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We show that the time-series database for industrial IoT data management exhibits intrinsic demands for
integrating an automatic version control system, which introduces advanced data semantics and query
optimization. In deployed IoT database instances, IoT data managed by an LSM tree is multi-leveled and
multi-versioned due to network issues and erroneous IoT readings. For data semantics, each query merges
versioned data according to query expressions or data block levels. For query optimization, we find that
existing time-series databases relying on write-ahead-logs suboptimally execute data queries, due to their
performance bottlenecks in merging numerous versioned data. In this paper, an algebra consisting of version
operators addresses the semantics for time-series applications to evaluate and optimize physical query plans.
We propose version reducibility as a key feature of executing consistent plans and evaluate the benefits of
putting off data merges. We also show the integration of version queries to existing relational databases by
translating them to standard SQL based on relational reducibility. Finally, our extended experiments show the
effectiveness of optimizing execution plans over versioned data.
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1 INTRODUCTION

Data generated by the Industrial Internet of Things (IIoT) are typically time series [22]. Each pair of
timestamps on a single timeline and series name corresponds to a series value [24]. When receiving
data packets from IoT networks, noisy time-series data would occur frequently, challenging current
IoT databases.

1.1 loT Data and LSM Trees

Since each IoT time series is generated with high frequency, such as every millisecond, challenging
the persistent performance of B-tree-based databases [24]. IoT data are kept in logs and maintained
by a log-structured merging (LSM) tree, for example, the Apache IoTDB [2]. The LSM tree [37] is
designed for persisting key-value pairs. Generally, the LSM tree first buffers time-series tuples in a
memory table and flushes the buffer to a run sorted by timestamps on secondary storage when
it reaches the allocated size. In a time-series database, each sorted run contains the tuples from
multiple time series, and the tuples are grouped according to the series name in each run. When
IoT data arrives in the same order as it was generated without any updates, the log-structured files
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Fig. 1. Versioned time-series data.

do not overlap, and each query is planned as sequential scans of all related runs. This contributes
to a trivial LSM tree that does not rely on compaction to update data. However, the IoT data from
real-world applications is multi-versioned, and the LSM tree is not as simple as expected. The IoT
database relies on the network to collect the tuples, leading to delayed or duplicated data packets.

ExampLE 1. Figure 1 shows major reasons for a non-trivial LSM tree in an IoT database. Industrial
sensors are connected with programmable logic controllers (PLCs), which occasionally sample and
upload the states of sensors to the database [11, 42]. Due to network issues, packets to the database may
be delayed for reasons such as system recovery [7, 20, 45, 48] and network congestion [31, 43]. Without
backward acknowledgment (ACK) messages for delayed packets, i.e., timeout, the communications
protocol asks PLCs to resend IoT packets. As network routers consume delayed packets first, we notice a
resend of the same packet arriving later than the delayed one. For example, in Figure 1(a), upstream
routers resend a delayed packet generated at 23:23:30. This results in unordered and duplicated tuples
in the time-series database.

In addition, there could be erroneous readings by IoT devices. Errors are widely observed in time-series
data, e.g., abnormal series values [17, 44] and timestamps [18]. Figure 1(b) shows the records generated

from a speedometer. We generate a speed constraint to repair data based on ground truths, such as
| Velocity(t;)— Velocity(t)|

A < 5m/s?%, which restricts the speed variances of every second to be less than 5m/s?.
An averaged attribute value of a former and latter tuple repairs the erroneous tuple, marked by the red
circle in Figure 1. The database inserts the repaired tuple (23:23:36,14), marked by the green circle,

which arrives later than the red one in Figure 1(a).

Handling messages by middleware like Apache Kafka and RabbitMQ, featuring different use
cases, is possible in the cloud. However, IoT databases like Apache IoTDB are often installed in
gateways or edge devices, with limited computing resources, high throughput, and unknown
routing logic. Given insufficient memory, it is often hard to persist records to fix all delays and
correct all records through a middleware or a lower-level layer. Thereby, LSM-tree is employed in
product systems such as Apache IoTDB and InfluxDB, to handle the intensive data ingestion from
millions of sensors with delayed, duplicated, and repaired data. Our proposal focuses on optimizing
the query processing over the LSM-tree data by exploring the versions with branches.

1.2 Optimizing Queries with Versions

Multiple approaches have focused on optimizing queries over the LSM tree, including fast point
filters [13, 15, 16, 28], efficient range filters [33, 34, 49, 50],and new leveling policies on I/O tradeoffs
[12, 14]. They focus on optimizing LSM trees based on estimated time consumption, rather than
optimizing plans of specific workloads over log-structured data.

ExaMPLE 2. Figure 2 shows an LSM tree for managing the multi-version time-series data. The LSM
tree consists of the buffer in memory and sorted runs in secondary storage, where each run is grouped
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Fig. 2. Multi-version time series are stored in the LSM tree. (a) As the data could be delayed, each run would
contain several slices of the same series. (b) The time-series database receives the data from more than one
sensor, and each run contains data arriving in the same period, e.g., the velocity and thermal data.

by the series name and sorted by the timestamp. The data from the lower level runs update higher
level runs. Figure 2(a) shows the time ranges of the velocity data, with some portions left blank due to
delayed network packets, as illustrated by Figure 1. To answer a range query in Figure 2(a), existing
databases will merge the overlapped runs throughout the levels from level 0. Loading and updating
data requires sufficient disk I/O. However, some updates are unnecessary, like merging delayed packets
by.1 with b, ;. When wind speed (wspd) is generated at the start of every minute, the natural join on
timestamps between velocity and wspd also meets unwanted updates between by ; and by ;. Thus, some
operations from the query plans could be applied before loading and updating data. The operations
with selectivity, including time and value filters, and alignment (natural join on timestamps), will
reduce the I/O and CPU usage when answering queries.

Existing works or databases execute the queries over an LSM tree sub-optimally. To distinguish
the update priority of runs, we introduce versions in query plans as a hint to query engines, where
runs created at larger timestamps have higher priority to update, like Figure 2(a).

1.3 Contributions and Overview

Our major contributions are summarized as follows.

(1) Section 2 formalizes the versioned data model and discusses versioned data semantics.

(2) Section 3 shows the versioned time series algebra to construct execution plans. Notice that
updating the whole series is time-consuming, version reducibility exchanges the execution of
updates and other operators with consistent execution results, concluded as optimization rules.

(3) Section 4 discusses the practical details of managing versioned time-series data based on
the Apache IoTDB. Further in Section 5, we translate version queries to SQL based on relational
reducibility for relational databases like PostgreSQL.

(4) Section 6 compares our proposals integrating optimization rules with other baselines on
real-world version queries on IoT data. It indicates the effectiveness of our optimization methods.

2 VERSIONED TIME-SERIES DATABASE

In this section, we introduce the versioned time series data for handling updates through versions
by formalizing the data model in Section 2.1 and semantics in Section 2.2. We also show practical
version management through branches for IoT data in Section 2.3.
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Table 1. Definitions of formal notations

Notation ‘ Description

S ={T,V,R} | Model of schema, timestamps, version and series values
T,A € R,v € V | Timestamps, series attributes and versions
(t,v,r) €I | A tuple from versioned series instance I
D | A versioned time-series database
ts(D) | A time-series database
®,q | Tuple calculus formula, query by semantic rules
e, Q | Expression (execution plan), query by expression
ag;ap | Filter selectivity; Ratio of updates and duplicates
B | Number of blocks in IoT data store
ar | Ratio of data blocks without time range overlaps

2.1 Versioned Time Series Data

Motivated by Example 2, we extend existing data models of time series [19, 26, 39] to a versioned
time series model S = {T, V,R} for timestamp, version variables, and attributes, respectively. We
use version numbers to distinguish updates and the original record of each timestamp. For example,
R = {wspd, velocity} is the relational part of series wspdCollect. We consider the versions variables
Vi, V2, ... with their values v; € N. Each attribute A € R has a version number, namely v4 € V.

ExAMPLE 3 (VERSION FOR UPDATES). Consider a simple case of versioned single-dimensional time
series I = {{t,v,a),(t,v',a’)} of schema S = {T,va,A}. When v’ > v, the tuple (t,v,a) € I is
updated by (t, V', a’)y. When persisting them in different LSM blocks, the timestamps of writing two
blocks could be the version of each tuple. In Figure 2, the LSM tree will write by 1 earlier than by 1.
Tuples from block by 1 can update the tuples of the same timestamp in block by ;.

When each tuple has one version attribute, it is easy to distinguish an updated tuple from a
deprecated one. However, time-series alignment (natural join on timestamps) leads to more than
one version dimension. We need to compare versions on multiple dimensions and find updated
attribute values. We define the series update A(I) by updating each attribute.

DEFINITION 1 (VERSION UPDATE). Let I denote a version instance of schema {T, V,R}. Consider an
attribute A € R. For each tuple (t,v,r), the version update operator modifies the value of attribute A
by another tuple (t',v’,1’) satisfying, t' = t,v[A] < v'[A]. Formally, the version update is applied
to an instance I with Ay(I) = {s | s[A] := s’[Al],s,s” € I,s'[va] = max_ef s[T)=s,[T] Sx[Val}. Given
R ={A;...A,}, it could be applied to the whole relation, A(I) = A, (... (Aa,(]))).

ExAMPLE 4. We use this example to illustrate the version update operator. Consider the timestamps
of writing by.1 and by 1 as 2 and 1. We observe two single-variate tuples {(t1, a1), (t;,b1)} stored in
b1.1, which are updated by {{t, az), (t1,b2)} from by_1. Before the arrival of by 1, an execution aligns
two tuples by timestamps as (t1, a1, b1), having the version number (va, vg) as (1, 1). The versioned
aligned tuple is further updated by (t, az, b,) with version (2, 2). Each application of the version
update operator modifies an attribute value from the aligned tuple, leading to an updated tuple.

Example 4 indicates that version numbers of all time-series attributes can identify an updated
instance and so as an updated versioned time-series database. The version instances and the
correspondent updated databases construct an abstract versioned time-series database. Since the
version values are discrete, we have adom(v) as the finite active domain of any version number
in the versioned database D, and we consider adom™'(v) = adom(v) U {now} as the finite active
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domain of versions. A version tuple v of schema V is taken from [], ¢y adomf””(v) = [adomf””(v)]v.
The abstract versioned database is a finite set of databases, D = {Dy,, Dy, . . ., Dynow }.

2.2 Semantics of Abstract Versioned Database

Version views help us to evaluate a query on an updated versioned TSDB. We formalize the
semantics as follows to determine whether a query could be executed within the versioned TSDBs.

DEFINITION 2 (SEMANTICS). Let {TS;, TS,, ... } be a time-series schema. With the set of versions,
[adom™'(\)]Y®) an abstract versioned time-series database D is indexed as a finite set of database
statesD = {Dy,, ..., Dynow}. Each database state Dy collects the time series ts for each time-series
schema TS. The semantics are defined by logic formulas below, where we introduce the symbol of
satisfaction relationship & for the time series, relating true logic formulas to the abstract versioned
time-series database D w.r.t. a set of versions v and valuation assignment I' that maps each free variable
to a value.

-D,T,v £ TS(T, Ay, . . . )iff TS is atomic with tuple (I'(T),T'(A1), . ..) € ts of schema TS in TSDB Dy;
—D,T,v E (TPT’) iff T(T)$I(T");

—D,T,v k& (T¢r) iff T(T)¢t;

—D,T,v E (ApA") iff T(A)¢T(A");

—D,T,v E (A¢a) iff T(A)¢pa;

-D,T,veEAYiff D,T,vE & and D,T,vE §;

—D,T,v E EV Y iff & ory is not an atomic term, meanwhile D,T',v £ £ or D,T,v k£ ¢;

—D,T,v £ (IX)E iff there exists a constant x s.t. D,I'[X — x],v E £,

where TS(T, Ay, . .. ) is an atomic term if and only if the schema TS is atomic, and I'[X — x] is the
valuation I' given the assignment of variable X by constant x.

Here, X is a variable of either timestamps T or attributes A. The constants are represented
as t, a, x. For the disjunction of two atomic formulas, we introduce branching in the versioned
time-series database to check and merge time series in Section 2.3. Let £ be any first-order formula,
the answer to a versioned time-series query is written as, ¢(D,v,&) = {I' | D,T,v  £}.

ExaMPLE 5 (FIRST-ORDER QUERY). An example first-order time-series query aligns two instances,
{ts1, tsp}. Provided ts; of schema TS; = {T1, A1} and ts; of TSy = {T,, Az, A3}, we have calculus
q(D, Vnow’ g), q = {T,Al,Az,A3 | (V = Vnow) N TSl(T,Al) A TSQ(T,AQ,A3) N (T > t) A (Al > a)},
where the tuple calculus is applied over the database state D indexed by (v = v"°%), and & is the
conjunction of predicates over timestamp T and relational attributes A € R. In the above calculus, the
time-series query consists of time alignment (TS1(T, A1) A TS2(T, Az, As)), range query (T > t) and
value filtering (A1 > a).

Besides first-order queries on time series, aggregation queries to evaluate time slices are also
important for IoT applications [22, 30],e.g., by second-order formulas. Consider the calculus
q(D, v, &) that finds a query answer based on the version view Dy, the aggregation takes a function
f : Inst(TS) — Q to map each time-series sub-sequence to a rational number. The semantic rule for
aggregation in time-series query is defined as, D,T,v £ ¥ : (3A)(A = f(gq(D, v, £))), which restricts
that both query calculus g and semantic rules are built on the same version view of the database,
and we use ¥ when at least one of the formulas is not first-order, e.g., £ A ¥ is also marked as V.
The above semantic rule aims to find the statistics by f over a first-order query.
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Table 2. Semantics of versioned time series algebra

Operator ‘ Definition

ogcrs)() | {s |'s € Is £ O(TS)}
(D) | {s|selsr=r[R']}
U, ...] | {s |Vt s[A] = I(t).A, x : argmin;(I;(t).A # null)}
Ly I | {s1Usz | (s1,52) € (I, ), 1[T] = [T}
pr.r) | {s’|seLs [TV, ,R]=s[T,V,R]}
Gri (D | {s|s € AD),s.t = tg,s[Ar] = for=4,(A())}

EXAMPLE 6 (AGGREGATION QUERY). To find out the average of the attribute values A, over sliding
windows on a minute length, the aggregation is written by qayg(D, V™", ¥), gavg = {T, A | TS1(T, A1) A
(A)A = avg({T', A} | TS{(T",A)) A(T’ = T — 1min) A (T" < T)}))}, where we consider the version
view on v"°¥ as default, and the predicate (v = v"°Y) is not added. Here, the variable Ty is referred to
and treated as a constant in the range query inside the function avg, which finds the average value of
the attribute A;.

2.3 Collaboration by Branches

Similar to existing version control database systems [41], we introduce branching to identify
different contributions to the same instance, e.g., a single-variate or multivariate time series.
Series collaboration is helpful for data analysis under unreliable IoT sensors through merging series
branches with priority. We could insert data tuples into different branches when the database accepts
arrival data packets. Each branch maintains a set of updates. For example, Figure 3 demonstrates
two applications of using collaboration branches. When the time ranges from the two branches do
not overlap, it is the first case in Figure 3(a). Otherwise, we use the priority of branches to decide
the update order. The multi-leveled series collaboration can support the series merging on varied
priority combinations. It describes the version merge order, which fits for managing runs in LSM
trees. For example, the main branch of wspd contains data from by ; and treats the incoming data
bo.1 as the update branch of b, ;.

3 VTSA: VERSIONED TIME-SERIES ALGEBRA

Based on semantic analysis of version data, we formalize the required operators to compose an
execution plan for version query processing engines. Here, we first introduce the operators, named
Versioned Time Series Algebra. We also show optimization chances based on version reducibility
to change the execution order while guaranteeing a consistent executing result.

Proc. ACM Manag. Data, Vol. 2, No. 3 (SIGMOD), Article 159. Publication date: June 2024.



Optimizing Time Series Queries with Versions 159:7

3.1 Syntax and Operator Semantics

In Section 2.2, we formalize the semantic rules of version time series. The operators in Table 2 form
an expression e executable by a version query engine, i.e.,

e:x=1]og(e) | mr(e) | (Uler,...]) [ (er 1 €2) | G, r(e) | pr,we(e),

named (time/value) range filtering, projection, (union) branch merging, alignment, aggregation by
time groups, and renaming. An expression is either a versioned time series I from the database D
or a syntactic composition of expressions. We also allow the basic operators A in an expression
e. For the operator og(rs)(e), condition 8(TS) is defined as, 8(TS) = (C1(TS) V Co(TS) - - - V Cn(TS)),
with each conjunction Ci(TS) = p; 1(TS) A - -+ A pi,m(TS) collecting a set of predicates over the
schema TS = S\ V = {T,R}. Each predicate p(TS) is either in the form of p(T) : T;¢T;, T;pt or
pR) : AjpA;, A;pa, where T;, T; € T, A;, Aj € R, t,a are constants, and ¢ € {>, >, =, <, <}. Given
an instance I with its relational part R, the projection zg- has a constraint, R’ C R. Branch merging
takes an ordered list as input, with the order representing the priority of choosing instances or
branches. For example, we update series wspd by merging the main branch and the branch 1 in
Figure 3(b) by expression wspd = U[wspd,,;, wspd,,,,;,]. The aggregation by time operator (Gr,.r)
takes two parameters, the group-by dimensions of time T, and the aggregation mapping function
f : Inst(TS) — Q for a rational number.

3.2 Version Reducibility

Given the execution plan composed of version operators in VTSA, the query performance benefits
from pushing down the operators, e.g., time range filters, as noticed in Example 2. However, unlike
relational algebra, versioned updates are tuple-dependent in execution plans. Without looking up
other tuples, changing the execution orders leads to inconsistent execution results.

ExaMPLE 7 (FILTERING TUPLE-DEPENDENT DATA). Consider an instance Iyqin of schema {T, wspd}
containing (1:03,1.5), which is updated by an instance from branch I, : {(1:03,2.5)} with higher
priority. We express a value filtering query by c.,spa<2(A(I)). After changing the execution order of
value filtering and versioned updates, we have to remove the record from branch b, which updates the
tuple from the main branch. Thus, we have 0y5pd<2(A(I)) # A(Owspa<2(I)).

Motivated by this example, we need constraints when changing the execution orders to ensure
the equivalence before and after the execution order changes, formalized as version reducibility.

DEFINITION 3 (VERSION REDUCIBILITY). Let q(D, v, ¢) denote any time-series query with ¢ as a SQL
or tuple calculus query over the time-series database ts(Dy). A time-series query q is version reducible
concerning an algebraic expression e’ if and only if, ts(A(Q(D, e’))) = q(D,v, ¢), where Q(D, e’)
represents the result of executing the expression e’ over the instances in the versioned database D. The
version reducibility consists of translation and algebraic version reducibility. Translation introduces an
algebraic expression e equivalent to the time-series query ¢ under database state Dy. Specifically, trans-
lation finds an algebraic expression e, satisfying ts(Q(A(D), e)) = q(D, v, ¢). Finally, an expression e is
algebraic version reducible concerning an expression e’, if and only if, ts(A(Q(D, e”))) = ts(Q(A(D), e)).
Figure 4 illustrates the relationships of version reducibility.

Motivated by version reducibility, we analyze whether changing the execution order of version
update and other operators in VTSA leads to consistent execution results. When an expression
consists of version-reducible operators, the operators could be pushed down ahead of the version up-
date. For example, consider version instance I of schema {T, A}. The expression e : 0754 aT<z,(A(I))
uses a time range to filter the updated instance. Since filtering tuples on time will keep the dep-
recated and updates simultaneously, we could push down the filter, resulting in an equivalent
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Fig. 4. Version reducibility: for consistent query execution directly over versioned data.

expression e’ : A(o7s¢ar<s,(I)). The expression e’ avoids loading each tuple from the data store
and saves execution resources. To advance, assume we can update instances by merging branches.
we show consistent operators that stand for the operators that naturally satisfy version reducibility,
including branch merging (union) and aggregation. They are either used to update instances or
work on updated ones. We have A(U[];,...]) = U[A(L), ... ] and A(GT,.£(I)) = Gr,.¢(A(I)). Since
they rely on timestamps to update, find differences, and find groups, we also optimize them with
non-overlapping components.

In the following sections, we show optimization rules based on the version reducibility of each
operator and analyze the reduction of execution cost, consisting of disk I/O and CPU usage.

3.3 Simple Version Reducible Operators

We show the class of simple reducible operators that guarantee consistent execution by simply
exchanging the operators.

CoROLLARY 1. Time range filtering, projection, and renaming are version-reducible, satisfying
op(A(D)) = Aop(I)). op € {o6(1). 7. p}-

The reducibility of time range filtering and projection indicates potential optimization chances
by executing them ahead of updates. IoT data is accumulated over time, meaning that the tuples of a
time series will be stored separately in log files. Each file contains tuples that arrive simultaneously,
as shown in Figure 2. Thus, time range filtering could avoid loading unnecessary data blocks from
the disk. Assume that there are total B blocks for all files and each time series is distributed evenly
in these files. In addition, we use aa to represent the ratio of updated and duplicated data. In other
words, after branch merging, we have (1 — a@a)B blocks left.

PROPOSITION 2 (TIME RANGE OPTIMIZING ANALYSIS). Let0 < ag = % < 1 denote the selectivity

ratio of time range 6(TS). Pushing down the time range filter ahead of update executions saves the
disk I/O of O((1 — ag)B). It reduces a CPU consumption of,

O((1 —ap — QQ)B(|R| + Z)TﬁltEV + (1 - aQ)BTmergE)’

where Tyerge and Ty denote the cost of merging two blocks and filtering a block with a predicate,
respectively.

In Proposition 2, the time range filter only selects O(agB) data blocks to load into memory.
Since the log file of LSM may contain tuples from unrelated time series, the CPU usage consists
of (1) finding related tuples from version files, (2) range filtering on these tuples, and (3) branch
merging. Since the projection is version-reducible, we could extract the related attributes from
versioned log files before updating them. Thus, for reduced expression, the first two parts consume
O(agB(|R| + 2)Tfiser). Here, (|R| + 2)Tgyer is the CPU usage of finding related time-series tuples
and applying two predicates of a time range filter, such as T > t; AT < t;. When files are loaded
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in time order, we could merge and update the time series by blocks at the cost of O(agB - Tierge)-
Without version reduction, block merging costs O(B - Tyerge) and results in O((1 — aa)B) blocks to
filter. The reduced CPU usage equals the estimated cost difference.

3.4 Reducing Value Filter with Branch Merge

Given the analysis of the non-reducible value filter in Example 7, we show that certain conditions
could make value filters reducible. The condition specifies a finite list of instances to update each
related versioned time series.

COROLLARY 3 (VALUE FILTER REDUCIBILITY). Let [I;...I;] denote a finite list of all branches or
blocks to merge with priority. The value filter is reducible to non-overlapping instances according to
the time ranges of merging instances. That is,

ts(op(ULL, ... Ix]) = ts(Ulog(hh), . ..00(Ule, ... 1), ... ]),

where each pair of components such as (I;,U[I, . ..]) does not overlap in the time range and the
reduced expression at RHS follows the same instance order as LHS.

The conclusion shows that the value filter is reducible when the merged instances do not share
timestamps. Otherwise, we need to merge all overlapped branches before applying the filter.

ExampLE 8. Example 7 shows the value filtering of updated I,,,4in according to I, which overlaps on
timestamp 1:03. When introducing another branch Iy with timestamp 1:05, we have,

O'A<2(U[Ib" Iy, Imain]) = U([O'A<2(Ib')’ O'A<Z(U[Ib’ Imain])])'

PROPOSITION 4 (VALUE RANGE OPTIMIZING ANALYSIS). Let ag denote the selectivity of a value filter
and at - B denote the number of non-overlapping components, ar < 1. The pushing down reduces
CPU consumption of O(arB(Timerge — aA(|IR| + 2)Tfiser)). When each storage file saves value ranges of
content time series in its header, the push-down of value filters saves disk I/O of O((1 — ap)arB).

We count the non-overlapping blocks arB based on time ranges. In Example 8, ar is 1/3 as
only one block Iy does not require merging. The expression A(oyg(I)) reads B blocks from disk and
consumes a CPU time of O(BTperge + (1 — aa)B(|R| + 2)Tyzer). Similar to Proposition 2, (|R| + 2) e
denotes the CPU cost of finding tuples and applying two range predicates. The filter applies to
(1 — aa)B blocks because block merging consumes updating records and eliminates duplicates.

After applying Corollary 3, we execute the value filter directly on a1 B blocks and merge (1—ar)B
blocks. Then, we apply the value filter to merged blocks (1 — aa)(1 — a7)B. The filtering process
consumes O((1—ap )(1—ar)B(|R[+2)Tsir). We combine block merging and filtering time estimations
to get the saved CPU time.

In addition, we show avoided disk I/O when IoT storage files keep both value and time ranges.
The file value ranges help avoid loading unnecessary data blocks, similar to the time ranges. Value
filter pushing down only applies to O(arB) blocks and saves the disk I/O of O((1 — ag)arB).

3.5 Reducing Alignment with Branch Merge

In addition to value filters, the alignment is also reducible when branch merging can represent
version updates.

COROLLARY 5 (VERSION ALIGNMENT REDUCIBILITY). Consider the same settings as Corollary 3. We
write the update of I; as A(I;) = U[I}.1, . . . I;.k] and similar for I,. Assuming RiNR, = 0, the alignment
is version reducible, satisfying ts(A(I1) w1 A(Ly)) = ts(U[L1.1 <1 (U[L.1, ..., Le]), (V[ 2, ... ]) M7
L ¢+1, . .. ]), where each component aligns two (merged) branches with overlapped time ranges from
(I1, ). In addition, every two components are not overlapped on timestamps, like I; 1 and U[I; 5, . ..].
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The reducibility of alignment is also conditional, which relies on the time ranges of each branch.

ExaMPLE 9 (CONTINUE EXAMPLE 8). Let I; denote the branch merge result U[Iy, I, Imqain| and I be
the result of U[L5.1, I, main]- Without the time range of branches, the push-down of alignment requires
a pair-wise execution before branch merging. That is, I; w1 I, = U[Iy =7 L1, Iy X1 I mains - - - |-
Each pair-wise alignment I gs >t Irys requires O(|ILgs| + |Irus|) based on sorted instances. Thus, the
pair-wise alignment consumes even more than the original plan. Instead, given the instance time ranges,
we only execute the pairs with overlapped ranges. Since alignment is distributive w.r.t. branch merging,
we merge branches that share the same operating variable, by Corollary 5, U[Iy var I 1,1 b7 I 1] =
U[U[ly, Ip] a1 I2.4].

PROPOSITION 6 (ALIGNMENT OPTIMIZING ANALYSIS). Under the same settings as Corollary 5, let
Tulign denote the time for aligning two blocks. Also, ag, and ag, represents the selectivity of time series
I and I, in these data blocks. Only applying the version reducibility optimization rule of alignment
saves the CPU consumption,

O((XTB(Z -y, — a@z)(Tmerge - aATalign) + B(O{@l + ag, — I)Tmerge - aAB(|Rl| + |R2|)Tﬁlter)~

Without pushing down rules, we merge the updates and find series tuples of attributes R; U Ry.
This process costs O(B - Tyerge + (1 — aa)B(|Ry| + |R2|)Tfizer) because Ry N Ry # 0. For I, we have
(1 — apa)B(1 — ag,) blocks to align. It is similar for I,. The CPU usage is the sum of update merging,
tuple finding, and aligning, where alignment costs O(((1 — aa)B(1 — ag, ) + (1 — aa)B(1 — ag,)) Tuiign)-

When pushing down, we merge (1 — ar)B blocks. For non-overlapping components and merged
blocks, we filter them and find the alignment of two instances. The former works on (1—a7)B blocks,
while the latter runs on (1 —aa)(1—ar)B blocks. Each part consumes similarly to alignment analysis
without pushing down, and the difference between the two executions is shown in Proposition 6.

3.6 Extension to Multi-variate Time Series

In industries, PLCs may connect to more than one sensor, leading to multiple synchronized sensor
readings. IoT databases accept data packets with each tuple composed of multiple sensor readings.
When repairing, we modify some attributes and insert a single-variate update into a branch for
each attribute. For example, instance I of schema {T, A, B} stores multivariate tuples in the main
branch and opens a branch I; 4 for updates of attribute A. When querying, the branches of the
same priority are placed and merged such as U[I; 4, I; B, I1.c, Inain]- Querying over multivariate
time series shows potential optimizations based on projection.

When a query relates to all attributes in the schema, we apply optimization rules in Section
3.3-3.5. For example, we optimize a time range query by Corollary 1. We have,

o9(A(I)) = Ulog(l1.4), 06(I1.B), 09 (I1.c), 09I main) -

Otherwise, executing projections ahead of updates is beneficial. Corollary 1 concludes the version
reducibility of projections. For example, when 6 only applies to A, expression 7404~ 4(A(D)) is
equal to 4> 4(U[I1. 4, TA(I;main)]). We show the benefits of updating by branches and pushing down
projections.

ProrosiTiON 7. Let R’ C R denote the queried attributes as the subset of attributes R. Assume that

there are B blocks of data for instance I. Pushing down the projection ng: ahead of updates will reduce
. z €R\R/ . . z €R\R/ .

the disk I/O of O(B - %) and the CPU consumption of O(BT erge - %), where ap_a

is the ratio of updates for attribute A, and Tinerge is the cost of merging two data blocks.

Compared to saving the whole tuple on each update, opening branches for each attribute could
reduce the disk I/O. Based on the update ratio, the updated data will occupy B - (1 — X, 4cr @a.4)-
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Fig. 5. Combining LSM-tree with branches.

Thus, when we load updates on attributes R’, we need a disk I/O of O(B - %). Similarly,

since we only need to merge these blocks, we have reduced CPU usage as concluded above.

4 SYSTEM IMPLEMENTATION

Based on the Apache IoTDB, we show implementation details of IoTDB-v, a versioned time-series
database. (1) For language, based on an outer join of branches, we integrate branch priority into
a data analysis query. (2) For combining branches with LSM, we record the reference linkages
from a version branch to data blocks in the LSM tree, shown in Figure 5. (3) For data storage, we
analyze the effects of two factors on using HDD and SSD, including LSM space amplification and
branch-supported parallel random access. (4) For concurrent queries, we discuss sharing updated
subqueries among different workloads. (5) For distributed processing, we show workload separation
based on branches and the LSM tree.

4.1 Version Query Language Extensions

IoTDB-v supports a view of aligning branches under the same node by all timestamps (outer join).
For example, in Figure 3(b), we assume that L., = {(t1,a1), (t2,a2)} and I = {(t2,a3)}. When
using wspd in the FROM-clause of SQL, each returned tuple has a schema of {T, A4, Ap} and
the returned tuple set consists of (t, aj, null) and (¢, a, as). A data analysis query could easily
integrate the priority selection of branches to manage versions, such as the time range query (Q1),

SELECT coalesce(b, main) FROM wspd WHERE T > t1 AND T < t2;

updates data in branch main by valid data points of the same timestamp in branch b. Similarly, a
downsampling query (Q4) could integrate the branch selection,

SELECT AVG(A)
FROM (SELECT coalesce(b, main) A FROM wspd)
GROUP BY SLIDING WINDOW 1s;

It updates according to data repairs and aggregates tuples by a 1-second sliding window.

4.2 Combining LSM-tree with Branches

Figure 5 demonstrates the relationship among the LSM storage tree, version branches, and version
components. In Figure 5(a), the IoTDB adopts an LSM tree to manage all inserted data and uses labels
to identify each run like by ;. Optimization rules such as value filtering in Corollary 3 of Section
3.4 merge the blocks that are overlapping on time ranges before applying value filters. Figure 5(b)
contains version branches of wspd and velocity that are created to manage updates. Figure 5(c)
uses a graph of components to organize the non-overlapping components, each highlighted by the

Proc. ACM Manag. Data, Vol. 2, No. 3 (SIGMOD), Article 159. Publication date: June 2024.



159:12 Rui Kang and Shaoxu Song

dashed line squares and containing at least one data block label. Every pair of components does
not share common time ranges. In a component, we connect the blocks by arrows (direct edges) to
denote updates. For example, when adding b ;, we notice that by ; overlaps and updates b; ;. We
find the component of b; ; and add an edge from by ; to by ;.

When we add an update branch, we use logical branches to track updates and index data. For
example, when repairing wspd, we could add a tuple named wspd_s2 and Branch 1 will add a pointer
to the related block b; ; or the whole component. The LSM tree compaction only works on the
prefix of record names, e.g., wspd. Thus, branching will not affect LSM in writing and compacting
files. Since the LSM tree of IoTDB has fewer levels and compaction always results in blocks like
b1, managing the pointer will not lead to high overhead to the system.

When executing a plan like U([ca<2(Ip2), 0a<2(U[Ip1, Imain])]) for value filters, we first find the
blocks of each branch and rewrite the plan with labels. Consider Ij; as wspd_s2. c4<2(U[Ip1, Imain])
is equivalent to o4<2(U[bg.1, U[b1 1, b2.2]s2.51, b2.1]). It means that when merging b 1, by 5, we find
records of wspd.A and use records with suffix s2 to replace s on the same timestamp.

4.3 HDD vs. SSD Implementation

As mentioned in [32], block leveling in LSM-tree, adopted by IoTDB and IoTDB-v, leads to large
space amplification. Thus, it is not friendly to the more expensive solid-state storage devices
(SSDs) and Flash drives, compared to hard disk drives (HDDs). In addition, while SSDs support
efficient random and parallel reads, the database based on an LSM tree could waste I/O bandwidths
due to its sequential reads and writes [32, 47]. Thus, block leveling is crucial for SSDs and Flash
Drives. Fortunately, our proposals could use better the SSD attribute of inner parallelism. Consider
a value range filtering query by branch merging, og(U[I; 1, 5.1, 5.2, I1.2]). Existing systems like
IoTDB [46] find these runs to read and merge before applying the value filter, involving sequential
reads of all runs. In IoTDB-v, version reducibility allows the filter to push down ahead of branch
merge (Corollary 3) based on non-overlapping components on time ranges. Since non-overlapping
components will not update each other, we execute the subqueries like oy(I3.2) independently by
different threads. For the LSM data store, processing by component would increase the reading
parallelism of SSDs according to the number of components.

4.4 Concurrent Version Query Sharing

IoTDB also works concurrently to answer queries. For example, downsampling queries

€ GT:avg(wspd)(I)’ € GT:avg(velocity)(I)

apply to different attributes of instance I. In addition, different queries may ask for (1) related updated
range queries like e3 : 07523.00(A(I)), €4 : 0T>23:00nT<23:59(A(D)), (2) the same instance update such
as es : A(I}) < A(lz), es : A(I}) > A(I3), and (3) common updates, e.g., €7 : U[I1 49, [1.p15 It main]»
es : U[11.p0, I1. main]-

We notice that pushing down operators ahead of the update operator may cost more due to
eliminating common expressions. For example, when executing alignment ahead of updates, we can
not share instance update A(I;) between es and eq. Existing approaches focus on sharing identical
subqueries [25, 36] that rely on updated tables in version databases. Similar to the introduction of
optimization rules, we discuss the subquery sharing of each operator with version updates and
analyze the CPU usage and disk I/O.

We first show how to share based on common updates. Consider expressions e; and eg. e;
additionally include branch I; ;; as the secondary choice prior to main branch. When [; ; is a
component, i.e., not overlapping with other branches, eg is a subquery of e; such that e; = U[eg, I p1].
Otherwise, the execution result of eg is not shared. To conclude, version updates by branch can
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Table 3. Relational reducibility of version query operators.

Ver. Ops ‘ Relational expression (in relational algebra)

AV:b(I) GT:coaI(b,-,main)(Imain >t I)
ag(I) | op(I)
ar(I) | 7R (1)
Ulli ... Im] | GTucoal(ly A, .., 1. A)... (I 2T I2) -+ - 3CT )
I X7 L | L X7 Iy
PT.R | PT.R
Gr,.f (D) | GT,:f (coal(bs, main)) Imain 241, Ip)

share a common sub-list of components and other components not shared should be placed in
order. For example, given e; : U[U[Ix 1, Ik 2, Ik 3], Ix.4] and e; : U[Ix 2, Ix 3] merged by components,
we share e; such that e; : U[U[Ix 1, €], I 4]. The benefits depend on the shared subexpression, e.g.,
saving the disk I/O of O(B; + B3) and CPU usage of O((Bz + B3)Tperge) for the above example.

For time or value ranges, the subsumption relationship between two conditions decides whether
a query could be shared as a subquery of another. For example, e; is a subquery of e4 by existing
studies [40], with T > 23:00 A T < 23:59 always satisfying T > 23:00. Based on version control,
when T > 23:59 corresponds to new components, e4 is a subquery of e; to share the update of
I within (23:00, 23:59), different from existing approaches. The benefits also come from shared
expressions without additional overhead, e.g., the disk I/O and CPU usage of executing e;.

Since aggregation relies on updated input, we move different functions on the same instance
together and execute them by updating once, e.g., GT.avg(wspd), avg(velocity) (1) for e; and e;. Finally, when
expressions involve aligning the same updated instance, we compare the reduction from pushing
down alignment (Proposition 6) and sharing common expressions. For example, sharing I; leads to
a disk I/O reduction of O(B;) and the total CPU usage is O((B; + Bz + B3)(Tierge + (1 — an)Tatign))-
Based on the estimated selectivity of alignment, we choose the plan with fewer costs.

4.5 Distributed Version Query Processing

IoT databases installed in gateways and cloud servers form a network of distributed nodes. The task
of an expression such as a time range filter could be separated into multiple tasks by distributed
nodes. This section assumes IoT data are synchronized and discusses the component-based task
separation. The component-based separation considers each version update A(I) as a branch
merging list U[I; 1, U[I1 2,11 3], ... ], consisting of non-overlapping components on time like I; ;.
Based on version reducibility, the operators can execute ahead of branch merging. After pushing
down operators, we separate the task for each node based on the expression in the merging list.
For example, Example 8 shows a reduced result of o4<2(A(I)) by U([oa<2(Ipr), 0a<2(U[Ips Imain])])-
We map each element like o4<,(Ip) to a distributed node. Then, we concatenate fetched results by
time order as the result.

5 TRANSLATION TO RELATIONAL QUERY

Existing relational databases like PostgreSQL [38] have made themselves portable and efficient for
IoT data. Managing time series directly by PostgreSQL saves the effort to maintain and optimize a
new database system. This section shows the reducibility of translating version queries to relational
SQL for relational databases.

Proc. ACM Manag. Data, Vol. 2, No. 3 (SIGMOD), Article 159. Publication date: June 2024.



159:14 Rui Kang and Shaoxu Song

5.1 Relational Reducibility

DEFINITION 4 (RELATIONAL REDUCIBILITY). Let e denote an expression in versioned time-series
algebra. The expression e is relational reducible to an expression e?”* by relational operators if and only

if, ts(Q(AY(D), e)) = ts(Q(D, e**)).

The relational reducibility finds a derived relational expression e** from a version query expres-
sion e under the constraint that Q(A(D), e) = Q(D, e**). We summarize the reduction rules in Table
3 for an equivalent relational expression.

THEOREM 8. Version query expression e can be translated into a relational expression e* by Table
3. The expressions e and e®” satisfy relational reducibility.

ExampLE 10. Consider a time range query Q1 and alignment query Q3 from Example 5. Q1
finds an updated time-series slice by range filter T > t; AT < t,. Q3 aligns two updated instances
according to equal timestamps. We have the version expression for Q1, eg; = 07527 <1,(A(I)), and
03, eg3 = A(I1) ™1 A(Ly). Assuming that we need to merge only one branch named b for each version
instance and instance I is a single-variate time series. Refer to Table 3, we have equivalent relational
expressions,

RA
te = O'T>t1/\T<tz(GT:coal(h, main)(Imain ™NT Ib))’ and

egé = GT:A:coa[(b, main)(II.m N Il.b) X1 GT:B:coal(b, main)(IZ.m N IZ.b)~
Here, the left outer join refers to timestamps in I,q, and updates the value in the main branch by
branch b. The left join keeps all the original tuples in the main instance I,,q4;, and aligns the updates in
Iy, where the tuples in main without updates have null values in the result column b. The function
coal(A, B) stands for coalesce, which takes A when A is not null and otherwise uses B. The simple
pattern-based replacement expresses and executes version data analysis in a relational database, such
as PostgreSQL.

5.2 Relational Integration of Version Controls

Based on relational reducibility, we integrate version control into PostgreSQL as Postgres and
Postgres-v, in Table 4, which summarizes the integration of version and relational reducibility. For
SQL-based baseline Postgres, we translate the relational expression satisfying relational reducibility
to SQL as the input query. For SQL-based proposal Postgres-v with optimization rules, we succes-
sively apply version reducibility to the version query expression, relational reducibility to version
reduced expression, and translation to relational expression to get the SQL.

ExaMPLE 11. First, we illustrate the translation from a relational reduced expression to benchmark
SQL for baseline Postgres. Consider query Q1 with converted relational expression 65/1\. We write the
subquery Gr.coal(h, main)Imain 21 Ip) for updated instance

SELECT coalesce(b, main)

FROM I.main LEFT JOIN I.b ON I.main.T = I.b.T;

The SQL of version time range filter (Q1) refers to the subquery of updated instance as,

WITH R AS

(SELECT T, coalesce(b, main) A
FROM I.main LEFT JOIN I.b ON I.main.T = I.b.T)

SELECT » FROM R WHERE T > t1 AND T < t2;

In addition, based on version reducibility, version expression egy is reduced into A(or> 1, AT <s,(I)).
The version-reduced expression could also be converted to a relational expression, with

GT:coaI(b, main)(O'T> AT <ty (Imain) ™NT OT>HAT<t, (Ib))-

Proc. ACM Manag. Data, Vol. 2, No. 3 (SIGMOD), Article 159. Publication date: June 2024.



Optimizing Time Series Queries with Versions 159:15

Table 4. Integrated techniques of proposals and baselines

System ‘ Category Version red. Relation red. Branching
IoTDB [46] TSDBMS Not enabled Notneeded  Supported
IoTDB-v TSDBMS(V) All rules Not needed  Supported
InfluxDB [4] | TSDBMS Corollary 1 Notneeded  Supported
Postgres [38] | RDBMS None Applied New relation
Postgres-v RDBMS(V)  All rules Applied New relation
TardisDB [41] | RDBMS(V)  None Not needed  Supported

Table 5. Dataset information

Name ‘ Data Type | #Attribute #Points
Bitcoin (Open) [3] | Float 7 21M
Climate (IoT) Float 4 34M
Ship (IoT) Float 210 162M
White noise (Gen) | Float 4 1B

Similarly, we translate it to SQL by referring to the pushed-down expressions as subqueries.

WITH R1 AS (SELECT * FROM I.main
WHERE I.main.T > t1 AND I.main.T < t2)
R2 AS (SELECT * FROM I.b
WHERE I.b.T > t1 AND I.b.T < t2)
SELECT T, coalesce(b, main)
FROM R1 LEFT JOIN R2 ON R1.T = R2.T;

After converting version query expressions by version and relational reducibility, we can also execute
the optimized version queries as proposal Postgres-v in relational databases.

6 EXPERIMENTS

The experiments study the effectiveness of the proposed optimization rules in our version control
query engine for IoT applications.

6.1 Settings and Applied Queries

6.1.1 Datasets. Table 5 shows the dataset statistics. The datasets are mainly collected from the
real world, and white noise is used to increase data scales. To simulate the arrival of IoT data, we
insert single-variate tuples and repair a 10% amount of data points as default. We also generate
5% delayed and duplicated points according to real-world statistics [21]. Figure 16 of Section 6.4.5
applies a white noise data stream to benchmark the performance of writing version data on varied
data scales. The stream generates and inserts tuples into compared databases with a speed based
on their ability to persist arrival data [9] with 100 million tuples on IoTDB.

6.1.2 Benchmark Queries. We use a set of queries based on the needs of real-world IoT applica-
tions to benchmark the version query performance of databases. We already introduced them in
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previous examples and sections, such as time range query (Q1), value range query (Q2), align-
ment (Q3), and downsampling (Q4). We also include queries of more operators, including down-
sampling on alignment Gr.a,g(4)(A(I1) 1 A(l2)) (Q5), and downsampling on merged branches
Griavg(4)(UlIp1s Imain]) (Q6). In addition, since the equality of series values is also important to
IoT data analysis, we include Q7 as an alignment on both timestamps and series values within a
time range query o7saT<z, (A1) bty A(Ly)). Also, we align all branches to see historical data
Lnain M1 Ipg 27 U[Ipg, Imgin] by Q8. Based on Example 10 and 11, we translate and optimize these
queries into SQL for relational databases (RDBMS).

6.1.3  Integrated Systems and Baselines. In Table 4, we summarize the integrated techniques of the
proposed systems, including IoTDB-v and Postgres-v, both of which adopt version reducibility to
delay time-consuming updates. We compare them with the baselines, i.e., IoTDB [2], Postgres [38],
InfluxDB [4], and TardisDB [41].

6.1.4 Runtime Characteristics. We use a machine with a 3TB 7200 RPM HDD, a 1TB NVMe SSD,
48GB DDR4 memory, 2.90GHz Intel i7 cores with 16 physical threads, and 16 MB L3 cache, running
on Windows NTES file system. The database is configured by default with allocated memory of
2GB, a page size of 65536 bytes, a buffer of 2MB, a disk block size of 512 bytes, and sorted runs of
size SMB.

6.2 Query Performance on Version Datasets

This section compares the proposals and baselines over real-world and large-scale datasets. Section
6.2.1 reports the performance under datasets and Section 6.2.2 shows the scalability of different
systems on white noise dataset with 1 billion data points in total.

6.2.1 Version Query on Various Datasets. Figure 6 compares our proposed systems [oTDB-v and
Postgres-v to other baselines on various datasets. For JoTDB and IocTDB-v, we find IoTDB-v could
reduce the execution time significantly on selective operators such as range query and alignment.
Unlike TardisDB, IoTDB-v can apply a value range filter on some blocks directly without updates.
The difference is mainly in query optimization over the version control storage. IoTDB integrates
data analysis with version control and optimizes operator execution order with fewer costs, while
TardisDB merges branches before data analysis.Intuitively, storing all records for each version in a
relation can serve as a version control database. However, it is not affordable. Instead, the baselines
are more advanced to store updates only in LSM-tree or new relations as branches, the same as a
version control database.

For version queries and optimizations, both IoTDB and TardisDB integrate version control by
branches to store tuple updates. The difference is mainly in query optimization over the version
control storage. [oTDB integrates data analysis with version control and optimizes operator execu-
tion order with fewer costs, while TardisDB simply merges branches before data analysis. Note
that Postgres and Postgres-v perform better on alignments (Q3 and Q8) and are more scalable
on the Ship dataset, having more time series. This is because PostgreSQL adopts B-tree to find
related data points efficiently, while IoTDB-v requires reading and merging related blocks, which
is time-consuming. InfluxDB optimizes IoT queries better on range queries (Q1 and Q2) by pushing
down time filters, but requires more resources on other queries.For Q7, the join on values is more
costly than that on timestamps (Q3), because of the need to check each pair of records rather than
relying on the order of timestamps in each LSM-tree run.

6.2.2  Version Query on Various Scales. We report scalability experiments on the Noise dataset sized
1 billion points in Figure 7. Compared to IoTDB, IoIDB-v optimizes query plans by rules, which
show clear saving time as scale increases such as Proposition 2. Postgres and Postgres-v use a
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Fig. 6. Performance of queries over various datasets. InfluxDB and TardisDB exceed 10° seconds and thus
are omitted.

B-tree to locate data, which is efficient for querying over large scales. IoTDB needs to search related
data from its data stores, which is the drawback of using an LSM tree. InfluxDB and TardisDB
execute range filters efficiently but meet hardness on large data scales for the same reason as
analyzed in Section 6.2.1. Regarding InfluxDB, consider alignment (Q3). InfluxDB does not apply
version reducibility to optimize alignment, leading to the overhead of reading and buffering data
points with tags in the memory to update, which is time-consuming.

6.3 Performance of Version Optimizations

6.3.1  Performance of Concurrent Queries. Section 4.4 displays our motivations and techniques
to execute version queries concurrently in IoTDB. Figure 8 validates our proposals by comparing
the concurrent effectiveness of IoTDB-v to other baselines on each query. Here, Postgres-v uses
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Fig. 7. Performance of queries (Q1-Q8) on varied data scales with up to 1 Billion tuples.

reducibility to optimize but relies on PostgreSQL to execute concurrently. We notice that updated
subquery sharing leads to better average latency, as the lines of IoTDB-v decrease over concurrency.
In addition, Postgres-v also shows improvement over Postgres. This is because the complex pattern
by outer join and aggregation in the SQL for Postgres is hard to share by optimization rules in
existing databases.

6.3.2  Performance of Distributed Queries. Based on our proposed technique in Section 4.5, we
benchmark and compare the performance of various distribution nodes. Since the distribution task
separation rule is based on components for each operator, we study the distribution acceleration
of each query. We compare the IoTDB to open-source distributed PostgreSQL [10] in Figure 9,
where the distributed release of InfluxDB is currently commercial and TardisDB does not support
distributed nodes through networks. We notice that PostgreSQL could improve its performance
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Fig. 8. Averaged CPU time of concurrent version queries. TardisDB and InfluxDB exceeding 103 seconds are

omitted.

better on more nodes. Our approaches benefit more from optimization rules than more nodes

because it is restricted by large components, which decide total execution time.

6.3.3  Performance of Storage Devices. Section 4.3 introduces the application of our scheme onto

the storage devices. Figure 10(a) compares data store sizes in each database to the size of the plain
data file. It evaluates the space amplification of compared systems to see the high overhead brought
by an LSM tree. Figure 10(b) evaluates the performance gain by our component-based processing
scheme, which shows an improvement in latency by changing the data store from HDDs to SDDs.

6.3.4 Multivariate Time Series Optimization Performance. Section 3.6 discusses version update
management of multivariate time series with dependent attributes, which concludes the benefits of

Proc. ACM Manag. Data, Vol. 2, No. 3 (SIGMOD), Article 159. Publication date: June 2024.



159:20 Rui Kang and Shaoxu Song

l0TDB === 10TDB-v Postgres Postgres-v

14 . (Q1) Time range filter .

Latency (S)

Latency (S)
O = MNWHLHrUOIO N

2 3 2
Num. distribute nodes Num. distribute nodes

(Q3) Ali‘qnment (Q4) Dowpsamplinq

Latency (S)
O=NWHAUITON®WO©O
T

Latency (S)
“NWPrOON®OO

o N A OO © O

Latency (S)
O=NWHAUITON®®O©O

Latency (S)

2 3 1 2
Num. distribute nodes Num. distribute nodes

((?7) Series jpin on valuqs ‘(08) Branch alignmem‘

Latency (S)

S =~ N W A o
=0 wapshooo
Latency (S)

w
(4]

o

2 1 2
Num. distribute nodes Num. distribute nodes

Fig. 9. Performance of distributed version query (TardisDB does not support, InfluxDB is commercial).

updating only the queried attributes. We use a group of branches for all attributes and evaluate
different querying attributes in Figure 11. We observe that the time costs of our proposals IoTDB-v
and Postgres-v grow almost proportionally to the queried attributes, confirming Proposition 7.
The baselines IoTDB and Postgres still need to update the entire time series at constant costs due to
dependent data collection. Similar to Section 6.2, due to time constraints, InfluxDB and TardisDB
are not reported on the Ship dataset.

6.4 Parameter Studies

6.4.1 Effects of Varied Series Number. Figure 6 reports the effects by changing the number of
aligned instances in Q3 (alignment) and merged instances in Q6 (union). We report the performance
in Figure 12 for joining and merging more than two instances. It shows our proposals outperform
stably when aligning and merging more time series.
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Fig. 11. Multivariate alignment (Q3) performance. TardisDB and InfluxDB exceeding 10° seconds are omitted.

6.4.2  Effects of Merged Branches. To verify the efficiency of applying branch merging optimization
rules, in Propositions 4 for value range filter and 6 for alignment, we report the performance on
different branches. The experiment shows the scalability of proposed systems by merging large
branches, by separating them into components.

6.4.3 Effects of Varied Sampling Frequencies. Since aligning and filtering time series are sensitive
to related data blocks, queries read data evenly from data blocks when using different sampling
ratios. Thus, varied frequency controls disk I/O for the databases on the LSM tree, while changing
the selectivity of related tuples from each block. In Figure 14, we report the performance of Q1-Q3
on various frequencies. It proves the effectiveness of version reducibility and validates the cost
estimations in Propositions 2, 4, and 6 on CPU usage estimations. Moreover, a larger data block leads
to reads of unnecessary data, while smaller blocks require more block seeking in disks. Thereby,
we evaluate the performance under varied block sizes in Figure 14, which proves the existence
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Fig. 14. Query optimization performance on varied data sampling frequency and block size.

of a better block size. The results of Q1 and Q2 are generally similar to Q3 of alignment because

IoTDB-v needs similar effort to read related data blocks.

6.4.4  Effects of Varied Selectivity. Because Propositions 2 and 4 show that selectivity affects the
reduced disk I/O and CPU usage on filtering, we validate our optimization rules by varying the
selectivity of filters in Figure 15. It examines that the reduced querying latency is nearly proportional
to the decreased selectivity.
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6.4.5 Writing Efficiency. Databases store data versions differently, leading to varied insertion and
update costs. For example, IoTDB/IoTDB-v and InfluxDB use LSM-tree, while Postgres-v and
Postgres use B-tree with buffers. We use Figure 16 to evaluate the speed of persisting arrival data
points. It proves that databases based on LSM-tree have better writing performance of IoT data.

6.4.6  Effects of Varied Versioning Types. To verify our motivations for delayed, duplicated, and
erroneous records, we report the performance under different update ratios in Figure 17. It shows
our approach could handle various IoT data types efficiently and effectively.
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7 RELATED WORKS

We review our related works on version controls and time-series query language for TSDBs.

Version control database. Version control databases are constructed for different data types,
where versioning could use branches with data updates. Using a relational database, Decibel [35]
studies versioning and branching on the whole dataset, and TardisDB [41] extends the standard
SQL for version control. We also focus on storing updates in branches. We advance existing studies
by formalizing versioned time series algebra for a query engine with optimizations. This work
proposes version reducibility to optimize queries. Our advances also show in implementing version
control and optimizing executable SQL by relational reducibility in relational databases.

Time-series queries. The query language of time series has been studied by the query on
arrays [27, 29, 51] and also relates to the query on sequential relations, e.g., SRQL [6, 39] defines its
semantics over sorted tables. The query languages for arrays serve effectively for scientific cases
that involve matrix operations [29], which are hard to handle version controls. Real usage cases on
version controls motivate us to extend the languages further.

Time-series database and query optimization. We focus on the advance of Apache IoTDB
[2] by introducing a multi-versioned series. Consider the time-series databases [23] and review the
optimization of time-series queries over log files. Existing time-series databases can be classified
based on the data models and data storage, e.g., TimescaleDB [5] built over PostgreSQL [38],
and InfluxDB over an LSM-alike storage system [4]. Generally, the TSDBs on the top of NoSQL
storage contain multi-versioned data [1, 2, 4]. For these databases, given a query, the database
will first merge-sort related data, involving file reading from disk and data updates [8, 14, 34],
before executing an optimized plan based on relational or sequential algebra. Recent approaches to
accelerate LSM query mainly focus on building indexes on data blocks [33, 34, 49], while TSDBs
focus on optimizing the LSM structures, e.g., InfluxDB [4]. Again, as Figure 1 shows, merge-sorting
is a time-consuming process. Without the support of versioned time-series algebra, it is challenging
for existing TSDBs to push down and optimize these processes.

8 CONCLUSIONS

Motivated by IoT data versions in deployed database instances, in this paper, we formalize the
version data model along with its semantics and show optimizing chances of versioned query plans.
We study consistent query executions of an optimized plan by proposing version reducibility of
version algebraic operators and relational reducibility of relational operators to integrate versioned
query models into existing systems. As IoT databases, such as the Apache IoTDB, typically adopt
an LSM tree to manage persisted data, the implemented system can improve the performance of
concurrent and distributed query plans based on LSM indexes and hardware like SSD. The extensive
experiments over real datasets show that our proposed optimization rules based on data versions
could improve the query performance on real workloads.
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