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ABSTRACT
Shared query execution can reduce resource consumption by shar-
ing common sub-expressions across concurrent queries. We show
that this is not always the case when regularly querying a dataset
under change. Depending on latency goals, how eagerly to incre-
mentally process the new data differs. Naively sharing the execution
of queries with different latency goals will push the whole shared
plan to meet the lowest latency goal and execute more eagerly than
each participating query. The overhead introduced by the eager
execution can even offset the benefit of shared query execution. We
propose an optimization framework iShare to exploit the benefit of
shared execution and avoid the overhead of eager execution. iShare
judiciously shares queries with different latency goals and selec-
tively executes parts of the share plan lazily. iShare can significantly
reduce resource consumption compared to eagerly executing share
plans from the state-of-the-art multi-query optimizer or approaches
that execute queries separately.
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1 INTRODUCTION
Scheduled queries are prevalent in today’s database applications [3,
5], such as executing regular ETL jobs or maintaining recurring
∗The work is mainly done when the two authors were at the University of Chicago.
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Figure 1: The trade-off between resource consumption and
query latency for lazy and eager incremental execution

dashboard reports over a dynamic dataset (e.g. continuously loaded
data) [50]. Here, it is common that many queries are scheduled
over the same set of data [4, 26, 50] (e.g. analyzing the daily loaded
data at 6 am), which provides opportunities for exploiting common
sub-expressions of the scheduled queries to reduce redundant query
work (e.g. sharing the scan over the same dataset) and, consequently,
save resources (e.g. CPU cycles). Reducing resource consumption
is increasingly critical to today’s database designs due to the fast
growth of data and the wide adoption of pay-per-use models in
the cloud. For example, Google’s Cloud Scheduler allows users to
schedule queries [3] and charges each query by the resources it
consumes [2] (e.g. the computing resources are estimated as the
number of milliseconds it takes to finish a query).

A common practice of exploiting the opportunities of shared
query work is adopting shared query execution [16, 22, 33] or
multi-query optimization (MQO) [17, 24, 40]. However, we find that
shared query execution is not always beneficial when the scheduled
queries have different deadlines of returning the results [4, 26] (e.g.
some daily reports are due at 7 am and some others are due at 10
am). In this paper, we use latency goals to represent this deadline.
It is defined as the maximally allowed time a query takes to return
the result after the data for the query is complete.

Consider an example of a scheduled query in Figure 1. If we
use batch execution, which starts the query when all data is ready
(i.e. trigger point in Figure 1), the query misses its latency goal.
To meet its latency goal, we can start processing data early and
incrementally maintain the query result (i.e. incremental execution
in Figure 1). While incremental execution reduces the query latency,
it may increase the total execution time and CPU consumption for
certain queries [23, 44, 50]. This is because tuples that are output
in earlier executions can be removed by later executions. Consider
an aggregate operator that maintains the number of orders each
customer has placed over a stream of newly inserted orders. The
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Figure 2: Example query plans w/(o) MQO

initial execution of this operator computes the aggregated results
and outputs them to its parent operator. The later executions for
newly inserted orders can update the aggregated results for some
customers. Therefore, this aggregate operator needs to remove prior
output tuples (i.e. via delete operations) and then insert the updated
aggregated results. To control the query latency, we can adjust the
frequency of executing the query. Figure 1 shows that if we execute
a query more eagerly, which means that we start each execution
for smaller amount of data, compared to lazy execution, we can
reduce the query latency. However, this increases the computing
resources necessary because more tuples outputted from earlier
executions are be removed in later executions.

In this context, when multiple queries have different latency
goals, the shared execution may not be beneficial and consumes
more resources compared to executing queries separately. The main
reason is that the shared query plan needs to execute more eagerly
to meet the lowest latency goal. The extra resource consumption
introduced by eager incremental execution may offset the benefit of
sharing. While recent research [27, 30, 40] judiciously decides the
parts of queries to be shared, an essential goal of MQO is minimizing
overall resource consumption. No existing MQO approach considers
the overhead of different latency goals and the consequential eager
execution on shared parts.

We illustrate the problem with an example. Consider query 𝑄𝐴

and 𝑄𝐵 in Figure 2. An MQO optimizer generates a plan 𝑄𝐴𝐵

that shares two almost identical joins (with the difference of 𝜎𝐵 ).
Note that the new 𝜎∗

𝐵
in 𝑄𝐴𝐵 only marks tuples that belong to 𝑄𝐵 ,

and does not drop any tuples, which are all needed by 𝑄𝐴 . When
𝑆𝑢𝑏𝑝𝑙𝑎𝑛3 pulls data from 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1, it filters out the tuples that do
not belong to 𝑄𝐵 (i.e. using 𝜎𝑓 𝑖𝑙𝑡𝑒𝑟 ). Consider the case that 𝑄𝐴 has
a high latency goal and𝑄𝐵 has a low latency goal. If we execute the
two queries separately, 𝑄𝐴 is executed lazily and 𝑄𝐵 is executed
eagerly as shown in Figure 3(a). However, if we choose the shared
plan 𝑄𝐴𝐵 , it needs to meet the lower goal (i.e. 𝑄𝐵 ’s) and executes
the whole plan eagerly (i.e. Figure 3(b)). In this case,𝑄𝐴𝐵 has higher
total execution time and CPU consumption than executing the two
queries separately. Here, the total execution time is the summation
of the elapsing time of all incremental executions, and the latency
of a query in a shared plan is defined as the summation of its sub-
plans’ final execution time. For example, Figure 3(b) shows that the
latency of 𝑄𝐴 is the sum of the final execution time of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1
and 𝑆𝑢𝑏𝑝𝑙𝑎𝑛2.

This shared plan has two cases of overhead due to overly eager
execution. First, 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 is executed eagerly to meet 𝑄𝐵 ’s latency
goal and can consume more computing resources compared to

Time

QAand QB query the same input data

(b) QAB Execution

(c) QAB Execution 
(lazy Subplan2)

(a) No Sharing

Latency of QB Latency of QA

Latency of QB

Latency of QA

(i.e. including Subplan1and Subplan2)

Latency of QB

Latency of QA

Subplan1
Subplan3

Subplan2

QB QAQB QB

Figure 3: Query execution for no sharing and the shared plan

not sharing 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1. Assume the selectivity of 𝜎𝐵 is 1%. With-
out sharing, all data can be executed lazily for 𝑄𝐴 (e.g. using one
batch) and only 1% data is executed eagerly for 𝑄𝐵 . In the shared
𝑆𝑢𝑏𝑝𝑙𝑎𝑛1, all data is executed eagerly to meet𝑄𝐵 ’s latency goal. As
discussed above, eager incremental execution for an aggregate oper-
ator (i.e. 𝛾𝑠𝑢𝑚 in 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1) repeatedly removes prior output tuples
and inserts new tuples when the aggregated results are updated.
Therefore, eagerly processing all data for 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 can consume
more computing resources compared to executing this subplan
separately for the two queries. Second, 𝑆𝑢𝑏𝑝𝑙𝑎𝑛2 has overly eager
execution because 𝑄𝐴𝐵 is executed eagerly to meet the goal of 𝑄𝐵 ,
but 𝑄𝐴 has a high latency goal and 𝑆𝑢𝑏𝑝𝑙𝑎𝑛2 could have executed
lazily. This example optimization is shown in Figure 3(c), where we
delay the execution of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛2 to when all data is complete.

We propose iShare for scheduled queries. iShare is more favorable
than existing solutions when the scheduled queries have different
latency goals and partially overlap on shared subplans. Instead
of using a single frequency for a shared plan, iShare selectively
untangles a shared (sub)plan in two ways: 1) executing different
subplans in different frequencies by considering the latency goals;
2) breaking the shared subplans into separate ones based on the
latency goals (i.e. unshare) and run them at different frequencies.

However, such optimization is time-consuming due to the com-
plex search space in finding the execution frequency for each sub-
plan [44] and the possible ways to decompose the shared plan. We
propose several techniques to address this challenge and make the
following contributions:
• First, we extend the metric of incrementability [44] to quantify
the cost-effectiveness of incremental execution for a subplan,
and design an optimized greedy algorithm to quickly find the
execution frequencies.
• Second, we propose a heuristic metric, sharing benefit, which
can estimate whether it is worthwhile to share a subplan for two
sets of queries, and a greedy algorithm to decompose a shared
subplan based on sharing benefit.
• Third, we design a algorithm to quickly compute the execution
frequencies for the decomposed subplan without computing the
execution frequencies for the whole plan from scratch.
• Finally, we perform extensive experiments to show that iShare
has low optimization overhead and can significantly reduce CPU
consumption compared to executing share plans (from the state-
of-the-art MQO optimizer) in a single frequency and two ap-
proaches that execute queries separately.
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2 PROBLEM STATEMENT AND OVERVIEW
In this section, we discuss the context and definition of our opti-
mization problem, present the definitions used in iShare, and the
underlying shared query execution engine.

2.1 Problem context and definition
We consider a scenario where a stream of tuples is being loaded
into the database, and users want to analyze this data stream via
scheduled queries. The queries are scheduled based on pre-defined
events (e.g., time/count-based). We name this pre-defined event
trigger condition. We focus on optimizing the scheduled queries
with the same trigger conditions (e.g., daily loaded data). We assume
knowledge of the data arrival rate (i.e., number of new tuples per
hour for each base relation). Historical statistics [42] can estimate
this information. We use this information to estimate the cost of
query execution and query latency. For simplicity, we assume a
fixed data arrival rate in this paper.

As in prior work [44], we use the total work as a proxy for
the total execution time of all queries (i.e. CPU consumption), and
the final work as a proxy for the latency of each query. Both total
work and final work are quantified based on the DBMS’s cost model.
For example, it could be the estimated cost of CPU cycles or the
number of tuples processed by all operators. As shown in Figure 3,
the total execution time is the summation of the elapsing time of all
incremental executions. Therefore, total work estimates the total
units of work done by all incremental executions for all queries.
The latency shown in Figure 3 is the remaining time a query takes
to return the result after the trigger point. Therefore, we define
the final work as the remaining units of work to be done for each
query after the trigger point. Recall that the latency of a query in a
shared plan is the summation of its subplans’ final execution time.
For example, the latency of 𝑄𝐴 in Figure 3(b) involves the final
execution time of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 and 𝑆𝑢𝑏𝑝𝑙𝑎𝑛2. Similarly, the final work
of a query sums the units of work of its subplans’ final execution.

In iShare, users additionally submit a final work constraint for
each query as a proxy for the latency goal. The final work con-
straint of a query can be specified as an absolute number of units
of work based on a cost model (i.e. absolute final work constraint)
or a relative value defined as the ratio between the final work users
want to achieve and the final work of separately executing the
query in one batch (i.e. relative final work constraint). For example,
a relative constraint of 0.1 means that users want to reduce the
final work to 10% of the final work of executing the query in one
batch. This constraint allows users to make a trade-off between
CPU consumption and query latency. To achieve a desired latency
for a recurring query, users can adjust the final work constraint
based on this query’s prior executions. Therefore, our optimization
problem is given a set of scheduled queries with the same trigger
conditions, how to find a query plan to minimize the total work of
all queries while meeting each query’s final work constraint.

2.2 Definitions and Optimization Overview
We find directly using the shared plan from existing MQO optimiz-
ers has high total work because the shared plan is executed in a
single frequency. Therefore, our key idea is to break the shared plan
into subplans and execute each subplan using a separate frequnecy.

Subplan A subplan in iShare represents a subtree of operators that
are shared by the same set of queries. We break the shared plan
into subplans at the operators that have more than one parent op-
erator. Consider the shared plan in Figure 2. iShare breaks it into
three subplans, where all shared operators belong to a subplan (i.e.,
𝑆𝑢𝑏𝑃𝑙𝑎𝑛1) and the unique plans for 𝑄𝐴 and 𝑄𝐵 are two separate
subplans. When the root operator of one subplan has two or more
parent operators, it materializes its output into a buffer such that
the parent subplans can consume the intermediate results at in-
dividual frequencies [40]. Similarly, we treat all base relations or
delta logs as buffers as well. Therefore, each incremental execu-
tion of one subplan processes all new data from the buffers of its
child subplans or base tables. Then, it materializes the result tuples
into this subplan’s buffer or outputs them as the query results. We
note that there are multiple parent subplans consuming the same
child subplan’s buffer. Therefore, each parent subplan will track
the offsets of the tuples it has processed. We assume a shared query
execution engine that requires the query set of a subplan subsume
the query set of its parent subplans (e.g. the query set {𝑄𝐴, 𝑄𝐵}
of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 in Figure 2 contains the query set {𝑄𝐴} of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛2)
We note that it is possible to break the shared plan in a more fine-
grained way [44], which comes with a higher optimization cost. We
use subplans as the granularity of control as it significantly reduces
the optimization time, which we show in Section 3.2.
Pace The execution frequency of a subplan can be defined as time-
based (every 5s), count-based (every 1000 tuples), or heuristic-based.
For simplicity, we borrow the concept pace [44] to represent the
execution frequency of a subplan. A pace is defined on the finite
amount of data for a trigger condition (e.g. daily loaded data). A
pace 𝑘 means that the subplan starts one execution whenever the
system has received 1

𝑘
of the total estimated tuples for that trigger

condition. The higher the pace is, the more eagerly we execute the
subplan. For example, Figure 3(b) shows that the pace for all three
subplans in 𝑄𝐴𝐵 is 5 (i.e. 5 executions). In Figure 3(c), we see that
the pace for 𝑆𝑢𝑏𝑝𝑙𝑎𝑛2 is 1 since we execute this subplan one time
when all data arrives (i.e. batch execution for 𝑆𝑢𝑏𝑝𝑙𝑎𝑛2). A pace
configuration represents the set of paces 𝑃 = (𝑝1, 𝑝2, . . . , 𝑝𝑀 ) for all
𝑀 subplans. The pace configuration 𝑃1 = (1, 1, . . . , 1) represents
the batch execution for all subplans.
Optimization overview In iShare, we take a shared plan gener-
ated by an existing MQO optimizer [17] as input and adopt the
following two techniques to reduce its total work. First, we use a
greedy algorithm to find a pace configuration to minimize the total
work and also meet the final work constraints, which is discussed
in Section 3. Based on the shared plan annotated with paces, we
consider decomposing each shared subplan into multiple separate
subplans. This way, we can execute different subplans at different
paces to further reduce the total work. We discuss the subplan
decomposition in Section 4. We choose to optimize the plan gen-
erated by an MQO optimizer because we want our optimization
techniques to be independent of any existing MQO optimizers . In
addition, this approach significantly reduces the optimization space
and overhead. We test a method of enumerating all query plans
using a MQO optimizer [17] and finding the pace configuration
holistically for each plan. We find that its optimization time is up
to 4.6 hours for the TPC-H benchmark, and its generated plan has
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similar CPU consumption and query latencies compared to iShare.
We omit this experiment due to space limits.

2.3 Query execution
iShare combines the ideas of SharedDB [16] and prior work in in-
cremental view maintenance [13] to support shared incremental
execution of scan, select, project, aggregate, and inner join oper-
ators with respect to insert, delete, and update operations. Two
physical subplans are considered sharable if they have exactly the
same structure and operators, with the exception of allowing their
select and project operators to be different. To quickly identify
the sharable plans, we encode each subplan using a string signa-
ture [17, 40]. Two subplans are sharable if their string signatures are
exactly the same. Merging two different project operators unions
their projection expressions to generate a new project operator. If
two select operators are different, they are not merged but directly
copied from the original subplans. The key idea for enabling the
shared execution of the subplan is to annotate each intermediate
tuple with a bitvector 𝐵 = (𝑏1, 𝑏2, . . . , 𝑏𝑛), where one bit indicates
whether this tuple is valid for a query [16], and each operator is also
associated with a bitvector where one bit is set if a query shares
this operator. To support delete operations, each intermediate tuple
is additionally associated with a bit that indicates the insertion or
deletion [13]. An update operation is implemented as a delete plus
an insert. The physical implementation of shared query execution
for our supported operators is discussed in prior work [16].

3 FINDING THE PACE CONFIGURATION
iShare allows each subplan to have a different pace to reduce the
total work with respect to the final work constraints of participat-
ing queries. The system is allowed to lazily execute subplans in
the queries that have higher final work constraints. Therefore, we
extend prior work [44] to reduce the total work by considering the
different final work constraints and the structure of shared plans.

Specifically, we redefine the metric incrementability [44]. Incre-
mentability quantifies the cost-effectiveness of incremental execu-
tions and is a key metric for efficient incremental execution for a
single query. We redefine this metric for shared query execution,
and propose an optimized algorithm with a low running time to
find a nonuniform pace configuration using incrementability.

3.1 Incrementability definition in iShare
If we execute a query more eagerly, we have a lower query latency
but a higher resource consumption. The intuition of incrementabil-
ity is to quantify how much query latency we can reduce given the
same additional resources we invest. The original paper [44] defines
incrementability as the ratio between the reduced final work and
the increased total work.

For iShare’s incrementability, we define the benefit of decreased
final work differently by considering the final work constraints of
different queries. Intuitively, if a pace configuration has already met
the final work constraints of some queries, further increasing the
paces for those queries’ subplans does not yield additional benefit.
Therefore, the benefit of a query here should be the reduced missed
final work with respect to its final work constraint rather than the
absolute reduction. With this observation, we now define the benefit

for 𝑁 queries𝑄 = (𝑞1, 𝑞2, . . . , 𝑞𝑁 ) between two pace configurations
𝑃𝐴 and 𝑃𝐵 , where 𝑃𝐴 should be eagerer than 𝑃𝐵 . This means that
any pace in 𝑃𝐴 is no smaller than the corresponding pace in 𝑃𝐵 and
there is at least one subplan’s pace in 𝑃𝐴 larger than the one in 𝑃𝐵 .
The formula of the benefit between the two is:

Benefit(𝑃𝐴, 𝑃𝐵 ) =
∑
∀𝑞𝑖 ∈𝑄

𝑚𝑎𝑥 (0, C𝐹 (𝑃𝐵, 𝑞𝑖 ) − C′𝐹 (𝑃𝐴, 𝑞𝑖 )) (1)

where C′
𝐹
(𝑃, 𝑞𝑖 ) =𝑚𝑎𝑥 (𝐿(𝑞𝑖 ), C𝐹 (𝑃, 𝑞𝑖 )).

Here,𝐿(𝑞𝑖 ) represents a query’s final work constraint andC𝐹 (𝑃, 𝑞𝑖 )
means the final work of a query given a pace configuration 𝑃 . There-
fore, C′

𝐹
(𝑃, 𝑞𝑖 ) represents the bounded final work that is no lower

than the constraint and𝑚𝑎𝑥 (0, C𝐹 (𝑃𝐵, 𝑞𝑖 ) − C′𝐹 (𝑃𝐴, 𝑞𝑖 )) is the ben-
efit of reducing the missed final work with respect to query 𝑞𝑖 ’s
constraint. Finally, Equation 1 sums the per-query benefit to com-
pute the overall benefit.

The overhead of the eager execution from 𝑃𝐵 to 𝑃𝐴 is C𝑇 (𝑃𝐴) −
C𝑇 (𝑃𝐵), where C𝑇 (·) represents the total work of a pace configura-
tion. The incrementability definition for iShare is:

InC(𝑃𝐴, 𝑃𝐵 ) =
Benefit(𝑃𝐴, 𝑃𝐵 )
C𝑇 (𝑃𝐴) − C𝑇 (𝑃𝐵 )

(2)

3.2 Pace configuration via incrementability
In this subsection, we first discuss the algorithm of estimating
incrementability and then we present the algorithm of leverag-
ing incrementability to find the pace configuration. Finding the
pace configuration essentially uses incrementability to prune the
search space of different pace configurations. Therefore, the cost of
estimating incrementability is the bottleneck of finding the pace
configuration. Computing incrementability requires estimating the
final work C𝐹 (𝑃, ·) for each query and total work C𝑇 (𝑃) given a
pace configuration 𝑃 . As the number and complexity of subplans
grow, directly adapting the algorithm from an existing project [44]
to compute the total work and the final work of a pace configura-
tion is time-consuming. Our experiments in Section 5.5 shows that
the original algorithm [44] cannot finish within 30 mins for the full
TPC-H query set when the max pace of each subplan is larger than
50. This is because the original algorithm computes the cost of a
pace configuration by simulating its the execution from scratch.
Therefore, we propose a memoization-based algorithm to quickly
compute the cost of a pace configuration.
Memoization algorithm By definition, a pace 𝑘 means that the
subplan starts one incremental execution to process its new data
when the system receives 1

𝑘
of the total estimated tuples. To esti-

mate the cost of a pace configuration, the original algorithm simu-
lates the execution of each subplan with respect to the progress of
how much new data arrives. To enable more reuse opportunities
our memoization algorithm estimates the cost of a pace config-
uration by redefining the pace of a subplan to be dependent on
the subplan’s input data rather than the system’s input data. To
estimate the cost of a subplan with a pace k, we take the estimated
total input data of this subplan and starts 𝑘 incremental executions
where each processes 1

𝑘
of its total input data.

We use Figure 4 to explain the algorithm of estimating the total
work and the final work given a pace configuration. We use 𝑄𝐴𝐵

in Figure 2 and consider a pace configuration (3, 2, 1). Given the
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Subplan1, Pace = 3

Subplan1’s private total work: 110
Subplan1’s private final work: 0

{QA: 100, QB: 100,
total: 100}

Lineitem input Part input

{QA: 10, QB: 10,
total: 10}

{QA: 20, QB: 2, total: 20}
Output Cardinality

Total Output Cardinality
{QA: 20, QB: 2, total: 20}

Step1

Subplan1, Pace = 3

Subplan1’s private total work: 220
Subplan1’s private final work: 0

Total Output Cardinality
{QA: 40, QB: 4, total: 40}

Step2

Subplan1, Pace = 3

Subplan1’s private total work: 330
Subplan1’s private final work: 110

Total Output Cardinality
{QA: 60, QB: 6, total: 60}

Step3

Subplan2, Pace = 2

Subplan2’s private total work: 30
Subplan2’s private final work: 0

Step4

Subplan2, Pace = 2

Subplan2’s private total work: 60
Subplan2’s private final work: 30

{QA: 30, QB: 3, total: 30}
Input Cardinality from Subplan1

{QA: 2, total: 2}
Output CardinalityStep5

Subplan3, Pace = 1

Subplan3’s private total work: 6
Subplan3’s private final work: 6

{QA: 60, QB: 6, total: 60}

Output Cardinality

{QB: 1, total: 1}

Step6

Total input cardinality from Lineitem
{QA: 300, QB: 300, total: 300}

Setup

Subplan1
Pace = 3

Subplan2
Pace = 2

Subplan3
Pace = 1

Total input cardinality from Part
{QA: 30, QB: 30, total: 30}

Computing the total work 
and the final work

Total work = 330 + 60 + 6 = 396

QA Final work = 110 + 30 = 140

QB Final work = 110 + 6 = 116

Simulated execution of Subplan1

{QA: 20, QB: 2, total: 20}
Output Cardinality

{QA: 20, QB: 2, total: 20}
Output Cardinality

{QA: 100, QB: 100,
total: 100}

Lineitem input Part input

{QA: 10, QB: 10,
total: 10}

{QA: 100, QB: 100,
total: 100}

Lineitem input Part input

{QA: 10, QB: 10,
total: 10}

QA QB

Simulated execution of Subplan2

{QA: 30, QB: 3, total: 30}
Input Cardinality from Subplan1

{QA: 2, total: 2}
Output Cardinality

Simulated execution of Subplan3

Input Cardinality from Subplan1

Figure 4: A running example of estimating the total work and the final work given a pace configuration

Algorithm 1: Estimate C𝑇 (𝑃) and C𝐹 (𝑃, ·)

1 𝐺𝑠𝑜𝑟𝑡𝑒𝑑 ← Sorting subplans topologically from child
2 to parent subplans
3 for 𝑔𝑖 ∈ 𝐺𝑠𝑜𝑟𝑡𝑒𝑑 do
4 𝑘𝑒𝑦 ← Find the private pace configuration for 𝑔𝑖 in 𝑃

5 if𝑚𝑒𝑚𝑜𝑖 .𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑠 (𝑘𝑒𝑦) then
6 (𝑝𝑇 , 𝑝𝐹 ) ←𝑚𝑒𝑚𝑜𝑖 (𝑘𝑒𝑦)
7 else
8 (𝑝𝑇 , 𝑝𝐹, 𝑜𝑢𝑡𝐶𝑎𝑟𝑑) ← Estimating the cost and
9 output cardinality of 𝑝𝑖 simulated executions

10 Add (𝑘𝑒𝑦 -> (𝑝𝑇 , 𝑝𝐹, 𝑜𝑢𝑡𝐶𝑎𝑟𝑑)) to𝑚𝑒𝑚𝑜𝑖

11 end
12 for 𝑞𝑖 ∈ 𝑄 do
13 if 𝑞𝑖 includes 𝑔𝑖 then
14 Add 𝑝𝐹 to C𝐹 (𝑃,𝑞𝑖 )
15 end
16 Add 𝑝𝑇 to C𝑇 (𝑃 )
17 end

estimated total input cardinality of Lineitem and Part, this algo-
rithm estimates the cost from bottom to top. It first simulates 3
incremental executions for 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 (i.e. Step 1 to 3 in Figure 4).
The input cardinality for each simulated execution is 1

3 of the total
input and the cost of each execution is added to the private total
work of this subplan, which represents the estimated total cost of
this subplan processing its input data. We further define the pri-
vate final work of a subplan as the cost of its final execution (i.e.
Step 3). For each simulated incremental execution, we update the
statistics of intermediate states (e.g. estimated hash table size for
symmetric hash join) and estimate the output cardinality of each
execution, which is added to the total output cardinality in
Figure 4. Now, we have the total output cardinality of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1,
which is the input cardinality of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛2 and 𝑆𝑢𝑏𝑝𝑙𝑎𝑛3. 𝑆𝑢𝑏𝑝𝑙𝑎𝑛2
and 𝑆𝑢𝑏𝑝𝑙𝑎𝑛3 take this output cardinality, and simulate 2 and 1
incremental executions respectively (i.e. Step 4 to 6). Finally, the
total work is the summation of the private total work of all subplans
and the final work of a query includes the private final work of this

query’s subplans. Figure 4 shows that the final work of 𝑄𝐴 is the
summation of the private final work of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 and 𝑆𝑢𝑏𝑝𝑙𝑎𝑛2.

Now we discuss reusing the prior estimated results to quickly
estimate the cost of a pace configuration. The estimated results we
can reuse include output cardinality, private total work, and private
final work of each subplan. We note that these estimated results
depend on the paces of the subplan and its descendant subplans.
We call these paces private pace configuration for a subplan. To
reuse prior results, each subplan maintains a key-value memo table,
where the key is a private pace configuration and the value includes
output cardinality, private total work, and private final work.

Algorithm 1 shows our memoization algorithm. We estimate the
private total work and private final work of each subplan (i.e. 𝑝𝑇
and 𝑝𝐹 in Algorithm 1) from the bottom to top. For each subplan, we
first probe its memo table to look for prior estimated results. If not
found, we start one simulation to estimate the private total work,
the private final work, and its output cardinality (i.e. 𝑜𝑢𝑡𝐶𝑎𝑟𝑑). This
information is then stored in the memo table. Finally, we add 𝑝𝑇

to the total work and add 𝑝𝐹 to the final work of the queries that
include this subplan. We note that the estimation of the total work
and final work might not be accurate due to the inaccurate cardinal-
ity estimation [43, 44]. For the recurring queries, we can calibrate
the cardinality estimation based on previous query executions. We
test the inaccurate cardinality estimation and find iShare has lower
CPU consumption and similar query latencies compared to the
baselines. The results are omitted due to space limits.
Algorithm of finding pace configuration Now we have an op-
timized algorithm for computing incrementability. We then adapt
the algorithm from the existing project [44] to find the pace con-
figuration in the shared setting. It starts at 𝑃1, which is the case of
batch execution, and repeatedly increase the pace of one subplan
having the highest incrementability. The loop includes two steps:
• Check whether all queries have met the final work constraints
(i.e. ∀𝑞𝑖 ∈ 𝑄 : C𝐹 (𝑃, 𝑞𝑖 ) <= 𝐿(𝑞𝑖 )) and whether all paces have
reached the max pace 𝐽 (i.e. ∀𝑝𝑖 ∈ 𝑃 : 𝑝𝑖 >= 𝐽 ). If either is true,
the optimization stops.
• For each 𝑠𝑢𝑏𝑝𝑙𝑎𝑛𝑖 , its incrementability is 𝐼𝑛𝑐 (𝑃, 𝑃 [𝑝𝑖\𝑝𝑖+1] ),
where 𝑃 [𝑝𝑖\𝑝𝑖+1] means that we increase 𝑠𝑢𝑏𝑝𝑙𝑎𝑛𝑖 ’s pace 𝑝𝑖 by
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Original plan

𝑆𝑢𝑏𝑝𝑙𝑎𝑛1
{𝑞1, 𝑞2, 𝑞3}
Pace = 5

𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑎
{𝑞1, 𝑞2}
Pace = 5

𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑏
{𝑞3}
Pace = 5

Split

𝑆𝑢𝑏𝑝𝑙𝑎𝑛1
{𝑞1, 𝑞2, 𝑞3}
Pace = 5

𝑆𝑢𝑏𝑝𝑙𝑎𝑛2
{𝑞1, 𝑞2, 𝑞3, 𝑞5}

Pace = 8

𝑆𝑢𝑏𝑝𝑙𝑎𝑛3
{𝑞1, 𝑞2, 𝑞3, 𝑞4}
Pace = 10

Step 1: Find a split Step 2: Generate a new plan and 
find a new pace configuration

𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑎
{𝑞1, 𝑞2}
Pace = 4

𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑏
{𝑞3}
Pace = 2

𝑆𝑢𝑏𝑝𝑙𝑎𝑛2
{𝑞1, 𝑞2, 𝑞3, 𝑞5}
Pace = 8

𝑆𝑢𝑏𝑝𝑙𝑎𝑛3
{𝑞1, 𝑞2, 𝑞3, 𝑞4}
Pace = 10

Figure 5: An overview of decomposing a shared subplan

⋈

𝑆𝑢𝑏𝑝𝑙𝑎𝑛2
Scan

𝛾𝑠𝑢𝑚
𝜎3

𝑆𝑢𝑏𝑝𝑙𝑎𝑛3
Scan

⋈

𝑆𝑢𝑏𝑝𝑙𝑎𝑛2
Scan

𝛾𝑠𝑢𝑚
𝑆𝑢𝑏𝑝𝑙𝑎𝑛3

Scan

A Split of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1

𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑎 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑏

𝑄 = {𝑞1, 𝑞2}
𝑄 = {𝑞3}⋈

𝑆𝑢𝑏𝑝𝑙𝑎𝑛2
Scan

𝛾𝑠𝑢𝑚
𝜎3 𝑆𝑢𝑏𝑝𝑙𝑎𝑛3

Scan

𝑆𝑢𝑏𝑝𝑙𝑎𝑛1

𝑄 = {𝑞1, 𝑞2, 𝑞3}

Figure 6: One split of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1

one. Assuming 𝑠𝑢𝑏𝑝𝑙𝑎𝑛𝑖∗ has the highest incrementability, the
pace configuration 𝑃 is updated to 𝑃 [𝑝𝑖∗\𝑝𝑖∗+1] .

We note that the pace of a parent subplan should be no larger than
its child subplan. The step two in the algorithm will filter out a can-
didate pace configuration 𝑃 [𝑝𝑖\𝑝𝑖+1] if it violates this requirement.

4 DECOMPOSING A SHARED SUBPLAN
iShare exploits the time slackness in the diverse final work con-
straints by selectively executing parts of the shared plan lazily to
reduce the total work. After finding nonuniform paces for differ-
ent subplans, iShare considers “unsharing” or decomposing each
shared subplan for lazier execution. For example, Figure 2 shows
that we can decompose 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 into two separate subplans such
that𝑄𝐴 and𝑄𝐵 can be executed with different paces. Our following
discussion is focused on decomposing a subplan as a whole (e.g. “un-
sharing”) and more fine-grained decomposition (i.e. decomposing
parts of a subplan) is discussed in Section 4.3.

Decomposing a shared plan loses opportunities for sharing.
Therefore, we systematically consider the shared opportunities
and the benefit of lazy incremental executions. We use the example
of decomposing 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 in Figure 5 to show an overview of our
decomposition algorithm:
• First, given a shared subplan, we split the queries that share
this subplan. For example, Figure 5 shows that the query set
{𝑞1, 𝑞2, 𝑞3} is split into {𝑞1, 𝑞2} and {𝑞3}. Each subset of queries
shares a single subplan (i.e. 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑎 and 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑏 ). The chal-
lenge here is that there is an exponential number of possible
ways of splitting the queries. Therefore, we propose a clustering
algorithm to heuristically split the queries. This algorithm uses
a metric sharing benefit that can quickly decide whether it is
worthwhile to share two sets of queries. We discuss splitting a
subplan in Section 4.1.
• Second, we replace this decomposed subplan with the original
subplan to generate a new query plan and find its pace config-
uration. For example, Figure 5 shows that we replace 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1
with 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑎 and 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑏 and find new paces. We compute
the new plan’s total work, compare it with the total work of the
original plan, and choose the one with the lowest total work. We
discuss this step in Section 4.2.

We talk about fine-grained decomposition in Section 4.3 and apply-
ing our decomposition algorithm to the full plan in Section 4.4.

4.1 Finding a split for a shared plan
We define a split as a partitioning of the queries that share this
subplan. Consider the example in Figure 6. The 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 is shared
by three queries 𝑄 = {𝑞1, 𝑞2, 𝑞3}, which is split into two query sets
{𝑞1, 𝑞2} and {𝑞3}. The new plan for one query set (e.g. 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑎)

𝑆𝑢𝑏𝑝𝑙𝑎𝑛3
𝑄 = {𝑞1, 𝑞2, 𝑞3, 𝑞4}
Pace = 10

𝑆𝑢𝑏𝑝𝑙𝑎𝑛2
𝑄 = {𝑞1, 𝑞2, 𝑞3, 𝑞5}

Pace = 8

𝑆𝑢𝑏𝑝𝑙𝑎𝑛1
𝑄 = {𝑞1, 𝑞2, 𝑞3}
Pace = 5

Input Cardinality
{𝑞1: 100, 𝑞2: 200,

𝑞3: 300, 𝑡𝑜𝑡𝑎𝑙: 500}

Input Cardinality
{𝑞1: 100, 𝑞2: 100,

𝑞3: 200, 𝑡𝑜𝑡𝑎𝑙: 400}

Figure 7: Input cardinalities of𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 using a pace configuration

copies all operators from the original subplan, except the select
operators that do not belong to this query set (e.g. 𝜎3), and derives
the same parent and child operators from the original subplan. Not
shown in the figure are the project operators, which are copied
from the original subplan and modified to include all attributes
required by its ancestor operators.

There is an exponential number of ways of splitting a query
set. Computing the total work from scratch for all splits can be
time-consuming. Therefore, we define a local optimization problem
of finding the split that best reduces the work of the subplan itself.
The intuition here is that if a split can reduce the work of the
subplan, it should also be able to reduce the total work of the
whole plan. To solve this problem, we use a clustering algorithm
to heuristically find the split that reduces the work of this subplan.
In this subsection, we first talk about the definition of this local
optimization problem and then discuss the clustering algorithm.

4.1.1 Defining the local optimization problem. Before we formally
define this problem, we use an example to conceptually explain it.
Explaining the optimization problem with an example We
first explain the optimization objective: local total work. Con-
sider the example of decomposing 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 in Figure 7. The input
cardinality of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 represents the estimated total number of
tuples that 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 needs to process given the pace configuration
in Figure 7. For example, the input cardinality from 𝑆𝑢𝑏𝑝𝑙𝑎𝑛3 is
500, where 100, 200, and 300 tuples are valid for 𝑞1, 𝑞2, and 𝑞3,
respectively. If 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 uses pace 5, we simulate 5 incremental
executions for every one-fifth of the input data. The local total work
of this subplan is the sum of the five executions’ work.

Then, we discuss estimating the local total work for a split. If we
split 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 shown in Figure 6, we have two partitions {𝑞1, 𝑞2}
and {𝑞3}. Assuming that they use paces 2 and 4 respectively, the
local total work of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 is computed as follows. We simulate
2 incremental executions for {𝑞1, 𝑞2} to its process the input data
of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1. The total work of this partition is the sum of the 2
executions’ work. Similarly, we can simulate 4 executions for {𝑞3}
to compute the total work of this partition. We call the total work
of a partition partial local total work. Then, the local total work
for is split is the summation of each partition’s partial local total
work. The goal of our optimization problem is to find a split that
reduces the local total work.
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We now explain the constraints of the optimization problem. We
first define local final work of each query. Consider the partition
{𝑞1, 𝑞2} in Figure 6. If its pace is 2, it means this partition uses 2
incremental executions to process it input data. Thus, the local final
work of 𝑞1 and 𝑞2 is the work of the final execution (i.e. the 2nd) of
their partition. Note that the local final work differs from private
final work (Sec. 3.2) in that local is defined on a partition of a split,
but final is for an entire subplan.

Our optimization problem is constrained on the local final work
of each query. We compute the local final work constraints as
follows. We first compute the absolute final work constraint for each
query. Then, we proportionally scale each query’s absolute final
work constraint to its local final work constraint for each subplan.
Consider 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 in Figure 6. The query 𝑞1 has two operators
in this subplan (i.e. the join and the aggregate operators). Assume
that the two operators occupy 20% of the work of executing 𝑞1
separately in one batch. Then, the local final work constraint for the
two operators is also 20% of the constraint on 𝑞1. We pre-compute
the local final work constraints before we start the decomposition.

We call the paces for all partitions in a split the local pace
configuration. To estimate the input data for each subplan’s local
optimization problem, we simulate the execution of the nonuniform
pace configuration found in Section 3.2. Therefore, the optimization
problem is finding a split along with its local pace configuration to
minimize the local total work and meet local final work constraints.

Formal definition We use W𝑇 (𝑂, 𝑅) to denote the local total
work given a split𝑂 = (𝑂1, · · · ,𝑂𝐷 ) and a local pace configuration
𝑅 = (𝑅1, · · · , 𝑅𝐷 ). 𝐷 represents the number of partitions and 𝑅𝑖
represents the pace of partition 𝑂𝑖 . The partial local total work of
a partition 𝑂𝑖 and a pace 𝑅𝑖 is denoted asW𝑃𝑇 (𝑂𝑖 , 𝑅𝑖 ). Therefore,
we have

W𝑇 (𝑂,𝑅) =
𝐷∑
𝑖=1
W𝑃𝑇 (𝑂𝑖 , 𝑅𝑖 ) (3)

In addition, the local final work for partition 𝑂𝑖 , and each of its
queries, with pace 𝑅𝑖 isW𝐹 (𝑂𝑖 , 𝑅𝑖 ).

Assuming that we have 𝐻 queries sharing a subplan with local
final work constraints 𝑆 = (𝑆1, · · · , 𝑆𝐻 ), the local optimization
problem is formally defined as

minimize
(𝑂,𝑅)

W𝑇 (𝑂,𝑅)

subject to W𝐹 (𝑂𝑖 , 𝑅𝑖 ) ≤ min
𝑗∈𝑂𝑖

𝑆 𝑗

∀𝑖 ∈ [1, 𝐷 ]
Here, the local final work of each partitionW𝐹 (𝑂𝑖 , 𝑅𝑖 ) needs to
meet the lowest local final work constraint among the partition’s
queries (i.e. min𝑗 ∈𝑂𝑖

𝑆 𝑗 )

4.1.2 Finding the best split. Solving the above optimization prob-
lem needs to consider the split and its local pace configuration.
Simply searching the space is time-consuming due to its exponen-
tial complexity. Thus, we leverage the following observation to
prune the search space.
Observation Consider two partitions 𝑂1 and 𝑂2 in a split. We
define the selected pace, 𝑅∗

𝑖
, of a partition, 𝑂𝑖 , as the smallest

pace that allows 𝑂𝑖 to meet its local final work constraints (i.e.
W𝐹 (𝑂𝑖 , 𝑅

∗
𝑖
) ≤ min𝑗 ∈𝑂𝑖

𝑆 𝑗 ). 𝑅∗𝑖 means the laziest possible execution
that reduces the most local total work. The observation is if we
merge 𝑂1 and 𝑂2 into a single partition (i.e. 𝑂12), the selected pace

𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑎 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑏
{𝑞1, 𝑞2} {𝑞3}

𝑆𝑢𝑏𝑝𝑙𝑎𝑛4
{𝑞1, 𝑞3}

𝑆𝑢𝑏𝑝𝑙𝑎𝑛5
{𝑞2}

Split 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1

𝑆𝑢𝑏𝑝𝑙𝑎𝑛5
{𝑞2}

𝑆𝑢𝑏𝑝𝑙𝑎𝑛4𝑎
{𝑞1}

𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑎
{𝑞1, 𝑞2}

𝑆𝑢𝑏𝑝𝑙𝑎𝑛14𝑏
{𝑞3}

𝑆𝑢𝑏𝑝𝑙𝑎𝑛5
{𝑞2}

𝑆𝑢𝑏𝑝𝑙𝑎𝑛4𝑎
{𝑞1}

𝑆𝑢𝑏𝑝𝑙𝑎𝑛4𝑏
{𝑞3}

𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑎 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑏
{𝑞1, 𝑞2} {𝑞3}

Split 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1

Figure 8: Generating a new plan using the decomposed 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1

𝑅∗12 of 𝑂12 should be no smaller than that of 𝑂1 and 𝑂2. The reason
is that the work 𝑂12 needs to do is the union of 𝑂1 and 𝑂2, and
this union of work will be no smaller than an individual partition.
In addition, 𝑂12 needs to meet the lower constraint of the two
partitions. So𝑂12 will be no lazier than𝑂1 and𝑂2 respectively. The
monotonicity of the selected pace motivates us to cluster the queries
from the bottom up (i.e. merging partitions) and monotonically
increasing the selected pace for the merged partitions.
Sharing benefit As we are clustering the queries from the bottom
up, we need to choose which partitions to merge. To do so, we
develop a metric, sharing benefit, to quantify the reduced total
work for the merged partition. Consider merging two partitions 𝑂𝑖

and 𝑂 𝑗 into a new partition 𝑂𝑖 𝑗 The benefit is:
Sharingbenefit(𝑄𝑖 ,𝑄 𝑗 ) =W𝑃𝑇 (𝑂𝑖 , 𝑅

∗
𝑖 ) + W𝑃𝑇 (𝑂 𝑗 , 𝑅

∗
𝑗 )

− W𝑃𝑇 (𝑂𝑖 𝑗 , 𝑅
∗
𝑖 𝑗 )

(4)

Here,W𝑃𝑇 (𝑂𝑖 , 𝑅
∗
𝑖
) represents the lowest partial total work of par-

tition 𝑂𝑖 given its selected pace 𝑅∗
𝑖
.

The clustering algorithm The clustering algorithm keeps merg-
ing two partitions with the highest sharing benefit until there is no
positive benefit or there is only one partition left. It starts with a
split where each query is in a separate partition. The initial pace
configuration is 𝑃1. Before we merge partitions, we increase the
pace of each partition to find the selected pace that meets the par-
tition’s local final work constraints. After, we merge the pair of
partitions that has the highest benefit. As the observation shows,
the newly merged partition adopts the larger selected pace of the
two old partitions and increases this pace to find the new selected
pace. Thus, the search for the selected pace does not start from 1,
but monotonically from the larger selected paces of old partitions.

4.2 Generating a new plan & pace configuration
The first step proposes a decomposed subplan. Then, we replace the
old subplan with the decomposed one and check whether this new
plan can reduce the total work. We note that our local optimization
is to find a decomposed subplan that has the potential of enabling
lazy execution to reduce CPU consumption, that is, the local pace
configuration has smaller paces compared to pace of the original
subplan. While this local pace configuration can reduce CPU con-
sumption, it might violate the requirement that the pace of a parent
subplan should be no larger than the pace of its child subplans. In
addition, the local paces might not be small enough to exploit the
full potential of the decomposed subplan when we consider the full
shared plan as a whole. So we perform an optimization to find a cor-
rected version of the local pace configuration of this decomposed
subplan to make sure the paces we find are small enough to reduce
CPU consumption but not violate the aforementioned requirement.
Generating a new plan Recall that we assume an execution en-
gine that requires the query set of a subplan subsume the query
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sets of its parent subplans. However, the new decomposed subplan
may not meet this requirement. Consider the subplan in Figure 8 as
an example. We see that the query set {𝑞3} of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑏 does not
subsume the query set of its parent 𝑆𝑢𝑏𝑝𝑙𝑎𝑛4 (i.e. {𝑞1, 𝑞3}). In this
case, we split the parent subplans to align them with their child
subplans (e.g. the middle graph in Figure 8). We recursively do this
for the parent subplans until we meet the requirement.

After that, we consider merging the newly generated subplans
when a new subplan has only one parent subplan. Consider the
𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑏 and 𝑆𝑢𝑏𝑝𝑙𝑎𝑛4𝑏 of the newly generated plan in Figure 8.
Since 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑏 ’s the only parent subplan is 𝑆𝑢𝑏𝑝𝑙𝑎𝑛4𝑏 , they should
be merged (i.e. 𝑆𝑢𝑏𝑝𝑙𝑎𝑛14𝑏 in the right graph of Figure 8).
Finding a new pace configuration Recall that the motivation
of the decomposition is that the decomposed subplan enables us
to execute the whole shared plan lazily by leveraging the diverse
final work constraints. Therefore, we need to find a lazier pace
configuration (i.e. smaller pace). The key idea is to initialize the
newly generated plan with a pace configuration that is eagerer
than or equal to the original one (i.e. equal or larger pace) and
incrementally decrease the paces. Therefore, we use two steps to
generate the initial pace configuration:
• Step 1. For each newly generated subplan, we use the pace
of the original subplan that the new subplan is derived from.
For example, since 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑎 and 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑏 in Figure 8 are
derived from 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1, the two new plans then adopt the pace
of 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1.
• Step 2. If a newly generated subplan should be merged with
another subplan (e.g. 𝑆𝑢𝑏𝑝𝑙𝑎𝑛1𝑏 and 𝑆𝑢𝑏𝑝𝑙𝑎𝑛4𝑏 in Figure 8) and
the two subplans have different paces, we choose the larger pace
for the merged subplan.

Starting from this pace configuration, we use a modified algorithm
in Section 3.2 to incrementally find a new nonuniform pace config-
uration. The difference is that at each step instead of increasing the
pace of the subplan with the highest incrementability, we decrease
the pace of the subplan that has the lowest incrementability. That
is, we choose the subplan that can best lower the total work for the
same final work increase.

4.3 Partial decomposition
Partially decomposing a subplan selects a subtree that shares the
root of the subplan and then splits the subtree. For example, consider
𝑆𝑢𝑏𝑝𝑙𝑎𝑛1 in Figure 6. We can choose to split the join operator (i.e.
⊲⊳) and leave its child operators unchanged. The key idea is that we
first break the subplan into three subplans: the join operator itself,
and the left/right child subtree of the join operator. Afterwards, we
split the join operator using the clustering algorithm.

We note that there is an exponential number of subtrees sharing
the root of a subplan. Therefore, our partial decomposition consid-
ers a subset of them. Specifically, we generate the subtree candidates
by starting with the root operator and gradually expanding the sub-
tree to include its child operators using a breath-first like search.
Each new subtree includes one additional child operator that is
the closest to the root operator. Therefore, the number of subtree
candidates is no larger than the number of operators in a subplan,
which greatly reduces the optimization time while keeping the
opportunities of decomposing the subplan with a fine-granularity.

4.4 Applying decomposition to the full plan
We now discuss applying the decomposition algorithm of a shared
subplan to the full plan. After we find the nonuniform pace con-
figuration for the full plan, we also collect statistics information
required by the decomposition algorithm. We simulate the execu-
tion of the nonuniform pace configuration to generate the input
cardinalities for each subplan and run each query separately in one
batch to collect the local final work constraints. Then, we sort all
subplans topologically from the parent to the child and apply the
decomposition algorithm for each subplan in this order to generate
a new plan with a smaller total work.

5 EXPERIMENTS
Our experiments address the following questions:
• Compared to a state-of-the-art shared plan [17] that uses a

single pace and two other approaches that execute queries
separately, how much does iShare reduce the total execution
time given the same final work constraints? (Sec. 5.3)
• How much more efficient is our decomposition algorithm

in reducing computing resources in iShare and how is it
compared to a brute-force approach? (Sec. 5.4)
• What is the optimization overhead of iShare, and how much

optimization overhead our memoization and clustering algo-
rithms reduce compared to other algorithms? (Sec. 5.5)
• How does different levels of incrementability and varied final

work constraints impact the resource consumption of the
baseline approaches and iShare? (Sec. 5.6)

All experiments are run on a server that has 196 GB of main memory
and two Intel Xeon Silver 4116 processors, with 24 total physical
cores. We use 20 cores for all experiments and leave the rest for the
OS (Ubuntu 18.04) and other supporting processes (e.g. HDFS).

5.1 Prototype Implementation
iShare is implemented in Spark 2.4.0 [6]. We extend Spark SQL
to support shared query execution based on SharedDB [16] and
incremental execution of deletes and updates based on existing IVM
algorithms [13]. We adopt techniques to reduce the cost of starting
Spark jobs for incremental execution [47] . We use a Kafka [1]
cluster as the data source that streams new data into Spark queries.
The Kafka cluster is also used to materialize intermediate output
tuples from a subplan that has two or more parent subplans. Each
parent subplan pulls the new data of this subplan from the Kafka
cluster. Additionally, the cluster is run on a different machine with
the same hardware configuration. The two machines are placed on
the same rack and have 10 Gbps Ethernet connection to each other.

Users submit a set of SQL queries along with final work con-
straints to iShare. Recall that we support both relative and absolute
final work constraints. For easy presentation, we choose the relative
one. Users can tune the relative constraints to explore the trade-off
between resource consumption and query latency.

iShare uses a state-of-the-art MQO optimizer [17] to generate a
shared query plan from the submitted queries. Note that we extend
this optimizer to account for the materialization cost of intermediate
tuples as suggested by an existing MQO optimizer [40]. iShare
optimizes this shared plan by finding the pace configuration and
decomposing subplans if necessary. Each incremental execution
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Random Uniform
Mean % Mean Sec. Max % Max Sec. Mean % Mean Sec. Max % Max Sec.

NoShare-Uniform 37.24 1.37 854.69 30.48 21.36 0.98 884.47 31.54
NoShare-Nonuniform 6.37 0.42 123.41 9.06 5.66 0.38 192.59 7.60
Share-Uniform 44.24 1.72 895.19 31.92 29.48 2.02 802.19 33.53
iShare 6.39 0.22 153.66 4.68 7.17 0.34 207.24 7.14

Table 1: Missed latencies of random and uniform relative constraints.

of a subplan uses all 20 CPU cores. When an execution is finished,
we execute the next subplan based on the pace configuration. If
multiple subplans start their incremental executions at the same
time (e.g. they have the same pace), the child subplans are executed
earlier than their parent subplans.

Recall that iShare is optimized to reduce CPU consumption
and achieve similar latencies compared to the baseline approaches.
Therefore, we use the total execution time to represent the CPU
consumption for a set of scheduled queries. Total execution time
is the summation of the elapsing time of all incremental execu-
tions. Lower total execution time means lower CPU utilization. The
query latency is defined as the summation of the final execution
time of all subplans in this query. We report missed latency with
respect to the latency goal in the experiment. Here, we compute
the latency goal of a query by multiplying the query’s relative fi-
nal work constraint by the latency of its batch execution. We note
that for different queries they may have different latency goals
even for the same relative final work constraints. This is because
the latency of their respective batch execution is different. We
report two types of missed latency, absolute missed latency and
relative missed latency. The absolute missed latency represents dif-
ference between the tested latency and the latency goal, which is
𝑚𝑎𝑥 (0, tested latency − latency goal). The relative missed latency
represents the percentage of the absolute missed latency compared
to the latency goal, which is absolute missed latency

latency goal .

5.2 Experiment setup

Benchmark We use the TPC-H benchmark in our experiments
and our prototype supports all 22 TPC-H queries. Furthermore, we
test the two example queries 𝑄𝐴 and 𝑄𝐵 from Figure 2:
𝑄𝐴: SELECT SUM(agg_l.sum_quantity) as total_sum_quantity

From part p,

(SELECT SUM(l_quantity) as sum_quantity

FROM Lineitem

GROUP BY l_partkey) agg_l

WHERE p_partkey == l_partkey

𝑄𝐵 : SELECT ps_partkey

FROM partsupp ps,

(SELECT AVG(agg_l.sum_quantity) as avg_quantity

From part p,

(SELECT SUM(l_quantity) as sum_quantity

FROM Lineitem

GROUP BY l_partkey) agg_l

WHERE p_partkey == l_partkey

AND p_brand" == "Brand #23" AND p_size == 15)

WHERE ps.ps_availqty < avg_quantity

We preload the full dataset into Kafka and let iShare pull data
from Kafka at a rate of 100MB/min. This data pull rate allows the
system to process all the data steadily (i.e. no back pressure) even
if we run all 22 TPC-H queries concurrently. We use a dataset with
a scale factor of 5 (i.e. 5GB data) to make sure that Spark does not
run out of memory even for all TPC-H queries. The max pace is
capped at 100. Therefore, the time of loading 5GB data at the rate of
100MB/min is 3000s. If we use the max pace 100, we will start one
execution every 30s. We assume that the system knows the data
arrival rate based on previous executions. We run each test three
times and report the average unless otherwise specified.
Baselines We compare iShare against three baselines. NoShare-
Uniform executes each query separately with a separate pace
for each query. The pace is set to meet each query’s final work
constraint using the algorithm from Section 3.2. Second, NoShare-
Nonuniform is adapted from previous work [44]. Here, each query
is broken into smaller parts, where each part is executed at a dif-
ferent pace. Therefore, each query is assigned a set of nonuniform
paces. We implement this idea by breaking a query into subplans at
blocking operators (e.g. aggregate). The root of a subplan is either
a blocking operator or the root of the query. To generate a subplan,
we expand the subplan’s root to gradually include its descendant op-
erators until another blocking operator or a base relation. The pace
configuration for each query with respect to the query’s absolute
final work constraint is found with the algorithm from Section 3.2.
Share-Uniform uses an existing MQO optimizer [17] to generate
several separate shared plans, where each plan is assigned a sepa-
rate pace. We have separate plans because they have no sharable
sub-expressions or the MQO optimizer finds the sharing cost too
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Mean % Mean Sec. Max % Max Sec.
NoShare-Uniform 4.40 0.16 96.85 3.45
NoShare-Nonuniform 0 0 0 0
Share-Uniform 32.34 1.15 711.57 25.37
iShare 0 0 0 0

Table 2: Missed latencies for manually tuned paces

high (e.g. due to the high materialization cost). For each separate
plan, we use the algorithm from Section 3.2 to find a single pace
that minimizes the total work and makes the plan meet the final
work constraints of all queries in this shared plan. We also compare
iShare to a simple approach that starts one execution before the
trigger point and a final execution at the trigger point to process
all data. Our test tunes the point of starting the first execution to
find the best case for this approach. We find that this approach
significantly misses query latencies (i.e. up to 25.7s and 1046% even
for its best case in our test), but the missed latencies are zero for
iShare in the same test. Therefore, we omit the results due to the
space limit.

5.3 Low CPU consumption with the same final
work constraints

In this subsection, we examine how much iShare reduces the total
execution time with similar or lower absolute and relative missed
latencies compared to the baseline approaches. We test 22 TPC-H
queries with two types of relative final work constraints. First, we
generate a set of relative final work constraints for all queries by
randomly picking relative constraints from (1.0, 0.5, 0.2, 0.1) for
each query. Second, we use a uniform relative final work constraint
from (1.0, 0.5, 0.2, 0.1) for all queries.
Tests of random relative constraints For the first experiment,
we test three sets of randomly generated relative constraints. We
report the mean, minimum, and maximum total execution time for
all approaches, and their missed latencies. The results in Figure 9
show that iShare has 60.5%, 80.1%, and 34.1% of mean total execution
time compared to NoShare-Uniform, NoShare-Nonuniform, and
Share-Uniform. This is because iShare reduces redundant work from
overlapping sub-expressions compared to NoShare approaches, and
iShare lazily executes some subplans to avoid the overly eager
execution compared to Share-Uniform. Share-Uniform has a larger
variance due to its need to meet the lowest constraint, which is
highly variable from the random selection of relative constraints.
For completeness, we show the total execution time reduction of

Mean % Mean Sec. Max % Max Sec.
NoShare-Uniform 16.62 0.79 910.19 32.45
NoShare-Nonuniform 2.71 0.29 104.49 7.79
Share-Uniform 28.76 1.79 670.8 26.08
iShare (w/o unshare) 27.01 0.98 996.32 35.53
iShare (w/ unshare) 0.39 0.01 32.82 0.96
iShare (Brute-Force) 0.48 0.03 25.23 1.67

Table 3: Missed latencies for the decomposition algorithm

executing the shared plan from Share-Uniform in one batch relative
to executing each query independently in Figure 10. Thus, the
overhead of overly eager execution is what makes Share-Uniform
have higher CPU consumption than other approaches.

The Random column in Table 1 shows the results of missed laten-
cies. Mean Sec. and Max Sec. represent the mean and max absolute
missed latencies, and Mean % and Max % represent the mean and max
relative missed latencies. The minimum and median missed laten-
cies, not shown, for all approaches are zero. We see that iShare has
similar or less absolute and relative missed latencies compared to
the baselines. The main reason for missed latency is the inaccuracy
of the cost model. Additionally, the maximum absolute and relative
missed latencies for NoShare-Uniform and Share-Uniform are large
because parts of some queries are not incrementable. Thus, using
a single pace to eagerly execute these queries does not reduce the
query latency, resulting in a high missed latency. One such example
is 𝑄15. It maintains two aggregate operators, where one aggregate
operator, max is parent of another aggregate operator, sum. When
the aggregated values in the the sum operator are changed, this op-
erator will output a delete and an insert operation to the parent max
operator. If a max value is deleted, the max operator needs to rescan
all arrived values to find the new max one. Eagerly maintaining
the whole query does not reduce the cost of finding a new max
value, which is why NoShare-Uniform and Share-Uniform have
high query latencies. However, NoShare-Nonuniform and iShare
use different paces for different parts of the query plan and can
maintain the max operator lazily to avoid deleting the max value
and, thus, the cost of finding a new max value.
Tests of uniform relative constraints Our second test uses uni-
form relative final work constraints for all queries. We use relative
constraints of 1.0, 0.5, 0.2, and 0.1, and report the total execution
time and missed latencies. Figure 11 shows that iShare reduces
CPU consumption compared to the baselines for all relative con-
straints. We also observe that the Share-Uniform has similar CPU
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consumption compared to NoShare approaches even when the rel-
ative constraint is 1.0. We note that the absolute constraint for
each query is different given the same relative constraint 1.0 for
all queries. To meet the lowest absolute constraint, Share-Uniform
has overly eager executions, which offsets the benefit of shared
query execution. To show the benefit of Share-Uniform, we per-
form an additional test of 10 TPC-H queries, 𝑄4, 𝑄5, 𝑄7, 𝑄8, 𝑄9,
𝑄15, 𝑄17, 𝑄18, 𝑄20, and 𝑄21, which have significant amounts of
overlapping work and, for the same relative constraint, they have
similar absolute final work constraints. We see, in Figure 12, that
Share-Uniform has lower CPU consumption compared to NoShare
approaches, because the absolute constraints are less diverse and
Share-Uniform has smaller overhead of overly eager execution. This
leads to better shared performance. For all constraints, iShare has
lower CPU consumption compared to all other approaches.

The Uniform column in Table 1 shows the mean and maximum
missed latencies for all queries tested in Figure 11 and Figure 12.
Again, the minimum and median missed latencies are not shown
because they are zero. We have the same observation as the test of
random relative constraints. iShare has similar absolute and relative
missed latencies compared to other approaches. Share-Uniform and
NoShare-Uniform have higher maximum missed latencies because
one tested query (i.e. 𝑄15) is not incrementable.
Tests for manually tuned pace configuration In this test, we
manually tune the pace configuration to make all approaches meet
the latency goals (a relative constraint of 0.1). If there are queries
that cannot meet the latency goal for some approaches, we make
sure that these queries have the smallest missed latencies.

For NoShare-Uniform, we test all paces for each query; for Share-
Uniform, we tune the pace for the whole plan; and for NoShare-
Nonuniform and iShare, we tune the pace configurations by setting
smaller relative final work constraints for queries that otherwise
have missed latencies.

Figure 13 shows that iShare uses uses 77.7%, 80.0%, and 27.9%
of the CPU seconds compared to NoShare approaches and Share-
Uniform, respectively. Table 2 shows the results of the mean and
maximum missed latencies, with the minimum and median ex-
cluded as they are all zero. We see that both NoShare-Uniform and
Share-Uniform still have missed latencies because the query 𝑄15 is
not incrementable and increasing a single pace for the query plan
could not achieve the desired query latency.

5.4 Performance impact of decomposition
We show our decomposition algorithm can reduce the total execu-
tion time compared to using the nonuniform pace configuration
only. Here, iShare (w/o unshare) means that iShare does not
use the decomposition algorithm, and iShare (w/ unshare) is
the variant with all optimizations. We create a query set that has
much overlapping work and show the benefit of the decomposi-
tion algorithm for this “sharing-friendly” query set. Specifically, we
take the 10 TPC-H queries in Figure 12, modify their predicates to
generate new 10 TPC-H queries, and combine the original and new
queries to create a new query set. For each query, we modify the
two types of predicates: equality predicate (e.g. 𝑛𝑎𝑚𝑒 = ”𝑇𝑜𝑚”) and
range-based predicates (e.g. 𝐴 > 10 and 𝐴 < 20). For 50% of the
equality predicates, we use a different value (e.g. 𝑛𝑎𝑚𝑒 = ”𝐽𝑒𝑟𝑟𝑦”),

and for a range-based predicate, we generate a new predicate that
with an overlap up to 50% (e.g.𝐴 > 15 and𝐴 < 25). We test uniform
relative final work constraints of 1.0, 0.5, 0.2, and 0.1.

Figure 14 shows that when we use the relative constraint 0.1,
iShare (w/o unshare) uses more CPU seconds than the NoShare
approaches, because there is significant overhead of overly eager
execution introduced by shared subplans. For example, consider
𝑄15 and its variant 𝑄 ′15. iShare (w/o unshare) shares the subplan
of maintaining the 𝑚𝑎𝑥 aggregate operator for the two queries.
Since 𝑄15 and 𝑄 ′15 have different (but overlapping) predicates, the
𝑚𝑎𝑥 aggregate of the shared plan needs to do more work than
the individual 𝑚𝑎𝑥 aggregate in each query. Therefore, a lower
relative final work constraint (e.g. 0.1) pushes the shared plan to
execute more eagerly. Eagerly maintaining this 𝑚𝑎𝑥 operator is
expensive. iShare (w/ unshare) avoids this cost by decomposing the
shared subplan between 𝑄15 and 𝑄 ′15 and executing each subplan
lazily. Thus, iShare (w/ unshare) uses 52.3%, 71.8% , 31.8%, and
58.6% of the CPU seconds compared to NoShare-Uniform, NoShare-
Nonuniform, Share-Uniform, and iShare (w/o unshare), respectively.
We also test a variant of iShare that decomposes a subplan by
searching all possible ways of splitting the subplan (denoted by
iShare (Brute-Force)). Figure 14 and Table 3 show that this
approach has similar total execution time and missed latencies
compared to iShare (w/ unshare), which uses a greedy clustering
algorithm for the subplan decomposition. In the next subsection,
we show that the optimization overhead of iShare (Brute-Force) is
much higher than iShare (w/ unshare).

5.5 Optimization overhead
We test the optimization time of iShare, the baselines, and an iShare
variant that computes incrementability using a simulation algo-
rithm [44] without using the memoization. We denote this ap-
proach iShare (w/o memo) and the one with the memoization
iShare (w/ memo). We use all TPC-H queries, vary the value of the
max pace from 10 to 100, and set a low relative final work constraint
for all queries (i.e. 0.01).

Figure 15 shows the optimization time, where iShare (w/ memo)
has a much lower running time compared to iShare (w/o memo).
We mark a test case as DNF if it does not finish within 30 minutes,
where iShare (w/o memo) fails when the max pace is larger than
50. In the worst case, iShare (w/ memo) uses 25.6s to finish the
optimization. While it is higher than the baselines, we believe the
significant reduction in CPU consumption justifies the cost.

We also compare our clustering algorithm for decomposing a
subplan to an algorithm of searching all possible ways of splitting
the subplan (denoted as Brute-force). We use a max pace 100
and vary the number of queries we need to optimize. Figure 16
shows that the running time of our clustering algorithm is signifi-
cantly smaller than that of the Brute-force method, which increases
exponentially as we increase the number of queries to optimize.

5.6 Impact of incrementability and final work
constraints

In this subsection, we test how incrementability and relative final
work constraints impact CPU consumption with three pairs of
queries: 1) PairA: 𝑄5 and 𝑄8; 2) PairB: 𝑄7 and 𝑄15; and 3) PairC:

Research Data Management Track Paper  SIGMOD ’21, June 20–25, 2021, Virtual Event, China

1807



NoShare-Uniform NoShare-Nonuniform Share-Uniform iShare

1.0 0.5 0.2 0.1
Final Work Constraint

0

40

80

120

To
ta

lE
xe

cu
tio

n
Ti

m
e

(s)

(a) CPU consumption of𝑄5 and𝑄8

1.0 0.5 0.2 0.1
Final Work Constraint

0

50

100

150

To
ta

lE
xe

cu
tio

n
Ti

m
e

(s)

333.8

(b) CPU consumption of𝑄7 and𝑄15

1.0 0.5 0.2 0.1
Final Work Constraint

0

25

50

75

100

125

To
ta

lE
xe

cu
tio

n
Ti

m
e

(s)

(c) CPU consumption of𝑄𝐴 and𝑄𝐵

Figure 17: Micro benchmarks for queries with varied levels of incrementability and relative final work constraints

𝑄𝐴 and 𝑄𝐵 . PairA consists of two queries that are amenable to
incremental executions. PairB includes an incrementable query
(𝑄7) and a query that is not amenable to incremental executions
(𝑄15). Finally, PairC has two queries that are less incrementable.
For each pair, we fix one query’s relative constraint to 1.0 (i.e. 𝑄5,
𝑄15, and 𝑄𝐴) and change the relative constraint of the other query.

Figure 17a shows that the overhead of overly eager execution for
Share-Uniform is small, since 𝑄5 and 𝑄8 are amenable to incremen-
tal executions. Thus, Share-Uniform has lower CPU consumption
than NoShare approaches and iShare has a slightly lower CPU
consumption than Share-Uniform due to its nonuniform pace con-
figuration. When we mix a less incrementable query (i.e. 𝑄15) with
an incrementable query 𝑄7 and eagerly execute the incrementable
query, 𝑄7, Share-Uniform is no longer better than NoShare ap-
proaches. Figure 17b shows that, when the relative constraint is
0.1, Share-Uniform consumes more CPU seconds than NoShare ap-
proaches. However, iShare has lower CPU consumption compared
to all baselines. Finally, mixing two less incrementable queries 𝑄𝐴

and 𝑄𝐵 in Figure 17c, we also see that Share-Uniform becomes
sub-optimal when 𝑄𝐵 ’s relative final work constraint is decreased.
Here, iShare shares𝑄𝐴 and𝑄𝐵 for the constraints 1.0 and 0.5. When
the constraint is 0.2 and 0.1, it executes 𝑄𝐴 and 𝑄𝐵 separately, and
has similar performance to NoShare approaches. In addition, all
approaches have small missed latencies except the Share-Uniform
for PairB because Share-Uniform executes the non-incrementable
query 𝑄15 eagerly. We omit the results due to the space limit.

6 RELATEDWORK

Multi-query optimization and shared query execution Many
MQO and shared query execution approaches focus on ad-hoc
queries. Some work [16, 17, 33, 39, 40, 54] considers batching sev-
eral queries to exploit the common sub-expressions and builds a
single plan to maximally share the work of batched queries. Other
approaches consider specific operators, such as sharing scans [37,
38, 41] and joins [8, 32]. In addition, some approaches also con-
sider reusing intermediate results of running queries to process
new queries on-the-fly [22, 36]. This idea of shared query execution
is widely used in continuous query processing or stream comput-
ing [21, 24, 30, 45, 46, 49, 52]. For example, shared arrangements [34]
considers sharing the intermediate states across standing queries
and supports different indexed views over the same states. Other
approaches [28, 29] consider sharing the execution of standing and
ad-hoc queries. Prior research works also studied whether queries

should be shared by considering the overhead introduced by parallel
execution [27] or materializing intermediate results [40].

iShare is different from these approaches in that it considers
heterogeneous latency goals and judiciously shares query execution
by considering the overhead of eager execution.
Incremental view maintenance and continuous queries In-
cremental view maintenance (IVM) studies how to efficiently and in-
crementally incorporating new data into prior materialized results.
Existing approaches propose many IVM algorithms for maintaining
select-project-join (SPJ) views, supporting negation and aggregate
operators [19, 20], incrementally processing recursive views and
nested subqueries [20, 35, 51], and optimizing incremental execu-
tions for semi-join, outer join, and acyclic joins [7, 18, 25, 31, 48].

Beyond efficient IVM algorithms, some approaches explore the
trade-offs between view maintenance cost and query latency [14,
15, 23, 44, 53]. Colby et al. [15] proposes several policies for IVM
to decide how eagerly or lazily to maintain a view. Prior studies
observe the asymmetric maintenance cost for different parts of a
query [23, 44]. They execute different parts of a query at different
frequencies to meet a latency goal. Many continuous query and
stream systems use IVM algorithms to provide low query latency [6,
9–12]. They allow users to adjust the number of tuples processed
for each incremental execution [6, 9, 10]. This knob provides a
trade-off between query latency and resource consumption.

iShare is different from existing approaches because it considers
exploiting the benefit of shared query execution and avoiding the
overhead of eager query execution at the same time.

7 CONCLUSION
We present iShare as a new optimization framework for scheduled
queries with different latency goals. It judiciously decides what
parts of a query to share and how eagerly or lazily to execute dif-
ferent parts of the shared plan. Our experiments show that iShare
can significantly reduce CPU consumption compared to the shared
query execution using a single pace and two approaches that exe-
cute queries separately.
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