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Abstract

Key-value stores are the backbone of many interactive cloud services. Response
times on these services, expected to be very efficient almost all the time, are largely
tied to the latency response of their respective key-value database engines. Keeping
such a latency low in key-value stores remains a challenging task, in particular
for those queries with worst response times, typically located in the tail of the
latency distribution. In this thesis, we consider exploiting records size prediction
as complementary information to support scheduling algorithms during replica
selection, so that they can make more informed decisions. We explored the different
conditions under which this becomes feasible, and more importantly beneficial,
in the context of multiget queries involving heterogeneous data. To this end, we
propose a shallow neural network to predict whenever a queried record-column pair
will be large, even before seeing this particular record (i.e. primary key) for the
first time. Our network exhibits a limited computational overhead for inference,
and unlike Bloom filters, can be updated "on the go" without the need for restart
nor retrain from scratch. Experiments conducted on several synthetic datasets
confirm that the proposed network attains a beneficial state, namely more True
Positives identified than mistakes made, after seeing approximately 25% of all the
records. Our results suggest that it is indeed possible to accurately predict if a
key-column opset will be large, but only whenever large records are not evenly
distributed among the different columns, or equivalently, whenever they are "rather
grouped" into a set of a few columns.
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Chapter 1

Introduction

Key-value stores, a type of NoSQL database engine, allows the storage and retrieval
of massive amounts of data with seamless on-demand scalability. They constitute the
backbone of many interactive services of different nature and needs, covering from
lightweight text-based blogs content delivery, to social networks and e-commerce
services, up to interactive multi-media platforms such as Netflix. Response time
service-level objectives (SLO) in these systems are quite strict, meaning that the
response time is expected to be very efficient almost all the time. Slow response
time in web platforms does alienate active users, resulting in significant losses
of revenues and growth, even if the service is only affected for a brief period of
time [1, 2].

1.1 The heavy tail latency problem

Response time in interactive services is mostly driven by their associated key- values
database engine latency. Maintaining a low latency in these engines is, therefore, an
essential task required to deliver scalability while retaining a high quality of service
(QoS) in compliance with targeted SLOs. Although mean or median latency values
are indeed very relevant indicators of the overall performance in key-value store
systems, they only provide a limited picture that is insufficient to assess whether
or not the service is performing as it should.

Other fundamentals of the latency’s distribution can be much more relevant.
This is the reason why SLOs are defined upon the 95th, 99th and 99.9th percentiles
of the latency’s distribution, meaning that to evaluate the performance of certain
service, they only care about the smaller group of queries that take longer than
usual to be serviced. Take for example a service provider that claims to guarantee
a 99% response time of 10ms after receiving a request. In line with the previous,
this provider must spend the necessary efforts to ensure that less than 1% of the



serviced requests take longer than the aforementioned threshold. In other words,
assuring a QoS under this SLO commitment requires that the provider executes a
strategy, among several that will be discussed in further sections, in its database
engine to keep the 1% worst service times bellow the desired committed threshold.
This problem is typically known as reduction of long-tail latency, or taming heavy
tail latencies, and is at the core of this thesis.

1.1.1 Why does latency occur in the first place ?

Long-tail latency can occur due to a large variety of reasons and involves a complex
combination of interacting factors, including contention for shared resources and
sub-optimal scheduling.

Contention for shared resources. High CPU loads and intensive memory
accesses in multi-tenant virtualized environments, as well as traffic microbursts
in shared networks are known causes leading to performance fluctuations that
affect latency. Even in well-provisioned systems with nearly ideal conditions,
maintenance and periodic tasks such as logs rotation are known to trigger latency
spikes in individual hosts, that can eventually spill over other nodes within the
same cluster [3]. As such, this type of latency is very difficult to predict, and many
efforts to control it are focused on keeping an overall cluster-wide view on CPU
loads and response times of individual nodes, and then exploiting this information
during the replica selection to avoid overloading nodes with above-average CPU
loads.

Heterogeneous records size. One of the most important aspects that con-
tribute to latency is the differents size that different records have in a given
database. If all the records were the same size, it would be more easier to plan
the execution of the differents queries for optimal job scheduling. However, it has
been shown that this rarely the case [4] and that neglecting the different sizes of
the records can lead to significant performance deterioration. Overall, it is quite
unlikely that all records in a key-value store are similar in size, and a more realistic
scenario is to consider that their size is heterogeneous. Consequently, job planning
should benefit from including this type of information.

Head-of-line blocking. Head-of-line blocking is another very common cause
of latency in KVS. It mainly occurs as a result of sub-optimal schedules when
planning the execution of queries. A simple example of head-of-line blocking is
illustrated in Fig. (1.1), where the job is considered completed once all the records
have been fetched, so they can all be returned together at once. The latency in the



head-of-line blocking mainly occurs due to the heterogeneous size of the different
records.

Record requested: | Record 1 ‘ l Record 2 ‘ l Record 3 ‘ l Record 4
Sub-Optimal . Optimal Low
Planning Planning Head-of-line blocking
Node 1 Node 1
l Record 1 ‘ l Record 2 ‘ l Record 1 ‘ lRecord 4‘ (}::)

lRecord 3 ‘ lRecord 4‘ <:> lRecord 3 ‘ lRecord 2 ‘

Node 2 High Node 2
Head-of-line blocking

Figure 1.1: Head-of-line blocking, depicted as red arrows, involving 4 jobs and 2
servers. (left) Poorly planned jobs execution leads to higher head-of-line blocking.
(right) Better execution planning leads to minimal head-of-line blocking.

As can be seen, poor execution planning of the jobs will increase the waiting
time until all the records have been fetched. More specifically, even though one of
the two nodes has already completed the retrieval of all its assigned records, the
other node is blocking the final release of all records until it completes its jobs.

It is worth to notice that if all the records had the same "size", then there would
be no head-of-line blocking issue since any execution order or planning would be
equally efficient.

1.1.2 State-of-the-art on tail latency reduction

Most of the current works in tail latency reduction can be grouped into two main
categories according to the use of size information and heterogeneous nature of
the key-values pair. Information related to the query, including the number of
records in multiget request [5], but under the assumption that all key-values are of
similar or fixed-size (i.e. homogeneous). Authors in [6] keep indicators suggestive
of high latency, including the recent history of reading latencies, to select the best
replica. In the work of [7], the authors exploit information about the size of multiget
requests, processing time, and fan-out, to identify opportunities for tail latency
reduction. Yet, the size of individual key-value pairs is neglected. Head-of-blocking
is avoided in Heron [2] by considering variable execution time of key-value pairs
and using a Bloom filter to keep track of those pairs with the highest read latency.



More recently, authors of TailX [4] proposed exploiting the size of individual records
for optimal scheduling of multiget queries. A Bloom filter is employed as well to
keep a list of the largest records. In both works [2, 4], an efficient gossip protocol is
used to share either the records that took the most to be fetched [2], or the largest
records in size [4].

However, Bloom filters are known to require large amounts of memory and cannot
cope with frequent updates, meaning that they need to be restarted (or cleared) and
retrain from scratch again. Since it is difficult to know what the number of records
in a KVS would be in the future, the memory of these filters needs to be set to
arbitrarily large numbers in advance during capacity planning. The aforementioned
issues limit severely the applicability of Bloom filters in circumstances where the
hardware setting is not ideal and the databases are large, as well as in key-value
stores handling frequent write (i.e. update, delete, etc.) operations.

Furthermore, most of the previous works consider a coarse and rather limited
view of a record size as uniquely small or big, even though the size of a record is
the result of the composition of its associated key-value pairs. As a consequence,
no discrimination is made among records that are big, albeit a record of 100kb
can be big but certainly not as big as a record of 1mb. Another important aspect
often neglected is that many key-value stores, such as Cassandra currently allows
requesting a sub-set of columns - or cells/key-value pairs - from one or multiple
records, but not necessarily all columns. Making a distinction not only between
records (i.e. primary keys) but also between the different key-value pairs associated
with one record would require even bigger filters.

Recent works have considered different strategies to obtain direct or indirect
information about individual records size, and have shown remarkable success in
exploiting this information toward reducing tail latency. However, less attention
has been paid to the data-driven prediction of records size. There is currently a
need to incorporate fast predictive systems of records size that could underpin
scheduling algorithms during replica selection, in particular for multiget requests
in heterogeneous workloads involving a variable number of columns.

1.1.3 Fetching multiple rows but only some cols in Cassan-
dra > 3.4

Most of the current works consider that fetching a record necessarily implies
retrieving all the key-value pairs, regardless of the columns requested in the query.
However, Cassandra-10567 [8] and newer versions explicitly address skipping the
reading of columns not requested in queries. It is unclear if this feature always leads
to speedups and performance improvements. Yet, we know that this improvement
is indeed obtained (17% of speed-up in [8]) in cases where the columns requested



are smaller than the rest of the columns within the same record.

From the previous, we conclude that requesting a list of records with columns
(c1,¢2,¢3) can be slower than requesting the very same list of records but only
with columns (c1,¢2). This highlights the importance of not only differentiating
between the size of the different records, but also between the size of the cells
within individual records.

Under this view, we cannot categorically say if a record is big or small unless we
also consider which columns or key-value pairs our query is including; consequently:

« certain record A can be small whenever it includes the columns c1, c2

« the same record A can be considered big whenever it includes the column ¢3

Popular APIs such as DataStax [9] and Hector [10] already provide the necessary
mechanisms to perform multiget requests and while specifying which columns (or
key-values) will be fetched.

1.2 Records size as a consequence of the size of
its key-value pairs

1.2.1 Records size vs size of its key-value pairs

It seems intuitive to consider that the overall size of an individual record is just the
composition of the size of the different key-value pairs that this record contains,
plus some negligible meta information such as the record TTL. This is true in the
specific case where all the key-value pairs of a record are relevant for a query, but
more importantly, it also holds for the more general case when only a few key-value
pairs are involved in a query.

Interestingly, approaches such as Bloom filters are applicable in this context
as well. However, since we are no longer differentiating between single records
(i.e. primkey) but also between the different columns within a single record (i.e.
primkey plus colName), the memory requirements of these Bloom filters could be
much higher, depending on the number of different columns and the frequency on
which a larger key-value pair within a single record is requested. It could be that
some records have zero or one big cell within, and other records could have several
big cells.



1.2.2 Challenges in preventing heavy tail latency in this
context

Predicting records size, either in a coarse or fine-scale, remains a difficult task
since this task requires identifying recurrent patterns present in the data, provided
that these patterns exist - which is not necessarily always the case. From the
practical side, its application context set many constraints on the performance of
the predictive model, especially with regards to the computational overhead during
both inference and updates.

1.2.3 Research questions

In this thesis, we consider the more general and realistic case of multiget queries
with heterogeneous data sizes, in order to address the following research questions:

« could it be possible to predict individual records size accurately?

« under which conditions this might be possible and beneficial?

1.3 Rationale

1.3.1 Global organization of key-value stores

Due to the nature of key-value stores, the data is distributed and redundantly
stored in multiple nodes within the cluster. Differently from other data models, the
Cassandra data model illustrated in Fig.(1.2) keeps a copy of a group of records,
defined by the partition key, in several replicas. It includes key namespaces as a
kind of differentiation of databases, as well as column families which are effectively
a kind of table. Each record is composed of a list of key-value pairs known as cells.
A table or column family can include multiple columns, and a record can contain
key-value pairs involving one or several columns but not necessarily all of them.

1.3.2 Uneven per-column distributions of big cells

Let’s consider that, regardless of their nature (i.e. numbers, text, images, videos,
etc.), all the cells in a key-value store are organized in a single column. Suppose
that we would like to separate them into two different columns, without necessarily
following any particular order. The Fig. (1.2) illustrates how a list of cells, identified
as "red" (denoting large cells) or "green" (denoting small cells) types, can be
organized into two columns in three different ways.
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Figure 1.2: Different organization of records into two columns. (left) Clear orga-
nization suggesting that each column store records with information of different
nature, such as Text and Videos in columns Al and A2, respectively. (middle)
Less clear organization, such as what one could expect when storing Images and
Videos in columns Al and A2, respectively. (right) No organization at all makes it
difficult to judge what kind of information could be stored in the two columns.

Exploiting grouping information to predict big records. As can be seen,
information with regards to the amount as well as the frequency of "red" cells
present within a column could provide a hint on the type of information that could
be found within a certain column. This is just an example, and albeit it would
be difficult to guess exactly what’s stored in the different columns, this example
highlights how the column itself can be exploited as an organizational unit. This
becomes evident in cases where "big" cells are rather organized or grouped.

However, relying on column information is not enough to predict whether a cell
will be big or not, since it’s very unlikely that any column family will always be
organized like that. Instead, a combination of primary keys and column names
could be useful to identify grouping patterns across the different columns and
column families.



1.3.3 Neural network for records size classification using
col names

In this work, we propose a neural network model, illustrated in Fig. (1.3) to classify a
cell into small or big from by predicting the size of each of its (primkey, column) tuples
present multiget queries involving heterogeneous data. Such a neural network tries
to exploit the possible relationship between individual cells and the column-wise
organization of its contained values.

-
Multiget ] CQL: select c1,c2 from T where ID in (A,B,C)
2)

\multiget( Al c1,c2; B|c1,c2; C|cl,c

—

)
Split in Pairs

Programatically: sliceQuery.getKeys(A,B,C).getColumns(c1,c2)

Alct }04-@/7/
Ve 4/0/)

A I c2 oken(
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B|ct % Network | ——— | Scheduler Jobs Complei
(\=) Opset obs Completion
M Module probabilities —— ;
$ (Size) A :
l A P\C'\ :
Clc2 Job Query 2 (B | c1,c2) @
\ J Exceution

702

Figure 1.3: Scheduler takes more informed desicion.

Our network is trained online as the different records are read from or written
into the KVS. It exhibits a (limited) computational overhead of O(¢/Q) and O(c)
in predictive and update operations, respectively, for a multi-query of ¢ columns
involving @ parallel threads. This makes possible the integration and exploitation
in modern key-value store engines. The main contributions of this thesis are the
following:

e we propose a neural network able accurately predict a cells size class under
relatively mild though realistic assumptions:

(i) the size of cells in the KVS follows a log-uniform distribution

(ii) big cells are relatively well grouped column-wise



e we analyze the conditions under which our neural network might be effective,
and more importantly beneficial

e we evaluated the accuracy of our model in numerous experiments involving
synthetic datasets as in [11]

Neural networks models have been successful in tackling many challenging tasks
that require identifying patterns in large amounts of data. However, these models
require extensive training routines, significant amounts of data and their ability
to learn patterns is related to the network size (or capacity). Bigger networks
might have a better prediction performance but will also involve a larger number
of multiplications during prediction, which increases the computational costs of
inference and therefore makes then unsuitable for our task.

We studied how the different degrees of column-wise records grouping impacts
the ability of a shallow neural network to identify large records. We generated 30
different databases, each one containing 1 million key-value pairs with different per-
column organizations or grouping degrees. These databases were used to compare
the predictive performance, in independent experiments, of the proposed model vs
Bloom filters and a baseline model, as well as to measure the latency of our neural
network during records size estimation.

The remainder of this thesis is organized as follows. In the next chapter,
we provide a brief description of concepts related to our proposition, while the
proposition itself is detailed in Chapter 3. Our model is evaluated in Chapter 4,
including an assessment and discussion of its most important aspects. Chapter
5 concludes our findings, identify shortcomings, and provide a perspective on its
application and potential improvements.



Chapter 2

Preliminaries

As discussed in the previous chapter, our approach relies on the assumption that
cell’s sizes are log-normally distributed but also that the big cells are rather grouped
together column-wise. The size of all cells within all records in a key-value store
seems to follow a log-normal distribution [12] when taken all together. However, as
shown in Fig.(1.2), big cells can be grouped together in many different ways.

Generating a list of cells whose size follows a log-normal distribution is quite
straightforward. Yet, organizing these cells in a way that they exhibit certain
degrees or grouping is far from straightforward. For instance, could simply generate
a 26 million of cells and assign them a size value obtained by sampling from a
log-normal distribution (described by certain parameters). Then, we can randomly
organize these cells in 26 columns and 1 million of records, which is also quite
simple.

What is not trivial is how to measure the organizational degree or level that
big cells are exhibiting in a given database. More importantly, beyond measuring
the degree of grouping that big cells have in a given database, we are interested
in generating a database with specific and varying degrees of grouping for all big
cells, so we can assess the performance of our proposed solution (and others as
well) under different degrees of groupings.

In this section, we discuss how it could be possible to generate a database where
all the cells and records taken together to follow a log-normal distribution, but
more importantly, what procedure to follow in order to guarantee different degrees
or per-column grouping. A specific metric (to be defined next) is then used to
measure the resulting degree, in the following intervals {0.0,0.25,0.50,0.75,1.0}, of
column-wise organization of big cells in our randomly generated databases. The
details of data generation will be provided in Chapter (4)
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2.1 Dispersion values between groups in log-normal
distributions

A log-normal distribution is essentially a normal distribution whose values are
transformed into a logarithmic scale, as follows:
y=e" (2.1)

and therefore the parameters (i.e. mean and var) of the log-normal distribution v
is related to the mean of its corresponding normal distribution X as follows:

py = eluxt1/20%) (2.2)
02 = elmxtoX)(enk 1) (2.3)

Suppose that we divide a list (i.e. one column) of samples related the distribution
Y into C groups (or C columns), each group Yi,---Ye also being a log-normal
distribution, with their corresponding normal counterparts denoted as Xi,---, X¢.

As consequence of (2.2 and 2.3), the statistical parameters of these normal
counterparts and the log-normal distribution Y are related as follows:

wy = e(z uxi+1/20>2(i) (24)
o—%, = e(QZ'U’XiJrU?(i) — e(z 2'U‘Xi+a;2(i) (25)

The implication of the previous is the following: we can generate a list of C
populations (with parameters j;,0;), and we know that when they are combined or
put together, they will conform a log-normal distribution with parameter py,oy
when transformed as Eq.(2.1).

A second takeaway is that: for the same uy,oy, we can have populations where
w1 = pg = -~ = uc or just different py # ps # --- # pe; this will be discussed in
detail next. Yet, what is relevant is that this opens a path organize the very same
population (uy, oy) of log-normal distributed values into C groups, in different
ways with different grouping degrees, and measure how distinct or similar these C
groups are among them.

2.1.1 Per-column organization of values and dispersion.

It is possible to divide Y such that all the resultant distributions Yi,--- Yo are
exactly the same, and hence ux; = px2 = -+ = puxc. In other cases, the same Y

11



distribution can be divided in a way that they differ. The variance of their mean
can indicate how dispersed or grouped the values are among the different groups:

Var(puxi, -, pxc) (2.6)

It becomes clear that whenever the values in those groups are roughly the same,
then Var(.) = 0; on the contrary, any value of Var(.) > 0 will indicate that the values
are rather grouped. In our experiments, we calculate Eq.(2.6) per-database to
confirm the different degrees of organization.

2.1.2 Uneven distribution of values/cell size among differ-
ent columns

It is worth to notice that the variance in Eq. (2.6) is the variance of the means of
differents distributions, and therefore the variance is equal to zero whenever the
variance is roughly the same as shown in figure Fig. (1.2 right). In the opposite
case, whenever the variance is higher than zero, then the means will be different
and consequently, the columns will be different as shown in Fig. (1.2 left).

From the previous, it can be seen that the dispersion is zero whenever big
cells are unevenly organized and it is higher than zero whenever big cells are
rather organized into a few columns. The higher the variance between the different
columns, the higher the cells are organized within a sub-set of those columns.

2.1.3 Threshold to define a large record

There is a clear relationship between the threshold set to determine whenever a
record size is considered large, and the number of such records available in the
database. To a lesser extent, this threshold will also have an impact on the degree
of dispersion of large cells between the different columns with regards to their size.
For example, if one column contains small and moderate size images, then a high
threshold will set all the records of this column as small records. Meanwhile, a
low threshold will set all these records as large records. It can be seen that at a
specific threshold value, half of these records will be set as small and the other half
as large records.

12



Chapter 3

Methodology

Predicting the size of records as a whole, or even each of its key- value pair or cells
requires learning or discovering patterns that allow to discriminate between them,
provided that such patterns exist. In its simplest form, our problem consists in
learning the following functional:

fa) = (3.1)

that, from a given description (i.e. tokens) of an element =z, predicts its size y. The
size y can be a dichotomic value representing two classes, like 0 or 1; can be a real
number indicating the probability of z being a certain class; or it can even be a
list of values. The learning problem therefore consist in finding the functional f(.)
whose prediction is the same as the real size y:

(f(z) —y) =0 (3.2)

where the difference, which actually quantifies the prediction error, will be exactly
zero whenever the prediction f(r) matches the real size y. In the case that the is
not perfect, we would like that the prediction error is as small as possible.

3.1 Deep neural networks

Neural networks (NN) are known to be universal function approximators [13], thus
we can represent f by a neural network, and train the neural network to minimize
(3.3). The proposed neural network is detailed in Fig. (3.1).

As can be seen, for each (primkey, col), the neural network receives a list of 10
tokens and provides a real number between indicating the probability of the cell
corresponding to the (primkey, col) key-value pair to be bigger than a previously
specified threshold.

13
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Figure 3.1: Design of the proposed neural network to predict records class.

3.1.1 Input layer and tokens generation

The input to our neural network consists of a list of tokens, with values 0,---, 1.
These tokens are generated using certain information that is hashed using the
Murmu3 algorithm implemented in Java ! that provides a hash with values between
—1,---,1 that is multiplied by 0.5 and added +1 so they finally are in between 0 and
1.

From token to element in a set. These tokens can be multiplied by the
number of elements N in the set, and ceiled (i.e. round by excess to the next larger
integer), to obtain a value between 1 to N.

LCode available at https://github.com/laritzalba/neural-network-predictor. Credits
for murmur3 implementation go to http://murmurhash.googlepages.com/ and its authors.
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Figure 3.2: Neural Network Model

Information as tokens. As input, one typically uses the record’s primary key
in order to generate a token identifying this record in the set of 1 to N. However,
this does only work assuming that the requested queries involve all the columns.
Since we are identifying which columns are small or big for a single primary key,
instead we use a combination of:

o (primkey, colName) preceded by the keynamespace and table (i.e. column
family), example: ’laritzadb.tab.221955.A’

« number or position of the column from 1 to 26 (i.e. from A to Z) identified as
y in Fig. (3.1)

« summation of all the positions of the columns involved in the request

« independently generated hashes of the column name (i.e. from A to Z),
including: md2(.), md5(.), sha(.), sha-224(.), sha-256(.),sha-384(.),sha-512(.)

and the Murmur3 hash of each of the previous information is what finally gives the
input to the neural network, as a list of 10 tokens.

As discussed in YCSB [11], we made sure that the tokens generated are not
located in the same real values range, namely that they are spread all over the values
0,---,1. Likewise YCSB, we generated unique ids (i.e. primkeys) as integer values
between 1,---,20 x N instead of 1,.--, N using Zipfian. During the experiments
(Sec 4), we confirmed that this is the case by showing the grouping of tokens
associated with big records (see Fig. 4.2), by displaying these tokens generated for
10,000 records.
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Input layer. For each primary key and column pair, we generate a total of 10
tokes as previously described. Given that their values are between 0 and 1, these
tokes are used as is to define the input layer of our neural network as can be
observed in Fig. (3.2).

3.1.2 Learning the Neural Network

The learning problem can be specified as finding an f(.) where:

min £(x) = (f(;w) —y)* (3.3)
where the function f(.) is represented by a Neural Network with unknown weights
w that must be learned using backpropagation [14] . From optimization, we know
that the loss £(.) can be minimized using sequential updates, and that the solution
w, lays in the direction of the gradient. Thus, for the updates of w can be defined
across time as:

wy = wi—1 — Ve L(T) (3.4)

during execution of the t+-th query at time step ¢. The parameters 7, are a learning
rate, which regulate how much we allow the neural network to be updated every
time, and essentially re-scale the magnitude of the gradient at the point 2 while
keeping its direction; typically n; = cte Vvt where the cte is initialized at between 0.5
to 0.005.

3.1.3 Algorithm

Our algorithm starts by accessing a queue of pending queries to be processed. For
a given number of threads @ and learning rate n, the algorithm to train the network
while it is being used to predict is the following:

As can be seen, for each query, the list of keys and columns involved are
separated in pairs, and the neural network is then used to predict their sizes (steps
4-6). This information is then exploited by the scheduler to plan the execution of the
queries (step 8). The queries are then executed according to the planning decided
(step 9), and once the execution is completed, the real size of each key-value pair is
used to correct the network (step 10). The records fetched are finally returned to
the client.
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Algorithm 1: Neural Network for Size Prediction
1: Input: Learning rates n;
2: Initialize: w randomly
3: waitfor next query to arrive do

4 foreach (primey, col) pair do in paralell with @) threads
5: x; = GenTokens(primkey, col)  for the i-th pair

6: si = f(x;w) for the i-th pair

T endfor

8 Scheduler plans execution with all {sy, 9, -}

9: Execute queries and reveal real per-record cells sizes

10: foreach Incorrectly Predicted pair do

11: Update w as in Eq.(3.4) with prob. 1 (or 1/Q)
12: endfor

13: Return fetched records and process next query

3.2 Neural network design and trade-offs

In our solution, the neural network is composed of 1 hidden layer containing 8 units,
which is a very light neural network. The output of the network is also corrected by
a sigmoid function to ensure that all the predicted values are in the desired range
of 0 to 1 so that it indicates probabilities. This network design provides several
benefits as well as drawbacks.

3.2.1 Network capacity

The most tangible benefit is that each prediction requires 88 multiplication opera-
tions so it can be very fast during inference. Notice that having additional layers
or a larger number of nodes (or both) is possible and configurable in our design.
Yet, this would make the inference process slower by increasing the number of
multiplication operations required for each prediction, which increases the compu-
tational overhead and could make the network unsuitable for our problem where
fast inference is a must.

On the negative side, the limited number of layers and nodes affects the accuracy
of the network. In other words, networks with a larger number of hidden layers
and nodes can potentially be much more accurate. However, as discussed before,
a bigger network will incur higher computational overheads for each prediction.
Furthermore, a bigger network could also need more time to learn different patterns.
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3.2.2 Memory required

Another important benefit is that the network occupies a negligible amount of
memory in the server. In our case, this amount is 88 x 8 = 704 bytes, which is less
than 1kb of memory. Even very large neural networks are unlikely to consume
beyond a few dozen MB of memory, which is an advantage compared to other
models.

3.3 Online training

The training process should happen as the data related to the different queries
requested to the key-value stores flows in. That implies correcting the neural
network while the records are being processed. As the primary keys and columns
of the records arrive in as a query, the neural network is used to predict the size of
each of the cells associated with all the records. Regardless of the correctness of the
prediction, the record will be scheduled for fetching, and the true size of the record
and its key-values will be known. At this point, if the prediction was incorrect,
then the network should be updated so that f(.) becomes a better predictor for
future records involved in future queries. This process is repeated continuously to
keep improving the network as more data arrives.

3.3.1 Convergence across time

The parameter n regulates how much the neural network is corrected at every
update. To guarantee that the neural network prediction becomes stable and
does not largely change, we decrease the value of 5 after every certain amount of
processed read (i.e. SELECT) queries, down to a certain minimum value. We use
several learning rates n;, defined as:

ne = max (n- 1/t ctemin) (3.5)

On the contrary, n, is increased every time a write (i.e. UPDATE) query is
executed. The aim of the previous is to ensure that the values of the neural
network converge after a while. As the number of iterations ¢ increases, the value
of n; — ctemin which essentially stops the learning process for a low ctemin — 0%.
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Chapter 4

Experimental Results

The assessment of the proposed solution requires the execution of several multiget
queries in sequential order. In this work, we consider an experimental setting where
a database has already been populated in a key-value store and that does not change.
This setting mainly aims at evaluating the predicting performance when fetching
records. Although limited, this setting is standard practice in database performance
benchmarks. Nonetheless, our solution can be applied to other settings without
additional requirements. Differently from Bloom filters, adding and removing
records from the database should not have a significant impact on our solution.

Notice that as long as the distribution of big records -whichever it might be- in
the different columns do not change substantially, our solution will still be able
to predict them by exploiting the very same information. On the other hand,
we expect that removing and adding columns relatively often in such a database
would impact negatively our solution. We compare the proposed solution against a
random decision, which is a model that randomly guesses if a record is small or big,
and against a model that always tells that a record is small, which is essentially
ignoring the value of predicting the record’s size.

Update and Delete operations. UPDATE queries or writes operations are
treated likewise any read operation, but without actually fetching the records. This
means that for an update operation, the neural network predicts the size of the
record, and if the prediction is not correct then it is corrected with the true size,
which is available by definition in the update query. The cost of an update is O(c)
for ¢ key-value pairs, and cannot be performed in parallel. If necessary, the neural
network correction can be done (step 7 of the algorithm) with probability 1/Q
which will lead to O(c/Q).

For our purpose, a DELETE query can be treated as an UPDATE query where
the size of the record and all its key-value pairs is set to zero. Arguably, once a
record has been deleted, it should have no effect in the performance since it should
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not be requested in any subsequent query *.

4.1 Data preparation

In our experiments, we generated a total of 30 synthetic databases, corresponding
to 5 different types of dispersion/grouping and 6 experiments per type, so that each
experiment can be independently repeated "in a different database" each time. We
followed a generation the same strategy (or as close as possible) detailed in [11].
Each database contained 1 million of records that were stored in a single keyspace
within the same column family composed of 26 columns. For each database, we
simulated the execution of a list of queries, that were generated as follows:

1. pick randomly one or more records using a Zipfian distribution

2. pick randomly a subset of columns from this record using a Zipfian distribution

3. SELECT {subset of colums} FROM tab WHERE id in ({list of keys})

and this process was repeated until the number of key-values involved in the queries
all together reached 1 million. In total, around 110,000 of queries were generated,
each query involving one record and approximately 745 columns requested. Multiget
can then be defined by grouping 2 or more consecutive queries into one. Also, for
each of the 30 databases, we share [15] the list of records and columns per query,
as well as the real size of each key-value associated with the queried record.

In the context of query execution, it is relevant to know which columns from
which records will be the biggest, hence we treat each query as a multiget composed
of several pairs in the form of (primkeys,colName). Providing more granular
information about the size of individual key-value pairs allows to decide if a record
is big or not.

Three distributions for three data aspects. These three aspects of the data
are modeled thru three different distributions.

« Popularity of a record (Zipfian): some records (primkeys) are more often
requested than others

« Popularity of a column (Zipfian): for a given record (primkey), some columns
are more often requested in a query involving that specific record

Tt is not clear to use if a KVS will schedule the execution of a query involving a record that
does not exist in its tables/indexes.
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« Size of a cell (log-normal): the size of a cell, which is a key-value pair contained
within a record/row

« Size of a record (log-normal): a record is a composition of cells and therefore
it follows a log-normal distribution likewise cells

Next, we will detail how these distributions are used to generate data, and
which parameters are used for the generation in our experiments.

4.1.1 Single-record popularity as a Zipfian distribution.

In any key-value store, some specific records (i.e. primary keys) are more popular
than others. This is in line with the fact that some websites or smartphones
applications are indeed more popular than others, and thus the records associated
with them must be more frequently fetched from the database. To model this
popularity, we used a Zipfian distribution [16] with a rho parameter value of p = 0.99
in a records space of 20million records.

Zipfian distribution on primary key of query requests
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Figure 4.1: Popularity of the queries is independent of the record type. (a) Primary
keys frequency. (b) Distribution of primary keys frequency.

The resultant records generated with this distribution parameters are shown in
Fig. (4.1) for a total of 10,000 records, where the records are represented by their
corresponding tokens. As can be seen, different records have different popularity
and some are more often requested than others.

4.1.2 Columns access frequency as Zipfian distribution.

For each data generation, we started by generating a total of 1 million of key-
pair values. These were organized into approximately 100,000 records, each one
containing a variable number of key-pair values. This allowed to model queries
where the same primary key was requested using a different set of columns.
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Likewise, in the case of the record’s popularity, it seemed more realistic to
consider that certain columns were more popular than others. For example, we
could see the price and picture of a product in an e-commerce platform, but only a
few times we would click to see more details related to it. Similar to an image on
Instagram, where one sees the image, and only sometimes go for more details about
one particular image. Therefore, we considered that the popularity of each column
included in multiget requests followed a Zipfian distribution with a parameter
p=0.99/2.

To select the columns, we first permuted the column names {A,---,Z} to get a
randomized (uniform) order, like D, A, C,---, B. Next, for each multiget, we sampled
26 numbers at random with replacement following a Zipfian distribution, and
discarded those columns repeated in the list. These numbers indicated the name of
the columns to be included in that particular multiget. The process was repeated
until all the million records were organized into different multigets.

As summary, this process provided an average number of requested columns per
multiget of about 745, where the column popularity followed a Zipfian distribution.

4.1.3 Log-normal distribution of the size of key-value pairs.

We modeled the overall size of the individual cells (i.e. key-value pairs) as a
log-normal distribution, that was earlier discussed in Sec.2, with distribution
parameters p = —0.3 and o = 1. These values were scaled and truncated so that
the final key-values sizes were in between 1byte and 1mb.
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Figure 4.2: Popularity of the individual cells according to their different size. (a)
Primary key according to the record size. (b) Large records sequential query order
vs token.

The Fig. (4.2) shows the distribution of big, moderate size and small records.
As can be seen, Our generation guarantees a proper spread of big records across
the different token values, as well as their per-token distribution compared to small
records.
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Column-wise grouping of records. During the generation, big records were
organized considering five different degrees of per-column dispersion with values of
{0,0.25,0.50,0.75,1.00}. The process to generate the records according to different
columns has been described earlier in Chapter (2).

Threshold setting. As detailed above, we consider as big records those with
cells that have at least one cell with a size bigger than the previously defined
threshold. For the rest, we considered as small all those with all cells less or equal
to 2kb, and of moderate size those records whose cells were all between 2kb and
the threshold.

The cut-off value to determine if a key-value pair was big or small was set to
38kb, since this threshold would guarantee that in no dataset, the number of big
key-value pairs was never higher than 20%, with a typical percentages between 1%
and 7% for most of the 30 databases finally generated.

4.2 Experimental setup

4.3 Simulations

Each experiment consisted of sequentially querying a list of multiget requests, one
after the other, and predict each column’s size present within the multiget by using
our model for inference. This prediction would then be passed to the scheduler for
the planning of the different keys and columns in the different replicas. After the
records have been retrieved, then the real size is used to update our model.

To evaluate the prediction performance, we didn’t have to run any scheduler or
planning, and just assessed how well the big key-value pairs were identified by the
different models under assessment.

4.3.1 Evaluation Metrics

During the queries execution, we keep statistics with relation to the prediction
accuracy, by keeping in particular whenever:

« True Positive (TP): a record is predicted as big and it’s big
« False Positive (FP): a record is small and it’s predicted as big
« False Negative (FN): a record is predicted as big and it’s small

« True Negative (TN): a record is small and it’s predicted small
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In addition, we are interested in knowing if the overall mistakes surpass any
correct prediction that our model provides. To this end, we define the following
metric:

TP —-FP—-FN
) p— 4.1
Gain TP L FN (4.1)

which clearly shows that the gain is positive whenever TP > FP + FN, namely,
the number of correctly predicted big records is higher than the number of errors.
The previous can be used as an indicator of when the model becomes more valuable
than one of the baselines.

Gain and comparison with baselines. We consider as baseline those schedul-
ing strategies that simply assume that all records sizes are small.

In this strategy, the accuracy value can still be high in the order of 95% or more.
Other metrics such as Precision and Recall can also be applied and will give a
better idea of their performance compared to accuracy.

However, from the definition of gain, we can see that this strategy will always
lead to a gain of —1, which provides a baseline reference for comparison. In addition,
the gain will be > 0 only whenever the number of correct predictions surpasses the
number of mistakes makes. The brake-even value of the gain is 0 whereas in True
positive rates or Precision is higher than zero, thus we used this gain metric for
better interpretability in our problem context, but any other metric could be used
instead since all of them are defined from the TP, TN,FP,FN.

Together with the accuracy, which also includes True Negatives, the gain tells
the overall benefits of employing records prediction in certain database. True
positive rates or Precision could also be alternatives and are more commonly used.

4.4 Results

The assessment of our model was done for 5 different degrees of dispersion or
grouping, in independent experiments that were repeated 6 times, from where we
reported the mean along with the standard deviation of the gain and the accuracy.

In all the experiments, the weights of our neural network model were initialized
at random using a gaussian distribution with a mean zero and variance of 0.1. The
learning rate for the weights update was always initialized at 0.3. As detailed in
Chapter (3), the input to the neural network consisted of 10 tokens, and the output
was a value between 0 to 1 denoting probabilities; values > 0.5 were indicative of a
big cell.
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4.4.1 Comparison to a Bloom filter and Random desicion

In order to assess the performance of the proposed model, we compare it concerning
a Bloom filter. In both cases, the same list of synthetic databases was used, as
well as the same queries in the same execution order. As input to the Bloom filter,
we used the same first 2 tokens available for the neural networks. We configured
the filter likewise recommended 2 with a 0.1 false-positive chance for a hardware
configuration with limited RAM. The size of the filter’s memory was calculated
according to the Eq.(6.2) derived in the Appendix, in a way that was enough to
store n elements (n is the total number of big records) with two independently
generated hashes (k = 2) corresponding to the same first two tokens given to the
neural network, using a false positive chance of 0.1
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Figure 4.3: Prediction gain of neural network vs Bloom filter. Distinguishing small
from large cells/values becomes more beneficial (i.e. positive gain) in databases
where big records are more organized in a few columns.

The results are shown in Fig. (4.3) and detailed in Tab. (4.1). As can be
seen, the performance of the Bloom filter was similar or higher compared to the
performance of the neural network. In terms of variability of the results, the Bloom
filter was more consistent, whereas the neural network exhibited a higher variance.
Both model’s gains and accuracies dropped for datasets with high dispersion of big
records across the different columns.

Zhttps://cassandra.apache.org/doc/latest /operating/bloom_ filters.html
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Model Grouping = 1-Dispertion
1.00 0.75 0.50 0.25 0.00
Gain (percent)
Neural Net | 86.82+9.06 84.23 £10.62 44.70£52.73 <0 <0
Bloom Filter | 89.82 +1.98 85.20 £ 02.23 74.90 £05.86 29.02 £17.17 <0
BaseLine <0 <0 <0 <0 <0

Accuracy (percent)

Neural Net 99.24 +£0.44 99.18 £0.68 98.83£0.88 96.81 £1.27 71.87 £ 10.66
Bloom Filter | 99.21 £0.31 99.24+0.43 99.29£0.40 98.22+1.37 84.11 +£0.06
BaseLine 93.38£4.87 96.22+£241 9753£2.05 98.13+£1.59 94.04+£0.24

Table 4.1: Results of big cells prediction with thresholds fixed at 38kb.

4.4.2 Prediction latency and complexity

From the design of our neural network, it is clear that the computational cost of one
prediction is O(c/Q), and thus linear in the number of primkeys and column pairs ¢,
when executed in parallel using @ threads. To measure the computational overhead
of our neural network prediction, we executed multiple times our prediction routine
for a set of queries and calculated the overall elapsed time. Dividing the elapsed
time by the number of queries gave us the expected overhead time for a single
prediction.

The previous measurements indicate that our shallow neural network takes ~ 0.3
milliseconds (i.e. 3 x 107* secs) to predict a single primkey/column pair.

4.5 Discussion

From the results, it becomes that the Bloom filter performed best in comparison
with the neural network. Not only in terms of the mean of gain and accuracy but

also its standard deviation was smaller compared to that of the neural network.

Even more important, we used a false positive rate for the filter with a value of 0.1,
and decreasing this value to 0.01 or 0.001 would yield even much better results.
The neural network performance quite well in the databases where the big
cells/values where rather grouped into a few columns, with gains and accuracies
similar to the Bloom filter. The variance of the neural network was unexpectedly
high, meaning that some results were quite accurate and others the contrary, This
high variance could be attributed to a combination of the random initialization
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of the neural network weights (Algorithm 1, step 2), the way that the learning
rate was decreased (Eq. 3.5) and the number of queries processed during training.
Additional experiments could be useful to confirm if this is the case.

4.5.1 Limitations of both models

Neural networks. Given that the prediction latency of the neural network is
not high, its main limitations seem to be related to the gain and accuracy. It fails
much more often than the Bloom filter in predicting the size of a cell and is also
less consistent which can be seen in the variance of the results. On the positive
side, the neural network size is fixed regardless of the amount of data

Bloom filter. The main limitation of the Bloom filter is known to be its memory
requirements. Yet, it did not manifest in our databases nor our simulations.
Nonetheless, we performed a more in-depth analysis (see details in Sec.6.1.2 of
the Appendix) to analyze why this was the case. Our analysis suggests that, to
reach the limits in our per-column prediction approach, we need a database with
around 10 million records and 26 columns for a Bloom filter with a false positive
chance of 0.01, or a database of around 80 million records and 26 columns with a
false positive chance of 0.1. The higher the number of columns and the number of
different columns combinations used in the different queries, the smaller the DB
needed for the Bloom filter to reach its limit in this context.
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Chapter 5

Conclusions

In this thesis, we showed that a neural network can predict whether a key-value will
be large quite accurately, but only when certain conditions are met: large records
are mostly grouped into a few columns rather than dispersed everywhere. This is
very intuitive, such as in the simplest case where all big records are stored in one
specific column, then any query involving that column will provide a big record.

Main conclusion. Bloom filters are great, not only to identify big records but
also to identify big key-value pairs comprised within records. Nonetheless, we
discussed how the detection of big records at key-value pairs levels challenge the
feasibility Bloom filters, specifically with memory requirements that scale linearly
with the number of different columns combinations involved in the different queries.
This brings the limit of a Bloom filter to a few dozen million records when working
with two dozen columns in a column family.

What is more important, the previous position neural networks as an attractive
alternative for multiget queries involving different sub-set of columns, especially
in the presence of medium-to-large databases that are deployed in nodes with
small-to-medium memory size, which likely quickly pushes the limits of Bloom
filters and solutions alike that require large amounts of RAM.

Predicted Size

Probability | 0 [ 0 |0.1]0.8]0.1] 0 |

10' 102 10° 10* 10° 10°

Figure 5.1: Unlike other models, neural networks allow predicting a finer information
about the record/cells sizes, not only if its small or big.

Furthermore, unlike Bloom filters, neural networks can not only predict if the
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record or its cells are small or big, but also provide a finer type of prediction, as
shown in Fig.(5.1), which can provide an even more detailed information for the
scheduler to exploit during jobs planning and replica selection.

Shortcomings. Two main shortcomings can be identified in this work. Firstly,
it is unclear whether real-world databases, if some or all or how often, have some
degree of organization of big cells within its columns, although we believe that
columns names provide a natural organization or grouping for values (ex: a column
with name "video" ). Hence it would be necessary to assess our model in real-world
databases, preferably in those in the range of 50 to 100million records.

Secondly, it is still unclear if or how, having more granular information about
the record size at the column-wise level, will materialize into a practical speed-up
and tail latency reduction. For this, the experiments should be conducted involving
YSCB and a real Cassandra cluster.

Future works. In future works, the aforementioned shortcomings could be
addressed. Besides, as improvements, we could consider improving the neural
network design in terms of the number of hidden units and layers to see how much
it can improve while keeping a low inference time latency. A practical extension
could be to consider different settings where the same neural network is shared
across multiple master nodes or is trained used common information shared via
gossip protocols.
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Chapter 6

Appendix

6.1 Bloom filters

Bloom filters can be considered as a data structure that relies on a kind of data
compression to store elements from the same set. A special property of Bloom
filters is that if an element has been already added, it will always be found on this
set. As a consequence, the False Negative rate of a Bloom filter is always zero. A
negative aspect of such a filter is that no element can be removed from this set once
it has been added unless one reset the filter completely and start all over again.

In its most simplistic form, a Bloom filter is just an array of n booleans
that constitute the filter’s memory. Given an element, represented as a list of k
independently generated tokens with values restricted from 1 to n, the filter can
add such an element into the set by setting to True each position of its memory
according to each of the k tokens.

In order to determine certain element is within the set or not, also from a given
representation of this element as a list & tokens, the filter just check each of these &k
positions within its memory to confirm that they are all set to True.

6.1.1 False Positives rate in Bloom filters

The probability of getting a false positive from such a filter can be derived from
the filter’s memory size n, the number of k tokens, and the maximum number of
elements potentially to be included in the set m.

The performance of a Bloom filter depends on a trade-off between the memory
size n and the number of elements m expected in the set, with k¥ being kind of
"assurance' factor.
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Filter memory size indexing primkey or (primkey, column) tuples The
upper bound on False positive (FP) error rate of a bloom filter can be established
from these parameters as follows:

FP rate < (1 — efﬁm)k (6.1)

where, from a desired FP rate pre-set or fixed beforehand and & > 1, we can solve
the ratio between the filter size and the number of elements:

m  —log(1—FP rate)
2 - = (6.2)

6.1.2 Practical limits of Bloom filters for detection of big
cells

In order to analyze the limits of Bloom filters when tracking big cells instead of
big records, we considered a practical scenario including a hardware setup for the
master nodes.

We followed the hardware recommendations for Cassandra provided by the
Apache Foundation [17] and DataStax[18], and selected an Amazon EC2 instance
of "i2.large" type that comes with 30.5GB of RAM. In practice, Cassandra takes
around 12GB of RAM when running for its filters and tables and its also desired
to keep 6GB for the OS to fulfill monitoring and maintenance tasks, which leaves
in total 12GB free for our Bloom filter.

Notice also that in our experimental setup, we have that k¥ = 2 and the big
records threshold set in a way that in each experiment, no more than 20% of all
cells are considered big. The number of columns per family column was set to 26
whereas the average number of columns requested in a query was 7 + 5.

False positive chance. The previous experimental setting and hardware con-
figuration, together with Eq.(6.2), effectively set the limits of our bloom filter in
practice. After this limit, the filter will start to fail and give many more false
positives than expected.

As can be seen, for a false positive chance of 0.1, this kind of filter will reach its
limit at 72.5 million of records (or rows). Conversely, for a false positive chance of
0.01, the limit will be reached at 6.8 million of records (or rows).
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