op-
erating system decides to trigger the page reclamation algorithms
only when the memory utilization reaches aWatermark [18, 52, 77–
79]. Watermarks correspond to certain thresholds with respect to
memory utilization. They are computed as a fixed amount of free
physical memory pages in the system. Typically, watermarks are
very close to the point of memory exhaustion, which is the cause
for retention of cold pages in the main memory [21, 98], regarded
as memory pollution. Further, it leads to system unresponsiveness
and out-of-memory panics [71, 86, 99, 104].
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Reclamation algorithms are online approximated algorithms [17]
that need to run periodically to attain precision in the page access
rate sequence. However, the recurrent execution of reclamation
algorithms at short intervals hinders the system performance. We
perceive that a strategy to address the mentioned challenges fol-
lows the working set policy strictly, i.e., it keeps only the working
set pages in main memory. To attain this strategy, a page reclama-
tion algorithm needs to be made aware of (1) the current working
set pages required by each of the tasks in execution, and (2) the
moments when a task transitions to a new working set. The lat-
ter can be employed to optimize the main memory utilization by
evicting cold pages at essential intervals. Moreover, the methodical
migration of former hot pages down the memory hierarchy (from
main memory to non-volatile memory) maintains only the required
pages in the main memory and allows for improving the energy
efficiency in the memory subsystem and reducing data loss due to
inadvertent system failures. Further, this approach can decrease
the probability of a system reaching unresponsive states due to
memory exhaustion and trashing.

The purpose of this work, therefore, is to present a novel hardware-
agnostic algorithm able to detect at execution time when a task
switches to a new locality interval i.e., detect the transitions be-
tween two different working sets. For that, we exploit the intuition
that a reasonably designed program will exhibit relatively deep
concave lifetime curves during its prime locality’s holding state.
This phenomenon generates a relatively long time gap between the
page faults that occurred while transitioning from one locality to
another (cf. Section 2). Compared to other observations this is a
deviation. Our solution targets to identify such outliers.

Furthermore, we foresee that the moments in which working set
transitions occur can provide the operating system with opportu-
nity to trigger proactive page reclamation, trigger page compaction,
implement dynamic watermarks, plainly rotate the pages in the
reclamation queue [52, p. 170] to achieve comprehension of the
current working set pages and by that increase the accuracy of
the reclamation algorithm, collect memory statistics, trigger other
crucial decision-making regarding resource utilization. Moreover,
the related software components can be adapted to become event-
triggered, eliminating polling and fixed interval probing. These are
the topics we plan to treat in future work.

We implemented the proposed algorithm in the Linux kernel
along with the instrumentation and other software artifacts neces-
sary to evaluate it. We perform a thorough evaluation of the pro-
posed solution using multiple real-world relevant data-intensive
applications, such as MongoDB and Memcached. In order to val-
idate the correctness of our evaluation technique we perform a
trace-based analysis which is often used for locality modeling. Eval-
uations show that the proposed solution detects the working set
change with an average accuracy of 89% and F0.5-Score of 74%,
adding negligible computation overhead of 0.506% in average.

In summary, the major contributions of this work are as follows:

• We propose a software-only solution in the form of an online
algorithm that solves the challenge of identifying the essential
intervals in which a task shifts to a new working set.
• When detailing the basic blocks of our solution, we provide
an elaborate reasoning of our ideas to implement the proposed

algorithm that will detect locality changes of a task in a time-
sharing system.
• We introduce formal definitions for locality noise and Inter Page
Fault Virtual Time (IPFVT). IPFVT is a hardware-agnostic metric
that serves as one of the foundations for working set change
detection in time-sharing systems.
• We formally model and define the phase transition behavior of a
program [39] into a Deterministic Finite State Automaton (DFA).
• We designed and implemented our algorithm as a transition
function for the phase transition DFA. The algorithm introduces
negligible computation overhead, needing a fixed number of
conditional audits, uttering no iterative behavior with O(1) time
and space complexity, making its integration feasible into state-
of-the-art memory management software.
• We provide novel and detailed evaluation by precisely defining
the ground truth and reducing the results into a binary classifi-
cation problem to measure the various accuracy metrics of the
proposed algorithm.
• We perform a thorough evaluation of the proposed solution using
multiple real-world data-intensive workloads to demonstrate the
viability of its integration in the Linux kernel and its accuracy.

The rest of this paper is structured as follows: In Section 2 we
briefly review the necessary background. Section 3 describes sys-
tem model and notations. We define and reason the principles that
form the basic blocks of the algorithm in Section 4. In Section 5
we detail our novel online algorithm along with the definition of
the methods based on the principles introduced in the Section 4. In
Section 6 we establish the ground truth by designing an optimal
offline algorithm whose results are used as a standard measuring
stick to compare the various parameters of our approximated on-
line algorithm. Section 7 presents various experiments conducted
using real-world databases and well-known benchmarking tools to
measure different metrics to understand the proposed algorithm’s
practicality and accuracy. The same section reports the baseline
comparison of our proposed algorithm against other well-known
access pattern-based phase-transition algorithms using marked syn-
thetic traces. Further, the synthetic trace evaluation is performed to
understand our algorithm’s theoretical accuracy and corroborate
our evaluation procedure’s accuracy over real-world applications.
Section 8 discusses related work and Section 9 concludes the paper.

2 BACKGROUND
The reasoning of a program’s memory access behavior starts with
capturing a program’s machine independent memory trace named
reference string 𝜔 [28] such that:

𝜔 = 𝑟1, 𝑟2 ... 𝑟𝑡 ∈ N, 𝑡 ≥ 1.

where t = 1, 2, 3,... represents the memory access instants in a
process’s discrete time units. The 𝑟𝑡 is a relation defined by 𝑟𝑡 = 𝑖

implies the page i is referenced at the 𝑡𝑡ℎ instance .
If the captured reference string of any sequential program is

examined, the program will tend to cluster the memory referencing
to a small set of its memory pages in both temporal and spatial
aspects, termed locality of reference [4, 41, 101].

Of the many [5, 28, 38, 40, 47, 93, 95], the working set model (𝑊 )
[38, 40] represents a program’s locality in single relation. Formally,
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if𝜔 is the reference string generated by a program then the working
set can be defined as𝑊 (𝑡, 𝜏) such that:
• 𝑡 is the moment at which 𝜔 is observed
• 𝜏 is the window length backwards from 𝑡

Intuitively, it is a set of pages referenced in the time interval of
length 𝜏 preceding time 𝑡 . The working set idea is based on the
observation that the pages referenced in the backward window
were likely to be used again in the immediate future [41].

During the days of scarce main memory, the working set as a
memory policy [40] (a program’s resident set size is at least the
working set size) dictated the ground rule to avoid thrashing [58, 63].
The working set policy for memory management states that a task
is qualified to be in the run queue only if its working set is loaded
in main memory [39].

The phase-transition model [39, 49, 53] reasons the empirical
observation that any gross program’s memory access behavior can
be seen to be in one of two states: transition or in-phase (holding)
[40, 65]. On entering a new locality, a program at first enters the
transition state, during which the program exhibits page faults at
close successive intervals. Then the program enters the holding
state once the needed pages for that locality are in main memory,
where it stabilizes and stops faulting for a relatively long time inter-
val. In holding state the length of the reference string determines
the degree of locality, and each program tends to emit varying
degrees of locality at different stages of its execution.

The Bounded Locality Interval (BLI) [12, 24, 68, 74] solves the
problem of identifying distinctive phases by exploiting the obser-
vation of nested localities in a program where the larger (prime)
localities are composed of smaller ones. This showed that 𝜏 in𝑊
does not need to be a constant value.

The Lifetime Function [42, 43] measures the degree of locality
defined as the mean number of page references between the page
faults. This function will exhibit a relatively deeper concave curve
(knee characteristics) [94] between a program’s transition to the
next working set. The depth of the curve determines the degree of
the locality.

3 SYSTEM MODEL AND NOTATIONS
The system is assumed to have an execution unit and is time-shared
among many independent sequential execution entities called tasks.

A running task executes on its virtual address space 𝑁 divided
into contiguously addressed 𝑐 pages, each of size 𝑧 and defined by
𝑁 = {1, 2, ..., 𝑐}. The system’s main memory space 𝑃 is divided into
𝑛 contiguous locations named as page frames, each of size 𝑧 and
defined by 𝑃 = {1, 2, ..., 𝑛} such that 1 ≤ 𝑛 ≤ 𝑐 .
𝐶𝑡 : 𝑁 → 𝑃 ∪ {∅} is an one-to-one page map at time t such that:

𝐶𝑡 (𝑥) =
{
𝑦, if x resides in y ∈ P at time t
∅, if x is missing from P at time t (1)

where 𝑥 ∈ 𝑁 represents the page in the virtual address space of the
corresponding task and 𝑦 ∈ 𝑃 represents the physical page frame.
The mapping of a page to its corresponding page frame is arbitrated
by a memory translation hardware that resides between processor
and the main memory.

When the running task accesses a virtual address 𝑎 that can
also be represented as 𝑎 = 𝑥𝑧 + 𝑤 where 𝑥 is the corresponding

virtual page number and 0 ≤ 𝑤 < 𝑧, then the memory translation
hardware maps this to a corresponding physical memory address
using the computation

𝐵 = 𝐶𝑡 (𝑥)𝑧 +𝑤 (2)

In demand paging based system, if 𝐶𝑡 (𝑥) is ∅, then the hardware
generates an interrupt (page fault) to the operating system. The
operating system resolves the page fault by assigning the faulted
page with the corresponding page frame. The operating system
work-conserves [22, p. 70] the system by relinquishing the faulted
task to another ready task till the page fault is resolved.

The page fault time is a function 𝑝 : Z∗ → R+ that takes the
instance index of the page fault occurrence and outputs the wall
clock time at which the page fault occurred. The function 𝑝 gener-
ates an ordered sequence 𝛾 ∈ R+ of page fault time for each process
and is a machine-dependent order, and represented as:

𝛾 = 𝑔0, 𝑔1, 𝑔2, ..., 𝑔𝑡−𝑛, ..., 𝑔𝑡 ∈ R𝑡+, 𝑡 ≥ 0 (3)

where, 𝑔𝑖 = 𝑝 (𝑖) such that 𝑖 ∈ Z∗ is the instance index of the page
fault and 𝑔𝑖 represents the wall clock time of the corresponding
page fault instance index 𝑖 ∈ Z∗.

Assume, the system would run a single task with no preemption;
then the inter page fault time is the time elapsed between the two
consecutive page fault which is a relation:

𝑑𝑡 = {𝑔𝑡 − 𝑔𝑡−1 |𝑔 ∈ 𝛾} (4)

The 𝛿 is the ordered sequence of inter page fault time defined by:

𝛿 = 𝑑1, 𝑑2, ...𝑑𝑡−𝑛, ...𝑑𝑡 ∈ R𝑡+, 𝑡 ≥ 1 (5)

where the discrete unit 𝑡 = 1, 2, ... represents the ordered index in
correspond to 𝛾 ’s sequence order.

4 ALGORITHM - BASIC BLOCKS
In this section we define the principles of the basic blocks of the
proposed algorithm: (i) extend the inter page fault time to sup-
port time-sharing systems, (ii) model a task’s distinctive locality
changes into a Deterministic Finite state Automaton (DFA), which
applications can probe to check the current state of a task, (iii)
define local maxima of an IPFVT sequence, which allows for iden-
tifying a transition to a new working set, (iv) establish the basis
for locality noise that might cause locality jitter, and (v) define
the sliding window computation that is the basis for the transition
detection in the online algorithm. The principles described in this
section will be used in Section 5 to design the online algorithm.

4.1 Inter Page Fault Virtual Time (IPFVT)
In time-sharing systems, a task might be preempted often. Preemp-
tion induces additional wall clock time to a task’s execution time
and so to the inter page fault time. We name this additional time as
scheduler noise 𝑆 .

Definition 1. Let 𝑑𝑘 ∈ 𝛿 represent one inter page fault time in-
stance of the task 𝑇 occurred within the interval (𝑡, 𝑡 + 𝑑𝑘 ]; if 𝑠𝑖
represents one instance of the preemption time within the inter-
val (𝑡, 𝑡 + 𝑑𝑘 ] and 𝑝 such preemptions occurred within the same
interval, where 𝑝 ≥ 0; then the scheduler noise 𝑆𝑝 for the interval
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Figure 1: Exemplification of IPFVT. 𝑔0 and 𝑔1 are the timestamps of two consecutive page faults of task 𝑇1, while 𝑠1, 𝑠2, 𝑠3, and
𝑠4 represent the time spans during which 𝑇1 was preempted between the page faults.

(𝑡, 𝑡 + 𝑑𝑘 ] can be calculated as:

𝑆𝑝 =

𝑝∑
𝑖=0

𝑠𝑖 (6)

and, the inter page fault virtual time 𝑣𝑘 for the𝑑𝑘 instance is defined
by the relation:

𝑣𝑘 = {𝑑𝑘 − 𝑆𝑝 |𝑑𝑘 ∈ 𝛿}. (7)

Figure 1 exemplifies one instance of the 𝑣 computation. The
Definition 1 is abstracted as a function𝐶𝑜𝑚𝑝𝑢𝑡𝑒_𝑖𝑝 𝑓 𝑣𝑡 : R+ → R+
that computes IPFVT from the page fault time 𝑔𝑛 ∈ 𝛾 generated at
time 0 (cf. Section 3).

Each process will generate an ordered sequence of inter page
fault virtual time 𝑉 represented as:

𝑉 = 𝑣1, 𝑣2, ...𝑣𝑡−𝑛, ...𝑣𝑡 ∈ R+, 𝑡 ≥ 1 (8)
where 𝑡 = 1, 2, ... represents the ordered index in correspond to 𝛿 ’s
sequence order. Let the function 𝐼 : 𝑉 → Z+ return the ordered
index 𝑖 ∈ Z+ of the 𝑣𝑖 ∈ 𝑉 . Let the relation ⊴ represent the order in a
sequence, i.e., 𝑎 ⊴ 𝑏 means 𝑎 occurred before 𝑏 in its corresponding
sequence, then the distance between two 𝑣𝑘 ∈ 𝑉 is a function
𝐵 : 𝑉 × 𝑉 → Z+ computed using:
𝐵(𝑣𝑖 , 𝑣 𝑗 ) = {𝐼 (𝑣 𝑗 ) − 𝐼 (𝑣𝑖 ) |𝑣𝑖 ⊴ 𝑣 𝑗 ∧ 𝑣𝑥 ∈ 𝑉 𝑤ℎ𝑒𝑟𝑒 𝑖, 𝑗 ∈ 𝑥} (9)

Using IPFVT as a metric enabled us to derive a solution regardless of
the practical hardware constraint that, for a given page, a hardware
memory management unit only sets a reference bit in the page
table on first access and will not provide any page access pattern
sequence [7, 31, 73].

4.2 Modeling Locality of a Program
The locality behavior of a task can be represented by the DFA A
presented in Figure 2.

Definition 2. A is a 5-tuple A = (𝑄,𝑞0, 𝐹 ,
∑
, 𝜎), consisting of

a set of finite states 𝑄 , an initial state 𝑞0 ∈ 𝑄 , an accepting state
𝐹 ∈ 𝑄 and a finite set of input symbols

∑
and a transition function

𝜎 : 𝑄 ×∑→ 𝑄 , where:
• {𝑄} = {𝐼𝑛𝑖𝑡, 𝐻𝑜𝑙𝑑𝑖𝑛𝑔,𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛, 𝐸𝑥𝑖𝑡}
• 𝑞0 = {𝐼𝑛𝑖𝑡}
• 𝐹 = {𝐸𝑥𝑖𝑡}
• {∑} = {∅,𝑈 𝑝, 𝐷𝑜𝑤𝑛,𝑇𝑒𝑟𝑚}
• 𝜎 = 𝐷𝑒𝑡𝑒𝑐𝑡𝐿𝑜𝑐𝑎𝑙𝑖𝑡𝑦𝐶ℎ𝑎𝑛𝑔𝑒 .

It is sufficient to represent a task’s memory allocation behavior
with four states. The Init state represents the task creation, during

Init Holding Transistion

Exit

Down

Up

Up
Process
Creation

∅
∅∅

Term

Term

Term

Figure 2: DFA Representing Locality Behavior of a Task

which the system initializes, allocates and loads the initial pages
for the task. It also calibrates the initial expectations of the algo-
rithm. Once initialized the task will transit between Holding and
Transition states (cf. Section 2). When the Exit state is reached all
pages allocated for the task are released and the task departs from
the system. The function DetectLocalityChange (cf. Section 5) is
responsible for state transitions. It computes the next state based
on the current state and the input symbol.

4.3 Local Maxima
To make a reasonable detection of the outermost phases 𝜑 , we use
IPFVT 𝑉 (cf. Section 4.1) as the primary factor of identification.
Suppose a program is executed in advance to capture the complete
sequence of the IPFVT 𝑉 , we will notice that the first IPFVT value
while entering the transition state will be relatively a higher single
point value than its neighbors. Such a high single point value is due
to a significantly longer reference string during the stable execution
of the corresponding program between the locality transition faults
compared to its neighboring page faults. This behavioral observa-
tion of the highest single point value in a sequence of observations
is the local maxima.

Definition 3. Consider 𝑉 ′ = 𝑣𝑖 , ..., 𝑣𝑖+𝑘 is a contiguous subse-
quence of 𝑉 , such that 0 < 𝑖 < 𝑡 and 0 ≤ 𝑘 ≤ 𝑡 and it starts at
position 𝑖 and ends at position 𝑖 + 𝑘 then, 𝑉 ′ could be split into

𝑉 ′ = (𝑣 ′𝐵)𝑣𝑚 (𝑣
′
𝐴), (10)

such that, 𝑣 ′
𝐵

= ⟨𝑣𝑖 ...𝑣𝑖+𝑚−1⟩ ∪ ∅ and 𝑣 ′
𝐴

= ⟨𝑣𝑖+𝑚+1 ...𝑣𝑖+𝑘 ⟩ ∪ ∅
where, 𝑖 < 𝑚 < 𝑖 + 𝑘 ; The element 𝑣𝑚 ∈ 𝑉 ′ is a local maxima iff:

(∀𝑣𝑏 ∈ 𝑣 ′𝐵 (𝑣𝑏 < 𝑣𝑚)) ∧ (∀𝑣𝑎 ∈ 𝑣 ′𝐴 (𝑣𝑎 < 𝑣𝑚)) . (11)
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The sequence 𝑉 will generate a subsequence [56] of local maxi-
mas𝑀 represented by:

𝑀 =𝑚1,𝑚2,𝑚3, ...𝑚𝑡 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝑡 ≥ 1 (12)
𝑡 = 1, 2, 3, ... represents the ordered sequence of occurrence in the
corresponding 𝑣𝑖 ∈ 𝑉 .

The function R : 𝑀 → 𝑉 will reverse map the given𝑚𝑖 ∈ 𝑀 to
its corresponding 𝑣𝑖 ∈ 𝑉 , then the distance between two maximas
can be defined as D : 𝑀 × 𝑀 → Z+ and computed using :
D(𝑚𝑖 ,𝑚 𝑗 ) = {𝐼 (R(𝑚 𝑗 )) − 𝐼 (R(𝑚𝑖 )) |𝑚𝑖 ⊴𝑚 𝑗 ∧ 𝑚𝑥 ∈ 𝑀𝑤ℎ𝑒𝑟𝑒 𝑖, 𝑗 ∈ 𝑥}. (13)

The distance operator D emits the IPFVT count between two local
maximas.

4.4 Locality Noise
An implicit characteristic of the bounded locality intervals is the
hierarchical nature of localities, i.e., localities at lower levels are
subsets of a higher-level locality. The BLI reasons that the phases of
a higher degree locality hold a much extended locality than its sub-
sets, and they have a high possibility of exhibiting non-overlapping
behavior with their neighboring phases. Empirically, such behavior
in the higher degree of locality is due to stable execution of the
program relative to its short-lived lower degree of locality.

Considering the aforementioned a locality change detection al-
gorithm has to target the identification of the outermost phase.
However, the objective function that detects only the outermost
phases might unintentionally identify the localities of a lower de-
gree. Such an inadvertent detection has to be discriminated against
normal observation and treated as locality noise 𝜂𝑜 of a program.

4.5 Sliding Window Computation
We use moving average based computation to record only the past’s
essence in our stream-based online algorithm, which is defined as:

Definition 4. The moving window F is a 5 tuple F = (𝐶, 𝑙, 𝑆, 𝑎, 𝑟 ),
consisting of𝐶 = {𝐼𝑛𝑖𝑡𝑖𝑎𝑙, 𝐷𝑟𝑖 𝑓 𝑡𝑖𝑛𝑔} a set of states the window will
exhibit, 𝑙 ∈ N+ is the length of the window, 𝑆 ∈ R+ is the latest 𝑙
elements of the given sequence and 𝑟 holds the at present computed
result of the function 𝑎, where a window is said to be in Initial state
when the sequence 𝑆 is yet to attain the length 𝑙 otherwise, it is in
Drifting state, and 𝑎 : 𝑆 × N→ R+ is computed as:

𝑎(𝑠𝑛, 𝑙) =
{
𝑠𝑛 + 𝑠𝑛−1 + ... + 𝑠0, 𝑛 < 𝑙
(𝑠𝑛+𝑠𝑛−1+...+𝑠𝑛−(𝑙−1) )

𝑙
, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(14)

where, 𝑠𝑛 ∈ 𝑆 and 𝑛 ∈ N.

We use IPFVT as the window metric as this makes the algorithm
platform-independent. Further, tuning such a window is much
precise and could be easily automated. For the convenience of
readability we use the dot operator "." to access the elements of
the window tuple, for example, if𝑤𝑖 ∈ F then,𝑤𝑖 .𝑙 represents the
length of the window𝑤𝑖 .

5 THE ONLINE ALGORITHM
In this section, we (i) define an online method to differentiate the
locality noise from the primary locality, (ii) a method to detect
the locality transition of a task, (iii) a method to detect a task’s
holding state, and finally (iv) assemble the sub-algorithms explored

in (i) to (iii) to form the final algorithm that determines the locality
state of a task. The online algorithm does not have the complete

Algorithm 1: Determining Locality Noise and Adaptive
Elements
Input: 𝑣𝑡 ∈ 𝑉𝑜 - Generated at time 0.

𝑛 - Current 𝑣𝑡 count.
𝑠𝑐 - The current state of the executing program.
𝑠𝑝 - Immediate previous state.
𝑐 - Counter for 𝜂𝑜 determination in transition.
𝑤𝑠 - Short term moving window.
𝑏 - Noise band.
𝑝 - Placeholder for temporary computation.
𝜂𝑡 ← 0

return value: 𝜂𝑡 ∈ 𝜂𝑜 if true, else 0.
Algorithm Determine_𝜂𝑜 ()
if 𝑤𝑠 .𝐶 = 𝐼𝑛𝑖𝑡𝑖𝑎𝑙 then

𝑝 ← max(𝑣𝑡 , 𝑝)
end
else if 𝑛 = 𝑤𝑠 .𝑙 then

𝜂𝑡 ← max(𝑣𝑡 , 𝑝)
end
else

if 𝑠𝑐 = 𝐻𝑜𝑙𝑑𝑖𝑛𝑔 then
if 𝑠𝑝 = 𝑇𝑟𝑎𝑛𝑠𝑖𝑠𝑡𝑖𝑜𝑛 then

𝑝 ←∞
end
if 𝑣𝑡 ≥ 𝑏 then

𝑝 ← min(𝑝, 𝑣𝑡 )
end

end
else if 𝑠𝑐 = 𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛 or 𝑠𝑐 = 𝐼𝑛𝑖𝑡 then

if 𝑠𝑝 = 𝐻𝑜𝑙𝑑𝑖𝑛𝑔 then
if 𝑝 ≠ ∞ then

𝜂𝑡 ← 𝑝

end
𝑝 ← 0
𝑐 ← 0

end
if 𝑐 ≥ 𝑤𝑠 .𝑙 then

𝜂𝑡 ← max(𝑣𝑡 , 𝑝)
𝑐 ← 0

end
else

𝑝 ← max(𝑣𝑡 , 𝑝)
𝑐 ← 𝑐 + 1

end
end

end
return 𝜂𝑡

information of the sequence𝑉 rather, it is a live stream. To elaborate,
the Section 4.3 dissected the sequence𝑉 into 𝑣𝐵 , 𝑣𝑚 , and 𝑣𝐴 . During
the online computation the 𝑣𝑚 has to be determined with only 𝑣𝐵
and the knowledge of 𝑣𝐴 is not available. We assume 𝑣𝐴 will tend
to infinity. We define this stream based incomplete sequence of 𝑉
as 𝑉𝑜 .

5.1 Self Adaptive Noise Band
Though the locality noise 𝜂𝑜 is a deviation from the normal behav-
ior, it failed to qualify as an element that will cause the change in
the primary locality. The addition of only such deviated elements
will numerically raise the band. In order to mitigate this challenge,
the adaptive noise band algorithm (cf. Algorithm 1) reduces the
expectations by normalizing the noise band 𝑏 with adaptive ele-
ments which is based on the program’s behavior. This approach
will reduce the probability of failing to detect prime localities with
smaller maximas.
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Algorithm 2: Hypothesis Testing Algorithm
Input: 𝑣𝑡 ∈ 𝑉𝑜 - Generated at time 0.

𝑐 - Counter for "near future" holding determination.
𝑏 - Noise band.
𝑤𝑠 - Short term moving window.
𝑤𝑙 - Long term moving window.
𝑣𝑝 - presumptive element to be𝑚 ∈ 𝑀 .
𝜂𝑡 ← 0 - A value is assigned if 𝑣𝑝 ∈ 𝜂𝑜 or 𝑣𝑡 ∈ 𝜂𝑜 .

output: 0 - If 𝑣𝑝 is𝑚 ∈ 𝑀 .
1 - If 𝑣𝑡 or 𝑣𝑝 is locality noise.
2 - If 𝑣𝑡 is speculated or is not valid.
∅ - If nothing to test.

Algorithm HypothesisTest ()
if 𝑤𝑠 .𝐶 = 𝐼𝑛𝑖𝑡𝑖𝑎𝑙 then

return ∅
end
if 𝑣𝑡 > 𝑏 then

if 𝑣𝑝 = ∅ then
𝑣𝑝 ← 𝑣𝑡
𝑐 ← 0
return 2

end
else if 𝑣𝑝 ≠ ∅ and 𝑣𝑡 > 𝑣𝑝 then

𝜂𝑡 ← 𝑣𝑝
𝑣𝑝 ← 𝑣𝑡
𝑐 ← 0
return 1

end
else if 𝑣𝑡 < 𝑣𝑝 then

𝜂𝑡 ← 𝑣𝑡
return 1

end
end
if 𝑣𝑝 ≠ ∅ then

if 𝑐 ≥ 𝑤𝑠 .𝑙 then
𝑣𝑝 ← ∅
𝑐 ← 0
return 0

end
𝑐 ← 𝑐 + 1

end
return ∅

The algorithm𝑑𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑖𝑛𝑔_𝜂𝑜 (Algorithm 1) returns (i) the max-
imum of the elements encountered during the Init state, (ii) the
minimum value among the elements that deviated from 𝑏 during
the Holding state and (iii) the maximum value encountered per𝑤𝑠 .𝑙

during the Transistion state. The noise band 𝑏 will be the average of
the adaptive elements identified by the algorithm 𝑑𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑖𝑛𝑔_𝜂𝑜
along with the elements deemed to be locality noise 𝜂𝑜 by the
hypothesis testing algorithm (cf. Section 5.3). This concise represen-
tation reduces the space and computation complexity in managing
the locality noise elements.

5.2 Transition Detection
We use two moving windows, 𝑤𝑠 ∈ F , and 𝑤𝑙 ∈ F , per task as
per the Definition 4 to determine the working set transition, where
𝑤𝑠 .𝑆 and 𝑤𝑙 .𝑆 represent the same sequence 𝑉𝑜 generated by the
corresponding task. If𝐷𝑠 is a sequence generated using the distance
operator D (cf. Section 4.3), from which we define basic window
length 𝐿 as 𝐿 = min(𝐷𝑠 ) of a task. Then,𝑤𝑠 .𝑙 = 𝐿 and𝑤𝑙 .𝑙 = 2 · 𝐿.
Choosing 𝐿 as min(𝐷𝑠 ) makes a point that𝑤𝑠 is smoothed before it
reaches the first holding state and𝑤𝑙 is smoothed before it reaches
the second consecutive holding state.

This approach provides a platform independent and hardware
agnostic window tuning semantic. The smaller length window𝑤𝑠

tends to fluctuate faster to the recent stream trends, while the longer

Algorithm 3: Online Phase Detector
Input: 𝑔𝑛 ∈ 𝛾 - Generated at time 0.

𝑐𝑔 - Current 𝑔𝑛 count, set by the OS.
𝑏 - Noise band.
𝑤𝑠 - Short term moving window.
𝑤𝑙 - Long term moving window.
𝑠𝑐 - The current state of the executing program.
𝑠𝑝 - The immediate previous state.
𝑐ℎ - Counter to determine "near future" holding.
𝑐𝑏 - Counter for noise band determination.
𝑣𝑝 - Hypothesis testing value.
𝜂𝑡 - Phased Noise.
𝑡𝑚𝑝 - Placeholder for temporary computation.

output: ∅ -If no change in state.
𝑈𝑝 - If the task transited to Holding state.
𝐷𝑜𝑤𝑛 - If the task transited to Transition state.
𝑇𝑒𝑟𝑚 - If the task is terminating.

Algorithm DetectLocalityChange()
𝑟𝑒𝑡𝑢𝑟𝑛_𝑠𝑡𝑎𝑡𝑒 ← ∅
𝑣𝑛 ← 𝐶𝑜𝑚𝑝𝑢𝑡𝑒_𝑖𝑝 𝑓 𝑣𝑡 (𝑔𝑛)
𝑠𝑝 ← 𝑠𝑐
if 𝑐𝑔 ≥ 1 then

𝑛 ← 𝑛 + 1
if 𝑛 = 𝑤𝑠 .𝑙 then

𝑤𝑠 .𝐶 ← 𝐷𝑟𝑖 𝑓 𝑡𝑖𝑛𝑔

end
if 𝑛 = 𝑤𝑙 .𝑙 then

𝑤𝑙 .𝐶 ← 𝐷𝑟𝑖 𝑓 𝑡𝑖𝑛𝑔

end
end
else

𝑠𝑐 ← 𝐼𝑛𝑖𝑡

𝑠𝑝 ← 𝐼𝑛𝑖𝑡

𝑛 ← 0 //Initialize the 𝑣𝑡 ∈ 𝑉𝑜 count .
𝑣𝑝 ← ∅
𝑏 ← 0

end
𝑤𝑠 .𝑟 ← 𝑤𝑠 .𝑎 (𝑣𝑛, 𝑤𝑠 .𝑙)
𝑤𝑙 .𝑟 ← 𝑤𝑙 .𝑎 (𝑣𝑛, 𝑤𝑙 .𝑙)
if 𝑠𝑐 = 𝑇𝑟𝑎𝑛𝑖𝑠𝑡𝑖𝑜𝑛 or 𝑠𝑐 = 𝐼𝑛𝑖𝑡 then

𝑟𝑒𝑡 ← 𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠𝑇𝑒𝑠𝑡 (𝑣𝑛, 𝑐ℎ, 𝑏, 𝑤𝑠 , 𝑤𝑙 , 𝑣𝑝 , 𝜂𝑡 )
if 𝑟𝑒𝑡 = 1 then

𝑏 ← 𝑟𝑒𝐶𝑜𝑚𝑝𝑢𝑡𝑒_𝑛𝑜𝑖𝑠𝑒𝑏𝑎𝑛𝑑 (𝑏, 𝜂𝑡 )
end
else if 𝑟𝑒𝑡 = 0 then

𝑠𝑐 ← 𝐻𝑜𝑙𝑑𝑖𝑛𝑔

𝑟𝑒𝑡𝑢𝑟𝑛_𝑠𝑡𝑎𝑡𝑒 ← 𝑈𝑝 //changed to holding state.
end

end
if 𝑇 (𝑠𝑐 ,𝑊𝑠 ,𝑊𝑙 ) = 3 then

𝑠𝑐 ← 𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛

𝑟𝑒𝑡𝑢𝑟𝑛_𝑠𝑡𝑎𝑡𝑒 ← 𝐷𝑜𝑤𝑛 //changed to transition state.
end
𝜂𝑡 ← 𝐷𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑒_𝜂𝑜 (𝑣𝑛, 𝑛, 𝑠𝑐 , 𝑠𝑝 , 𝑐𝑏 , 𝑤𝑠 , 𝑏, 𝑡𝑚𝑝,𝜂𝑡 )
if 𝜂𝑡 > 0 then

𝑏 ← 𝑟𝑒𝐶𝑜𝑚𝑝𝑢𝑡𝑒_𝑛𝑜𝑖𝑠𝑒𝑏𝑎𝑛𝑑 (𝑏, 𝜂𝑡 )
end
if Task is terminating then

𝑠𝑐 ← 𝐸𝑥𝑖𝑡

𝑟𝑒𝑡𝑢𝑟𝑛_𝑠𝑡𝑎𝑡𝑒 ← 𝑇𝑒𝑟𝑚 // Changed to terminate task.
end
return 𝑟𝑒𝑡𝑢𝑟𝑛_𝑠𝑡𝑎𝑡𝑒

length window𝑤𝑙 reacts slower to the recent trends. A stream is
in downtrend if the shorter window’s result (𝑤𝑠 .𝑟 ) becomes lesser
than the longer window’s (𝑤𝑙 .𝑟 ). The downtrend behavior is due
to any program’s tendency to emit relatively smaller IPFVT values
during its transitions.

Definition 5. Consider two moving windows𝑤𝑠 and𝑤𝑙 of a task
where 0 < 𝑤𝑠 .𝑙 < 𝑤𝑙 .𝑙 , and if 𝑠𝑐 ∈ 𝑄 represents the current
locality state of the task, then the corresponding task’s memory
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locality is in transition iff:
(𝑤𝑠 .𝑟 < 𝑤𝑙 .𝑟 ) ∧ (𝑠𝑐 = 𝐻𝑜𝑙𝑑𝑖𝑛𝑔) . (15)

The Definition 5 can be abstracted as a function𝑇 : 𝑄×F ×F →
Z∗ such that:

𝑇 (𝑠𝑐 ,𝑤𝑠 ,𝑤𝑙 ) =
{

3, (𝑤𝑠 .𝑟 < 𝑤𝑙 .𝑟 ) ∧ (𝑠𝑐 = 𝐻𝑜𝑙𝑑𝑖𝑛𝑔)
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(16)

5.3 Holding Detection
A task can transit to holding state of locality if it emits a value
𝑣𝑡 ∈ 𝑉𝑜 that is also𝑚𝑡 ∈ 𝑀 .

Definition 6. Consider a task emits a value 𝑣𝑡 ∈ 𝑉𝑜 at time 0 and
𝑠𝑐 ∈ 𝑄 represent the current state of the task, then 𝑣𝑡 can also be
𝑚𝑡 ∈ 𝑀 iff:

(𝑣𝑡 > 𝑏) ∧ ((𝑠𝑐 = 𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛) ∨ (𝑠𝑐 = 𝐼𝑛𝑖𝑡)). (17)

The element 𝑣𝑡 ∈ 𝑉𝑜 that caused the system to speculate on a
task’s holding state is clearly a deviation [8] from normal execution.

Be that as it may, the noise band 𝑏 of a task is derived only
from the past values, and the future is currently unknown. Hence,
concluding prematurely on the deviating 𝑣𝑡 as an element to transit
the task to holding state might lead to false positives as there might
arrive a value in the near future 𝑛 that is 𝑣𝑡+𝑛 > 𝑣𝑡 .

By such arguments, the Definition 6 of the holding state can
be deemed to be a hypothesis that might transit the task to hold-
ing state and also has a possibility to be nullified. To avoid such
false conclusions, we first stage the deviated element 𝑣𝑡 ∈ 𝑉𝑜 as a
presumptive and the algorithm 𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠𝑇𝑒𝑠𝑡 (cf. Algorithm 2) is
triggered.

To reduce the probability of false positives, on arrival of a devi-
ated value that satisfies equation 17 it is at first temporarily mem-
oized [30, p. 365] in 𝑣𝑝 . On arrival of every subsequent element
𝑣𝑡 ∈ 𝑉𝑜 after the deviated element is tested for the condition 𝑣𝑡 > 𝑣𝑝 .
If any of the subsequent elements that arrived after the deviation
satisfies the mentioned condition, then 𝑣𝑝 is concluded as 𝜂𝑜 (local-
ity noise), else the test continues till the bounded near future. If no
element satisfies the condition 𝑣𝑡 > 𝑣𝑝 for the bounded near future
then the 𝑣𝑝 is asserted as the apparent 𝑚𝑡 ∈ 𝑀 .

The distance of the bounded near future should be a value that
(i) is neither too short that we end up taking a value that should
be part of the locality noise, (ii) nor too long that it notices the
holding time of the next locality, and (iii) it should also consider the
program’s nature of exhibiting varying outermost locality degrees
during the different instances of program execution. Considering
the above mentioned aspects, we define the near future length to
be 𝑤𝑠 .𝑙 , which we surmise to be a reasonable estimation to meet
the conditions (i) to (iii).

5.4 Online Phase Detector
In this section, the previously discussed sub-algorithms are com-
bined in Algorithm 3 (DetectLocalityChange), which is called on
each page fault of a task. The algorithm assumes that windows are
initialized and configured by the OS. The variable 𝑐𝑔 is assumed
to be managed by the OS. The variable 𝑠𝑝 holds the state of the
task in previous page fault (called as immediate previous state). The

Table 1: Average of the normality test results (P-Value) using
various hypothesis tests. All results close to zero confirm the
normal distribution.

Experiment Name Shapiro D’Agostino Jarque-Bera
Mongo DB 1.90e-16 0.00534 0.141

Neo4j 6.54e-15 2.60e-03 0.00194
Memcached 0.00000 1.04e-30 0.00000

Redis 1.01e-7 2.40e-05 3.81e-8

function 𝑟𝑒𝐶𝑜𝑚𝑝𝑢𝑡𝑒_𝑛𝑜𝑖𝑠𝑒𝑏𝑎𝑛𝑑 : R+ × R+ → R+ recomputes the
average of the noise band 𝑏 with the new 𝜂𝑡 ∈ 𝜂𝑜 element. The
algorithm determines a task’s state and returns the symbol that
caused a transition or returns ∅.

Algorithm 4: Detect Outliers on a Complete Sequence 𝑉
Input:𝑉 -The Complete Sequence of IPFVT of a process.

𝑙𝑣 -The Length of the sequence𝑉 .
return value: 𝑀̂ [] -An Array of local Maximas.
Algorithm Offline-Eliminate-Outlier():
Initialize the array 𝑀̂ [] to 0
Initialize the temporary array 𝑡 [] to 0
while 𝑠𝑘𝑒𝑤 (𝑉 ) > 0 and 𝑙𝑣 ! = 0 do

𝑆𝑡𝑑 ← 𝜎 (𝑉 )
𝑀𝑒𝑎𝑛 ← 𝜇 (𝑉 )
𝐿𝑖𝑚𝑖𝑡 ← 𝑀𝑒𝑎𝑛 + (3 ∗ 𝑆𝑡𝑑)
for 𝑖 ← 0; 𝑖 < 𝑙𝑣 ; 𝑖 ← 𝑖 + 1 do

if 𝑉 [𝑖 ] > 𝐿𝑖𝑚𝑖𝑡 then
Append𝑉 [𝑖 ] to 𝑡

end
end
𝑙𝑣 ← Negate the length of the 𝑡 from 𝑙𝑣
𝑉 ←Remove 𝑡 elements from𝑉

Append 𝑡 to 𝑀̂
𝑡 [] ← Reinitialize the array to 0

end
return 𝑀̂

Figure 3: Transformation of a Positive Leaned Data 1

6 ESTABLISHING THE GROUND TRUTH
In this section, we design an optimal offline algorithm to assess our
approximated online algorithm. To estimate the competitiveness of
1The data is derived by running YCSB WorkloadA on MongoDB. Note that the data is
logarithmic transformed for easy representation
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the proposed online algorithm, we treat the problem as an adversary
game [17, p. 3-4] between the proposed online algorithm and an
optimal offline algorithm [66, 100]. The optimal offline algorithm
is designed and implemented by looking into the complete pre-
recorded sequence of the IPFVT. To achieve this, we carried out
multiple hypothesis tests [15, 32, 87] using various IPFVT datasets
to understand the IPFVT’s data distribution. From the empirical
results we infer that the IPFVT sequence tends towards normal
distribution (some results summarized in Table 1). Generalizing
the empirical results using the central limit theorem (CLT) [80,
p. 240-243], which establishes that any set of independent random
variables when normalized tends towards normal distribution, so
is IPFVT.

The local maximas 𝑀 in a sequence of IPFVT 𝑉 are the data
points that diverged from the normal observations. These outliers
make the observation heavy-tailed normal distribution [50] and
pose a positive leaning skew in the distribution [62, p. 81]. This
aspect shows the existence of outliers in the dataset.

A set of elements that needs to be eliminated to attain zero skew
value by examining the complete sequence 𝑉 in the observation is
considered as the ground truth, this optimal version of the sequence
𝑀 is termed as 𝑀̂ . This result is used as a standard reference to
assess the correctness of the online algorithm.

Algorithm 4 uses skew correction as the basis for the systematic
removal of outliers and uses standard statistical functions – 𝑠𝑘𝑒𝑤
[46], 𝜎 , and 𝜇 [51]. In worst case, the algorithm will run O(𝑛2) and
will need O(𝑛) space, where 𝑛 is the number of elements in 𝑉 . Fig-
ure 3 graphically exemplifies the transformation of one particular
instance of 𝑉 by the offline algorithm.

7 EVALUATION AND EXPERIMENTAL
RESULTS

We conducted experiments to answer the following questions: (i)
The accuracy of the results generated by our online algorithm com-
pared to the ground truth computed by the optimal offline algorithm
over real-world applications (cf. Section 7.4), (ii) The theoretical ac-
curacy of our algorithm and the accuracy of the proposed algorithm
compared to other well-known locality transition detection algo-
rithms (cf. Section 7.5), (iii) Empirical overhead of the algorithm
on the evaluated system (cf. Section 7.6).

7.1 The System Setup
All experiments were performed on an Intel(R) Xeon(R) CPU E3-
1545M v5 @ 2.90 GHz, which has 32 KB L1-d cache, 32 KB L1-i
cache, 256 KB L2 cache, and 8 MB L3 cache with 16GB of DDR4
main memory @ 2133 Mhz and 32 GB of swap space on SATA-3, 1
TB SSD storage.

The software setup used Linux kernel v4.8.3 and configured to
allocate only 4KiB size pages. We used three different software
setups for evaluation – the execution system, online evaluation
system, and offline evaluation system. The execution system will
generate the trace using the workload. The Linux kernel patched
with the proposed online algorithm is used for the online evaluation
system. The offline evaluation system is a process running on the
host system.

7.2 Evaluation Model
The result is reduced to a binary classification problem to bring
the evaluation to the same scale. Let L = {0, 1} represent the label
space and J represent the ordered sequence index with same length
and order as the sequence that needs to be evaluated. The binary
representation of the data is expressed as a pair (𝑡𝑖 , 𝑙𝑖 ) of a ordered
sequence where 𝑡 ∈ J and 𝑙 ∈ L.

The entire data is denoted as:

𝐵 = (𝑡𝑖 , 𝑙𝑖 ), ..., (𝑡𝑛, 𝑙𝑛) ⊆ J × L (18)

where,
• 𝑡𝑖 ∈ J is the 𝑖𝑡ℎ index.
• 𝑙𝑖 ∈ L is the label of the 𝑖𝑡ℎ index.

We will generate two binary classified sequence B and B̂. The
B̂ represents the sequence of index values which ground truth
identified as phase change points and B will represent the sequence
of index values which the examined algorithm detected as phase
change points, in which:

𝑙𝑖 =

{
1, 𝑡𝑖 ∈ 𝐾
0, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(19)

where 𝐾 is a set of indexes that belongs to either B or B̂ depend-
ing on the sequence being generated.

The outliers are positive class, and others are seen as negative
class. The transformed sequence is used to study two set of mea-
sures. The first set of measure is directly derived from the confusion
matrix [48] and the second set of measures is derived either from
the first set of measurements and represents a higher level of ab-
straction.

7.2.1 First Level Measurements. 2

True Positive Rate (TPR) or recall (defined in equation 20) mea-
sures the proportion of outlier (true positive) elements correctly
identified. In best case the value reaches 1.

𝑇𝑃𝑅 =
𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 (20)

True Negative Rate (TNR) or specificity (defined in equation
21) measures the proportion of normal (true negative) elements
correctly identified. In best case the value reaches 1.

𝑇𝑁𝑅 =
𝑇𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 (21)

Positive Predictive Value (PPV) or precision (defined in equation
22) measures the proportion of the correct outliers (true positive)
results and reaches value 1 on perfect test.

𝑃𝑃𝑉 =
𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 (22)

Negative Predictive Value (NPV) measures the proportion of
the correctly determined normal element (true negative) results
(defined in equation 23) and reaches value 1 if the test result has
no false negatives.

𝑁𝑃𝑉 =
𝑇𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 (23)

2In the equations TruePositives, FalsePositives, TrueNegatives and FalseNegatives
meant the total count of the respective elements.
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False Negative Rate (FNR) measures the proportion of wrong
normal elements (false negative) results and reaches value 0 on best
scenario. The equation is defined in 24.

𝐹𝑁𝑅 =
𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 (24)

False Omission Rate (FOR) measures the proportion of normal
discoveries that are wrong (false negative) and reaches value 0 on
best case. The equation is defined in 25.

𝐹𝑂𝑅 =
𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 (25)

7.2.2 Second Level of Measurements. The classification accuracy
is measured using equation 26, where its best case reaches value 1.

accuracy(B, B̂) = 1
𝑛

𝑛−1∑
𝑖=0

1(𝑙𝑖 ⇔ 𝑙𝑖 ) (26)

We measured the fraction of the wrong labels (classification loss)
using hamming loss and the equation 27 in best case produces value
0 :

Loss(B, B̂) = 1
𝑛

𝑛−1∑
𝑗=0

1(𝑙 𝑗 ≠ 𝑙 𝑗 ) (27)

Wemeasure 𝐹𝛽 score (defined in the equation 28) with two values
of 𝛽 , namely 0.5 and 1. 𝐹0.5 gives more weight on precision, as false
positives (wrong detection of outliers) are considered expensive
while 𝐹1 is a balance on both precision and recall. In both the cases
value 1 represents the best case.

𝐹𝛽 = (1 + 𝛽2) · (𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 · 𝑟𝑒𝑐𝑎𝑙𝑙)
𝛽2 · 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙

(28)

7.3 DataSet and Workload Design
In the era of Big data and cloud computing, large data sets gener-
ated from various sources demand different data models based on
the underlying methods used for the data inferencing, dawning to
NoSQL. These data models tend to have very complex and cascaded
memory access patterns. Based on the underlying data model, we
evaluated the four major subcategories of NoSQL databases: Docu-
ment Store, Graph Store, Key-Value Caching and General Purpose
Caching.

We chose the most commonly used open-source databases from
each category with their near to reality benchmarking tools [27, 29,
67, 83] (cf. Table 2).

7.3.1 Trace-Based Evaluation. To imitate an identical behavior in
both online and offline system, the algorithm is assessed using
the trace-based evaluation method. An Execution system will run
forefront the benchmarking tools with workload near to reality and
capture the trace sequence of the system.

Definition 7. Each trace element𝑇𝑖𝑑𝑥 in a trace sequence𝑇 is a 3-
tuple𝑇𝑖𝑑𝑥 = (𝑖𝑑𝑥, 𝑝𝑖𝑑, 𝑣), emitted on every page fault. The 𝑖𝑑𝑥 ∈ W
represents the page fault’s sequence number, 𝑝𝑖𝑑 ∈ N is the process
id of the corresponding task that generated the page fault, and
𝑣 ∈ R+0 is the corresponding IPFVT.

The trace will be used to run the online and offline algorithms. To
facilitate the approach, we designed a new tool named MemGobbler

Table 2: DB Types and Corresponding Benchmark Tools.

Type DataBase BenchMark Tool
General Purpose Caching Memcached Memtier

Document Store MongoDB YCSB
Graph Store Neo4j GraphDB-BenchMark

Key-Value Based Caching Redis Memtier

to ease the evaluation of the online algorithm. The tool will run in
the userspace and generate a page fault at the right interval such
that it exacts the given trace sequence 𝑉 .

Table 3: Memcached Experiment Workload

Display Name Get:Set Ratio Value Size
Mc-Set1 50 : 50 270B
Mc-Set2 1 : 30 270B
Mc-Set3 50 : 50 750B
Mc-Set4 1 : 30 750B
Mc-Set5 50 : 50 1000B
Mc-Set6 1 : 30 1000B
Mc-Set7 50 : 50 1MB
Mc-Set8 1 : 30 1MB
Mc-Set9 1 : 30 (50 Threads) 1MB
Mc-Set10 1 : 30 (100 Threads) 1MB

Table 4: MongoDB Experiment Workload

Display
Name Experiment Name Record

Count
MngDB-Set1 50% Read and 50% Write 500000
MngDB-Set2 95% Read and 5% Write 500000
MngDB-Set3 95% paging scan 500000
MngDB-Set4 50% Read and 50% Write 1000000
MngDB-Set5 95% Read and 5% Write 1000000
MngDB-Set6 95% paging scan 1000000
MngDB-Set7 50% Read, 50% Write and 50 Threads 500000
MngDB-Set8 50% Read, 50% Write and 100 Threads 500000

Table 5: Neo4j Experiment Workload

Display Name Experiment Name
Node
Count

Neo4j-Set1 Aggregation 10000
Neo4j-Set2 HardPath 10000
Neo4j-Set3 Neighbour 100000
Neo4j-Set4 Neightbour2 100000
Neo4j-Set5 Shortest Path 100000

7.3.2 Workload Design. In MongoDB [2], we performed update
heavy, read-heavy, and read the latest operations (summarized in
the Table 4), in which Zipfian distribution [20] is used for record
selection to imitate real world scenario. Zipfian distribution imi-
tates the real-world scenario by gradually decaying the hotness of
the previous popular records. To determine the accuracy in multi-
threaded environment the last two results in the Table 4 are run
with 50 and 100 parallel thread requests.
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Table 6: Redis Experiment Workload

Display Name Get:Set Ratio Value Size
Red-Set1 50 : 50 270B
Red-Set2 1 : 30 270B
Red-Set3 50 : 50 750B
Red-Set4 1 : 30 750B
Red-Set5 50 : 50 1000B
Red-Set6 1 : 30 1000B
Red-Set7 50 : 50 1MB
Red-Set8 1 : 30 1MB
Red-Set9 1 : 30 (50 Threads) 1MB
Red-Set10 1 : 30 (100 Threads) 1MB

Table 7: Consolidated First Level Results.

DB Name TPR TNR PPV NPV FNR FOR
Memcached 0.95 1.0 1.0 0.95 0.04 0.04
MongoDB 0.84 1.0 1.0 0.86 0.15 0.13
Neo4j 0.87 1.0 1.0 0.89 0.12 0.10
Redis 0.92 1.0 1.0 0.93 0.07 0.06
Grand Average 0.89 1.0 1.0 0.91 0.10 0.08

We evaluated caching databases: Memcached [1] and Redis [25]
using real world inspired workloads. The maximum number of
key-value elements is restricted to 5 GB of the main memory. The
accuracy is also tested on multi-threaded environment with up to
100 parallel thread requests (workload summary in Table 3 and
Table 6).

Neo4j [3] graph-based database is evaluated using Pokec online
social network in SNAP datasets [69] as workload and made to run
the memory-intensive operations detailed in Table 5.

7.4 Result Summary and Analysis
Figure 4 and the table 7 show the first level results. Due to cautious
decision-making nature of the online algorithm in deciding the
outlier, we notice no false positives (Type 1 error) for all the experi-
ments; hence zero false discovery rate (FDR) and false positive rate
(FPR). The average TPR (sensitivity) of the algorithm which decides
the proportion of outliers correctly detected is 89% and the speci-
ficity (TNR) is 100%. FNR (miss rate) and FOR which determines
the portion of wrongly determined values is on an average 10% and
8%, respectively.

Figure 5 and the table 8 show the second-level experiment results.
The average accuracy of the experiment is 89% and, in best cases
it reached 100%. The 𝐹0.5 score and 𝐹1 score is on an average 74%
and 65% respectively. In specific experiments, the 𝐹0.5 score and 𝐹1
score was 100%. The algorithm’s loss or inaccuracy is on an average
10% percent.

We notice in an extreme multithreaded environment an average
accuracy reduced by 2% (from 91% to 89%), F-1 score reduced by
4% (from 69% to 65%), F0.5 score reduced by 3% (from 77% to 74%)
and loss increased by 2% (from 8% to 10%). This loss of accuracy in
Linux is due to non existence of per thread memory management
data structure. We see this is inconsequential due to non existence
of false positives, i.e., the algorithm may have missed to identify
certain phases, but never identified any phase wrongly. Though

Table 8: Consolidated Second Level Results.

DB Name Accuracy F0.5-Score F1-Score Loss
Memcached 0.95 0.74 0.69 0.04
MongoDB 0.84 0.67 0.59 0.15
Neo4j 0.87 0.73 0.66 0.12
Redis 0.90 0.78 0.63 0.09

Grand Average 0.89 0.74 0.65 0.10

hyper-parameters have clear semantics, in order to have no prepara-
tory dependence, the experiment is performed using golden ratio
values𝑤𝑠 .𝑙 = 7 and𝑤𝑙 .𝑙 = 13.

7.5 Theoretical and Baseline Evaluation
To understand the theoretical accuracy of the proposed algorithm
the evaluation is done using memory-pattern based synthetic trace
generation methodology. This evaluation is done to understand (i)
theoretical accuracy of the proposed algorithm, (ii) the effectiveness
of our evaluation technique which we used over real world applica-
tions, and (iii) the accuracy of the proposed algorithm compared
to other locality change detection algorithms.

The synthetic trace generation approach is an oblivious adver-
sary model [17, p. 45] which depicts most user programs, i.e., it
generates the complete synthetic trace sequence in advance and
unaware of the behavior of the potential users. The trace sequence
is generated by strictly following the phase-transition behavior
[40, 49, 53, 65]. The methodology will generate a reference string
sequence (cf. Section 2) from which we derive different locality
measuring models and used them to evaluate other existing local-
ity detection algorithms. This approach enabled us to perform a
hand-on-hand comparison of the proposed algorithms against other
well-known locality detection algorithms.

Definition 8. Each trace element 𝑇 𝑠
𝑖𝑑𝑥

of the synthetic trace 𝑇 𝑠 is
a 5-tuple 𝑇 𝑠

𝑖𝑑𝑥
= (𝑖𝑑𝑥, 𝑟, 𝑟𝑢𝑑, 𝑖,𝑚), where 𝑖𝑑𝑥 ∈ W is the sequence

index of the trace, 𝑟 ∈ W is the page number referenced at that
instance, 𝑟𝑢𝑑 ∈ W is the reuse distance of that instance, 𝑖 ∈ R+0
is the IPFVT of that instance that is set to 0 if the corresponding
instance does not hold a valid IPFVT, and𝑚 ∈ {0, 1} is the phase
marker set to 1 if the instance is beginning of the phase else is set
to 0.

Two extreme memory access patterns are used to generate the
reference string namely sequential and random [75]. We notice that
these two extreme memory access patterns are sufficient to cover
all the other intermediate access patterns for the used measuring
metrics. We executed various workloads on each memory access
pattern based on memory size ranging from 1MB to 130MB. Each
evaluation is a 5MB incremental step, i.e., each access pattern as-
sessed with 26 experiments, so 52 experiment runs were conducted
in total.

The baseline evaluation is made using four well-known algo-
rithms (cf. Table 9), which we observe to cover most ideas regarding
phase change detection. The first four algorithms in the Table 9
are offline that will need the complete trace to decide on the phase
change, while the last two are online algorithms. The algorithms
named Proposed Offline and Proposed Online represent our al-
gorithms mentioned in the Section 6 and Section 5 respectively.
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Figure 4: First Level Results. The horizontal axis represents the Display Name in the corresponding experiment table.

Figure 5: Second Level Results. The horizontal axis represents the Display Name in the corresponding experiment table.

Dhodapkar et al. [44] uses reference pattern and fixed interval sam-
pling, while Shen et al. [88] and Ding et.al [45] uses reuse distance
[109]. Zhao et.al [107] uses variance in the Translation Lookaside
Buffer (TLB) to determine the locality change.

We transformed the results into binary sequence to compare the
marked synthetic trace with the result generated by the algorithms,
where the phase change points are positive class, and others are
negative class. The binary sequence generated using the marked

synthetic trace is considered the ground truth. The transformed
result is evaluated using classification assessment metrics described
in 7.2.2. The results are summarized in Figures 6a and 6b.

We notice that the proposed online algorithm has a theoretical
accuracy of 100%, and F0.5 and F1 scores are around 98% with zero
loss. We see very similar results with the optimal offline algorithm.

The result which compares the proposed ground truth compu-
tation (cf. Section 6) with the theoretically phase-marked traces,



MEMSYS 2021, October - December, 2021, Virtual Conference L J Gokul Vasan, Éder F. Zulian, Christian Weis et. al

(a) Random Memory Pattern (b) Sequential Memory Pattern

Figure 6: Summarized theoretical evaluation of the experiments. Labels correspond to Display Name in Table 9.

Table 9: Baseline Comparison of the Algorithms. The col-
umn space and time represents the corresponding axiomatic
complexity of the algorithm.

Algorithm
Display
Name Space Time

HW
Support

Dhodapkar et al. [44] dwsa O(𝑛) O (𝑛2) Yes
Shen et al. [88] lpp_dwt O(𝑛) O (𝑛) Yes
Ding et.al [45] lpp_rud O(𝑛) O (𝑛) Yes
Proposed Offline offline O(𝑛) O (𝑛2) No
Zhao et.al [107] lcwst O(1) O (1) Yes
Proposed Online online O(1) O (1) No

demonstrates that the proposed optimal offline algorithm is a re-
liable method to compute the ground truth for phase transition
detection. Further, the evaluation approach we applied over the
real world applications is a trivial, trustworthy, and can be used as
a de facto approach to mark the phases.

Our proposed approach, which uses IPFVT as metric for outlier
detection enabled this accuracy. Further, the concise representation
of IPFVT allowed our offline algorithm to generate the required
result with less than 1% of computation compared to other offline
algorithms that is based on reference string or reuse distance as the
measuring metric.

Other phase-transition detection algorithms had an accuracy
ranging between 57 and 90 percent, however, demonstrated very
low F0.5 and F1 scores ranging between 36 and 49 percent, which
are considered important metrics in determining the right accuracy
balance between precision and recall in imbalanced classification
problems.

7.6 Empirical Overhead Analysis
The proposed implementation induced two additional logic to the
Linux kernel: (i) additional computation induced to the Schedul-
ing Decision function (SD) to compute the 𝑆𝑝 (scheduling noise),
which will be removed from IPFVT, (ii) the computation induced
to the Page Fault (PF) Interrupt Service Routine (ISR) to compute
the IPFVT (cf. Section 4.1) along with the DFA transition logic,
which is triggered on each arrival of an IPFVT to decide the locality

transition. If 𝑆𝐷𝑡
𝑘
is the time taken to compute one SD without our

AL_PFn + PFt
n AL_PFn+1 + PFt

n+1AL_SD1 + SDt
1 AL_SDk + SDt

k

Figure 7: The computation overhead between page faults.
There could be k scheduling decisions between two page
faults, where 𝑘 ≥ 0.

patch at 𝑘’th instance and 𝑃𝐹 𝑡𝑛 is the time taken to compute one PF
without our patch at the 𝑛’th instance then, we name the additional
time induced by our logic to the 𝑆𝐷𝑡

𝑘
as 𝐴𝐿_𝑆𝐷𝑘 and the additional

time induced by our logic to the 𝑃𝐹 𝑡𝑛 as 𝐴𝐿_𝑃𝐹𝑛 . Figure 7 describes
an abstract relation of the overall computation. If 𝑂𝐶𝑠𝑑

𝑘
is the time

taken by original SD computation between two page faults, which
is defined as:

𝑂𝐶𝑠𝑑
𝑘

=

{∑𝑘
1 𝑆𝐷

𝑡
𝑘
, k > 0

0, otherwise
(29)

Then, the time taken by one original computation 𝑂𝐶𝑛 at the
instance 𝑛 is calculated using:

𝑂𝐶𝑛 = 𝑂𝐶𝑠𝑑
𝑘
+ 𝑃𝐹 𝑡𝑛 (30)

If 𝐴𝑇 𝑠𝑑
𝑘

is the additional time introduced into SD computation
between two faults, which is defined as:

𝐴𝑇 𝑠𝑑
𝑘

=

{∑𝑘
1 𝐴𝐿_𝑆𝐷𝑘 , k > 0

0, otherwise
(31)

Then, additional Time 𝐴𝑇𝑛 induced by our proposed algorithm
for the instance 𝑛 is calculated using:

𝐴𝑇𝑛 = (𝐴𝑇 𝑠𝑑
𝑘
+𝐴𝐿_𝑃𝐹𝑛) − C (32)

where, C is the approximated constant overhead induced by
the overhead computation framework. The overhead percent 𝑂𝐻𝑛

induced by our implementation (𝐴𝑇𝑛) in addition to the original
computation (𝑂𝐶𝑛) for the instance 𝑛 is:

𝑂𝐻𝑛 =
𝐴𝑇𝑛

𝑂𝐶𝑛
· 100 (33)
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(a) Overall System Overhead (b) Scheduling Overhead (c) Page Fault Handler Overhead

Figure 8: Overhead induced by the online algorithm. The primary axis curves lie over each other due to very low overhead.

The primary y-axis in Figure 8a, Figure 8b and Figure 8c rep-
resents the computation time in cycles. The Original and Patched
represent the computation time with and without our implemen-
tation respectively. The secondary y-axis in the figures represents
the induced overhead in percentage. The Figure 8b and Figure 8c
represent the overhead introduced into the scheduler and page fault
ISR respectively.

We analyzed the overhead caused by the algorithm with up
to 529974 page faults. The analysis shows that the overall algo-
rithm induces a negligible overhead ranging [0.02, 1.3] percent
and averaging around 0.506 percent (cf. Figure 8a). The negligible
overhead observed (1.4% in worst case) makes the algorithm adapt-
able even to latency-sensitive and real-time systems. Our solution
added around 7378 cycles (averaging 0.004%) per scheduling deci-
sion which average around 9.046E8 cycles (cf. Figure 8b). Further,
our implementation added around 11240 cycles (averaging 13.40%)
to the original page fault interrupt service routine computation,
which average around 83872 cycles per page fault (cf. Figure 8c).

8 RELATEDWORK
The scientific research on detecting the locality changes using
phase transition techniques has been crucial in adapting multi-
configuration dynamic systems according to the program behavior
to achieve higher energy efficiency and performance.

In hardware, the techniques are incorporated to dynamically
configure the line size or total size of the TLB or cache, or dynam-
ically control the depth of the branch predictors, or dynamically
close down certain sections of the issue window.

The authors of [11] implemented a dynamically size configurable
L1 cache, using fixed-interval-based phase change determination.
The variance in specific hardware counters like conditional branch
miss count between two successful intervals determines the phase
state. The determined phase state, along with the current cache con-
figuration, determines the subsequent configuration of the cache.

In [92] the authors use a hardware-implemented working set
signature comparison method for dynamic microarchitecture con-
figuration of the CPU to alter the length of the branch predictor,
determine the enablement of certain sections of the pipeline, and
many more.

Hassan et al. [57] predicts the locality change for dynamic work-
load characterisation by building hardware based cumulative distri-
bution function of the reuse distance, based on the Least Recently
Used Stack Model (LRUSM) on the precollected reference string
and uses markov model to predict the transition.

On the software side, the technique is used for compiler based
dynamic code optimization. The software oriented methods uses
techniques based on basic block vectors and working set signatures.

The authors of [89–91] propose using a hardware-independent
metric named basic block vectors (BBVs) to detect the phase changes
offline to determine the simulation points, used to understand a
processor’s cycle-level behavior. Phase changes are detected when
the Manhattan distance between consecutive BBVs exceeds a preset
threshold.

Pusukuri et al. [84] predicts the locality phase change to deter-
mine working set size using TLB (Translation Lookaside Buffer)
miss rate and LLC (Last Level Cache) miss rate as predictor vari-
ables along with the number of pages referenced by a process at a
given instance of time to train three supervised learning models to
select the better among the models for prediction.

In [60, 61] the authors propose a positional adaptation technique
at subroutine level granularity to identify the phases. The positional
approach uses the similarity between different invocations of the
same code section to identify the phases. The framework is used
to manage energy and temperature dynamically, and combines an
offline approach with the hardware unit to make the decisions.

Zhao et al. [107] uses locality change detection in scalable re-
source systems using an approach called Intermittent Memory
Tracking (IMT). The IMT detects the locality phase change behav-
ior by observing and detecting the sudden change in PMC (Perfor-
mance Monitoring Counter) events of the DTLB (Data Translation
Lookaside Buffer) miss. The algorithm does not consider the sce-
nario where the WSS (Working Set Size) of a process might be
larger than the TLB (Translation Lookaside Buffer) and might add
context switch overhead.

In most of the research papers mentioned above, we notice that
the actual accuracy of the phase-detection algorithms is not evalu-
ated; instead, just the applied notion of the results is presented.

The Miss Ratio Curve (MRC) [103] is among the primary tool for
cache performance estimation uses locality principle as basis. The
majority of the research tries to reduce the taxonomy in deriving
the MRC using approaches like stack distance [6, 14, 76, 97, 110]
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and reuse time [13, 16, 59, 102]. The MRC based approaches are
based on reference string and best traced with hardware support.

The authors of [108, 111] derive the MRC using a stack of hot
page reference traces using software-only approach by toggling
the read-write permission, which induces very high context-switch
overhead [19] impeding the usage on real-world workload.

The rest of this section summarizes some of the current pre-
vailing issues in the operating system and different attempts to
address them, which we perceive will have a better solution using
our proposed algorithm.

The observations of memory locality behavior had convention-
ally approximated into online reclamation algorithms like Work-
ing Set Clock (WSCLOCK) [23], Page Fault Frequency (PFF) [26],
2Q [64]. A set of hyperparameters and the scan frequency (scan rate
policy: determines the intervals at which the reclamation algorithm
should run) determine the accuracy of these algorithms, which can
be automated using the proposed phase-transistion algorithm.

Many authors [81, 82] address the Linux page reclamation Jit-
ter by providing methods to tune watermarks. The proposed ap-
proaches statically determine the watermark and require error-
prone manual admin intervention to set the hyperparameter. This
can be automated using our proposed approach resulting in dy-
namic watermarks.

Predictive memory reclamation and compaction [10] attempts to
reduce thememory stall due to direct reclamation, uses curve-fitting
approach to analyze the page allocation trend to decide whether
the kswapd daemon needs to sleep or continue the reclamation.

Linux idle memory tracking [34–37], which is used to estimate
the working set size (WSS) of a process [54, 55] using fixed interval
polling, might work more accurately if run at right meaningful
intervals, i.e., the moments a locality shift happens.

Workaround engineering, like earlyoom [96], nohang [9] tries
to prevent the scalable high performance system from entering the
unresponsive state with the cost of running ten times per second to
check the available memory. These approaches have more chances
to terminate the processes whose pages are yet to be tested and add
considerable overhead to the system due to context switches.

To the best of our knowledge, the presented pure software solu-
tion, which detects the working set change at execution time using
phase transition model with no preparatory dependence has not
been explored in prior works.

9 CONCLUSION AND FUTUREWORK
We proposed a novel software-based solution for embedding knowl-
edge on programs’ memory allocation behavior into an operating
system’s memory management software. We used a novel and reli-
able binary classification based evaluation technique, conducted 33
experiments on four distinct databases with varied workloads and
evaluated nine varied metrics. The assessment showed that despite
no preparation and prior knowledge of the executing task, the pro-
posed solution achieved 89% accuracy on real world applications.
The sensitivity and specificity of the solution were 89% and 100%.
The non-existence of false positives in any experiments shows that
no normal value was wrongly identified as an outlier. Further, we
conducted theoretical evaluation to perform baseline comparison
with already existing locality change detection algorithms, and also

used the same to valuate the efficiency of our evaluation technique
we used on real-world applications. The theoretical accuracy of our
technique is 100% with F1-Score and F0.5-Score averaged around
98% with zero loss. Finally, we showed that the empirical overhead
of the algorithm is on an average 0.506% making the algorithm
suitable for real-time systems.

The proposed per-process online phase detection algorithm that
executes in constant time and space complexity opens several oppor-
tunities that we plan to explore in the future. The implementation
of the algorithm as a DFA that detects the essential moments in
which a task switches to a new working set can provide meaningful
sporadic trigger events to an operating system’s memory manage-
ment decision-making process. Furthermore, we intend to apply
the proposed algorithm to reformulate the scanning process in the
reclamation algorithm to maintain only working set pages in the
DRAM-based main memory while others pages are evicted from
it and secured in non-volatile memory or storage. This will be of
great value in scalable systems to achieve higher performance and
energy efficiency.
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