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Abstract
Materialized intermediate results dominate memory consumption

in query processing, which is a challenge in the age of Big Data

workloads. Modern query processors use pipelines to produce ma-

terialized intermediate results. The order by which pipelines are

executed influence the lifetime of materialized intermediate results,

directly impacting the overall consumed memory. By scheduling

the execution of pipelines, we can therefore save memory.

Our previous work provided a proof-of-concept for pipeline exe-

cution ordering to reduce memory consumption during runtime

using a simple join query workload. This paper presents the ex-

perimental evaluation of an end-to-end implementation prototype

called PEOopt within SAP HANA, which generalizes our previous

work. For long running queries our prototype reduces the memory

footprint by up to 36% without compromising any execution time

performance. Hence, we prove the effectiveness of saving memory

in real world database systems like SAP HANA.

CCS Concepts
• Information systems→ Query optimization;Main memory
engines.

Keywords
query processing, query optimization, pipeline, memory optimiza-

tion, main memory database system
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1 Introduction
Modern query processors fuse operators to continuous pipelines.

Those pipelines arise from Query Execution Plans (QEPs), which

are trees of relational physical operators. Those operators have a

specific materialization behavior for their inputs or outputs. For

instance, the build side of a hash join triggers the materialization of

the incoming build side tuples in a hash table. Such materializations

mark the end of the pipeline, where so-called pipeline breakers

contain the intermediates. Those pipeline breakers dominate the

This work is licensed under a Creative Commons Attribution 4.0 International License.
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© 2025 Copyright held by the owner/author(s).
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memory consumption of a query. In turn, the lifespan of a pipeline

breaker and how all pipeline breakers overlap over time influences

memory peak consumption and the average memory consumption.

Those pipeline breakers may not be used by a currently executed

pipeline. Several opportunities for reducing memory consumption

by handling unused pipeline breakers exist, e.g., by spilling them to

far memory using CXL or RDMA [5, 26]. As we found out, we can

additionally influence the lifetime of pipeline breakers by changing

the Pipeline Execution Order (PEO), which is the order in which

pipelines are executed one after another. The impact of a PEO

on memory consumption poses an optimization opportunity. The

following conditions enable this optimization opportunity without

impacting execution time:

• Ahigh level of intra-pipeline parallelization enables the execution

of one pipeline at a time [23]. Executing one pipeline at a time

then creates a choice of pipelines that can be executed next.

• As pipelines can depend on other pipelines, the order of execution

is constrained by dependencies.

• The execution time of a pipeline does not change regardless of

any previously executed pipelines. Caching effects are negligible

for sufficiently large intermediate results. Therefore, reordering

pipelines does not impact execution time.

With this work we contribute an experimental evaluation of

the PEO enumeration approach while enabling the approach for

all queries. PEO enumeration is the process of identifying good

PEOs that yield the highest possible memory consumption savings.

Memory optimization using PEO enumeration has been conceptu-

alized in our previous work [21]. In contrast, this work provides a

comprehensive evaluation for the potential of our approach which

we implemented in SAP HANA [20, 27, 28, 32], an industry-grade

Database Management System (DBMS).

Contributions
We summarize the contributions of this paper as follows:

• Using our prototype of SAP HANA with our new component

called PEOopt (Pipeline Execution Order Optimization), we pro-

vide a first systematic exploration of memory savings enabled

by PEOopt.
• We use real cardinalities to show that our extended memory cost

model can estimate the actual memory consumption of the query

processor.

• We demonstrate the usability of PEOopt in productive scenar-

ios by showing that estimated cardinalities from SAP HANA’s

cardinality estimator together with our memory cost model can

estimate the actual memory consumption of the query process-

ing.
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Figure 1: Query execution plan and two pipeline execution orders.

• We show that PEOopt does not create a significant overhead and

does not alter the execution time of the given QEP. We further

show that the savings do not correlate to the complexity of the

given QEP.

The paper is structured as follows. In Section 2, we explore how

to estimate execution time of individual pipelines and how to es-

timate the memory size of their pipeline breakers. Through this,

we provide the foundation for the pipeline execution model and

systematically estimate the memory consumption for individual

PEOs. In Section 3, we describe how we model dependencies and

the allocation behavior of pipeline breakers. We state algorithms

that systematically explore the PEO space and estimate the PEO-

induced memory consumption, extending our existing algorithms

[21]. In Section 4, we describe the implementation of PEOopt, our
system to reduce memory consumption using PEO enumeration,

within a prototype of SAP HANA. Further, we explain how the

approach in [21] can be integrated into DBMS in general and high-

light some challenges of integration into SAP HANA. We evaluate

our approach in Section 5 and we provide an overview over related

work in Section 6. Finally, we conclude with Section 7.

2 Foundations
Optimizing for memory consumption requires the estimation of

possible memory consumers during query execution. Hence, we

first identify relevant memory consumers that are reflected in the

pipeline execution model and describe the properties of the pipeline

execution model. We then derive the task model from the execution

model, where each task is assigned the execution cost of a pipeline

and the memory cost of the pipeline’s pipeline breaker. We then

introduce the cost model to estimate execution costs and memory

costs of pipelines in the task model. We then use this task model

to enumerate Pipeline Execution Orders (PEOs) and estimate their

memory consumption.

2.1 Execution Model
Our optimization starts with a QEP, which is the result of optimizing

a query plan through the query optimizer. The query executor then

normally uses the QEP for subsequent execution. A QEP consists

of operators. Certain operators break pipelines to calculate an in-

termediate result or to form a data structure for further processing.

Typical examples of pipeline breakers are sorting or aggregation

operators or the build side of a hash join, as can be seen in Figure 1a,

where all breakers contain hash tables for hash joins. Consequently,

a QEP can be seen as a set of pipelines with dependencies between

pipelines [18]. A QEP embeds physical operators and pipeline break-

ers in different formats, like hash tables. The execution of a single

pipeline can be parallelized using an almost arbitrarily high num-

ber of threads. Each thread can independently pick up chunks of

tuples ("morsel" [23], e.g., 100,000 tuples) and push them through

the pipeline. The thread executes all subsequent operators that are

contained in a pipeline for each tuple in the chunk. The pipeline ma-

terializes tuples in the pipeline breaker. Executing only one pipeline

at a time can result in complete utilization of all threads with po-

tentially high cache locality. This is called morsel-based parallelism

[23]. Instead of executing different pipelines in parallel, the query

engine can then execute one pipeline after another without sacrific-

ing query execution time. A side effect of morsel-based parallelism

is that it creates freedom of choice for the next executable pipeline.

This freedom of choice then enables different Pipeline Execution

Orders (PEOs) with potentially different memory footprints, thus

providing optimization potential. Hence, we can enumerate the op-

timal PEO. We assume that the execution time of different PEOs is

nearly identical as caching effects of pipeline breakers are negligible

for large analytical datasets. Caching effects between pipelines can

only occur if a previously materialized pipeline breaker is directly

consumed by the next pipeline. Yet, the pipeline breaker itself might

not fit into the last level cache itself. Hence, if the materialized data

is sufficiently large and thus worth scheduling, it is safe to assume

that caching effects are negligible.
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2.2 Task Model
Executing a pipeline can be considered a task, since the execu-

tion of a pipeline has a start and end time, consumes resources,

has dependencies, and is schedulable [10, 11]. In our case, start

and end times are defined by the pipeline execution times and

the consumed resource is memory. We then build a task graph

from those pipelines, which is called an Activity-on-Node Graph

(AONG) [11, 21]. A task graph for a pipelined QEP is characterized

by its tasks and its dependencies, called precedence constraints

[12]. Tasks are the set of all pipelines/tasks as nodes in an AONG

[11, 21]. They have execution costs and memory costs. Precedence

constraints arise through two conditions: the constraint of execut-

ing only one pipeline at a time and the possible dependency of

pipelines on other pipeline breakers. The precedence constraints

within an AONG constrain the execution order of pipelines, where

a constraint 𝑝 ≺ 𝑞 denotes that task 𝑝 must be executed before

task 𝑞. As we see in Figure 1a, pipeline "R" executes two hash joins

and requires that the hash tables in "Breaker - S" and "Breaker - U"

are being produced by pipelines "S" and "U". The latter pipelines

also depend on "T" and "V", respectively. From this, we can derive

𝑆 ≺ 𝑅,𝑈 ≺ 𝑅,𝑉 ≺ 𝑈 , and 𝑇 ≺ 𝑆 , as shown in Figure 1b. On top

of those constraints, AONGs have two traversal rules. (1) During

processing, a task can only be processed once all its predecessors

have been processed. (2) Each task continues to consume memory

and therefore stays active until all successors have been processed.

This behavior is a direct result of the materialization behavior of

pipeline breakers, which we will demonstrate in the following.

A PEO is a sequence of pipelines that fulfills all constraints and

traversal rules of an AONG. Figures 1c/d illustrate the memory

consumption difference between two PEOs. They show the materi-

alization behavior of pipeline breakers for two out of six possible

PEOs. Figure 1c visualizes the allocation behavior for the PEO

(TSVUR) with a Gantt-chart. The rectangles in a Gantt-chart indi-

cate two kinds of costs: the memory cost of each breaker (height of

the blocks, y-axis) and the lifetime for each breaker (on the x-axis).

As the first pipeline, T is executed until point-in-time 𝑡1. The engine

allocates the pipeline breaker of T fully from the start. The pipeline

breaker of T exists from time 0 until 𝑡2. From 𝑡1 until 𝑡2, "Breaker

- T" is consumed by pipeline S, after which it is deallocated. S is

executed from 𝑡1 until 𝑡2 and its pipeline breaker waits from 𝑡2 until

𝑡4, after which it is consumed by R. In a similar manner, the rest

of the pipeline and pipeline breakers are processed. Each pipeline

breaker transitions between three phases: "constructing", e.g., a hash
table in a pipeline breaker, which directly corresponds to the ex-

ecution time of the respective pipeline, "consuming" the breaker
by another pipeline, and "waiting" of the breaker for consump-

tion. The bottom parts of the figures show the memory integral

(MI) (memory consumed over time, illustrated by the consumed

area) for each PEO, which is different for both PEOs (11 memory

units[MU] * time units[TU], vs. 12 MU*TU). The difference in MI

arises from the PEO in Figure 1c having one waiting phase less

than the PEO in Figure 1d, despite "Breaker - S" having one more

waiting phase when compared to the PEO in Figure 1d. We can also

see that the allocated memory changes over time, which illustrates

that the memory peak (MP) can differ between PEOs, as the MP is

the measure of highest memory consumption during execution.

To calculate the memory consumption we need to estimate the

memory size of breakers and the execution cost of pipelines to find

this trade-off. To do so, we introduce the cost model to calculate

the memory consumption estimate of each PEO.

3 PEOopt Implementation
PEOopt facilitates a cost-based optimization of memory consump-

tion using Pipeline Execution Order (PEO) enumeration. This opti-

mization needs a cost model [21], which we describe in the follow-

ing. Afterwards, we will modify the algorithms of [21] to accommo-

date the changes in the cost model and to handle shared sub-plans,

which is a necessity for the implementation of PEOopt in HANA

as described in Section 4.

3.1 Cost Model
In this subsection, we first define the behavior of operators that

cause pipeline breakers and then the cost model to calculate execu-

tion/memory costs. Typically, pipelines are started by leaf operators

(e.g., table scans), which push tuples [23] and end in a pipeline

breaker. Also, they can be started by pipeline breakers of other

pipelines which act as leaf nodes. Each of the operators starting

from the leaf node contribute to the execution cost or might intro-

duce a pipeline breaker. Operators are categorized by their breaking

behavior as follows:

• Source operators push tuples (like table scans), no breaker.

• Operators like unions or index joins do not cause breakers. Index

joins are not breakers (except for left semi joins), since they rely

on a static resource (the index) and can push tuples without

needing to materialize.

• Build/probe-sided operators have one breaker, such as hash joins

or nested loop joins.

• Left semi joins have breakers on both sides.

• Left semi index joins and aggregations cause a breaker.

• Multi-successor operators like shared sub-plans cause task nodes

with multiple successors (multi-successor nodes). A shared sub-

plans is a part of a QEP that is a child of multiple operators, and

enable optimizations like semi join reduction [37] or common

sub-queries [16].

Since operator implementations vary, the implementation always

needs to model the implemented breaking behavior of the specific

engine. Based on the operators inside a pipeline, we can conse-

quently model the pipeline execution cost.

We calculate the execution cost based on the 𝑐𝑜𝑢𝑡 cost func-

tion [21, 34]. 𝑐𝑜𝑢𝑡 assigns costs to any (sub-)tree by adding up the

output cardinalities of all operators in a QEP. By subtracting those

parts of the tree that are not part of the pipeline 𝑝𝑖 , we can obtain

its execution cost 𝑒𝑖 . We calculate 𝑐𝑜𝑢𝑡 for the operator below a

pipeline’s breaker as 𝑐𝑖 . Let 𝑝 𝑗 denote all pipelines that are executed

before 𝑝𝑖 . We subtract the execution cost 𝑐 𝑗 of those pipelines 𝑝 𝑗
executed before 𝑝𝑖 , since they do not contribute to the execution

costs of their successors. Further, we consider 𝜎𝑖 as writing costs to

the pipeline breaker. This yields the pipeline’s own execution cost

𝑒𝑖 .

𝑒𝑖 = 𝑐𝑖 −
∑︁

𝑝𝑖≻𝑝 𝑗

𝑐 𝑗 + 𝜎𝑖 (1)
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For instance, in Figure 1a we see different sub-trees, which per-

form joins of tables or relations produced by other joins. To ad-

dress sub-trees, we introduce a terminology: in Figure 1a UV de-

notes the sub-tree, which joins U and V. RSTUV then denotes the

entire tree. Using this terminology, we can describe the cost of

the pipeline in our example, which runs to the root of the tree:

𝑒𝑅𝑆𝑇𝑈𝑉 = 𝑐𝑅𝑆𝑇𝑈𝑉 − 𝑐𝑈𝑉 − 𝑐𝑆𝑇 if we assume that the writing cost

𝜎1 = 0. A matrix-based calculation method of all pipeline execution

costs is given in [21]. The memory cost 𝑚𝑖 of each task node is

calculated by multiplying the row size𝑤𝑖 and the cardinality 𝑓𝑖 at

each breaker, such that𝑚𝑖 = 𝑤𝑖 · 𝑓𝑖 [21].
We then calculate the lifetime 𝑙𝑖 for each pipeline breaker of

pipeline 𝑝𝑖 . This is the sum of constructing, consuming, and wait-

ing times for each breaker. The lifetime depends on the PEO and

the precedence relationships between pipelines. Aforementioned

construction phases always reflect the execution cost of the re-

spective pipeline. Consuming and waiting phases always reflect

execution costs of other pipelines. Referring back to Figure 1c,

the first waiting phase for the pipeline breaker of S is equal to

the construction phase of pipeline V. The second waiting phase is

equal to the construction phase of pipeline U, and the final con-

suming phase is the construction phase of pipeline R. In general,

the lifetime is then a multiplication of the vector ®𝑒 of execution

times and a binary vector ℎ𝑖 denoting the existence of the pipeline

breaker of 𝑝𝑖 for a specific PEO 𝑂 during the execution of the re-

spective pipelines. For "Breaker - T" in Figure 1c with the PEO

(TSVUR) as the basis, the binary vector is ℎ𝑆 = (0, 1, 1, 1, 1), as
"Breaker - S" is active during execution of S, V, U, and R, and

®𝑒 = (1𝑇𝑈 , 1𝑇𝑈 , 1𝑇𝑈 , 1𝑇𝑈 , 1𝑇𝑈 ) such that 𝑙𝑆 = ®𝑒 ·ℎ𝑇
𝑆
= 4𝑇𝑈 , which

is the lifetime of "Breaker - S". We define the MI [21] and MP as:

𝑀𝐼 =

𝑘∑︁
𝑖=1

𝑚𝑖𝑙𝑖 (2) 𝑀𝑃 =𝑚𝑎𝑥
0≤𝑡≤𝑙𝑎𝑙𝑙

©­«
∑︁

𝑝𝑖 is active

𝑚𝑖
ª®¬ (3)

where 𝑙𝑎𝑙𝑙 is the total query duration and 𝑡 is any point in time

during query execution. Equation 3 expresses the sum of all pipeline

breakers 𝑝𝑖 that consume memory during 𝑡 , which is a point in

time during query execution. For Figure 1b, the peak can then be

found between 𝑡3 and end of query execution, where either the

breakers of U,V,S are active or R,U,S are active. We evaluate the MP

additionally to the MI in Section 5, as other literature also discussed

memory-bound scenarios [10].

This model assumes that all the memory of a breaker is allocated

immediately after the start of the pipeline. This is adequate for hash

tables and group-by structures as pipeline breakers, because these

data structures write with random access into memory locations.

For the sake of simplicity, we assume this behavior for all pipeline

breakers, which is reflected in Equation 2.

The goal of the optimization approach is to save memory in

terms of MI or MP without sacrificing execution time. While re-

ordered pipelines do not cause overhead, enumerating PEOs may

be complex. Next, we introduce the search algorithms for finding

PEOs and assigning their memory consumption.

3.2 Search Algorithms
We proposed four algorithms to find optimal or near-optimal PEOs

with regards to MI in [21]. Our first algorithm is Exhaustive Search

Algorithm 1 Call with ES(firstPossibleNodes, [start], 0, 0). Returns

all possible PEOs. Lines in gray from [21], lines in black new.

1: function ES(activeNodes, visitedNodes, memPeak, MI)

2: peos = []

3: // insert "Theta Skip" step here if needed

4: for n in activeNodes do
5: newNodes = activeNodes.copy().remove(n)

6: nextPeak = memPeak + n.memorySize

7: nextMI = MI + nextPeak * n.lifetime

8: for p in n.predecessorNodes do
9: //n no longer depends on p

10: p.nextCount = p.nextCount - 1

11: if p.nextCount == 0 then
12: //p is no longer needed

13: nextPeak -= p.memorySize

14: end if
15: end for
16: if n.isEnd() then
17: return [PEO(visitedNodes + [n], nextMI, nextPeak)]

18: end if
19: // insert "Branch Pruning" step here if needed

20: for next in n.successorNodes do
21: next.prevCount =- 1

22: if next.prevCount == 0 then
23: newNodes.append(next)

24: end if
25: end for
26: newVisitedNodes = visitedNodes + [n]

27: peos += ES(newNodes, newVisitedNodes, nextPeak,

28: nextMI)

29: for next in n.successorNodes do
30: node.next.prevCount =+ 1

31: end for
32: for prev in n.predecessorNodes do
33: prev.nextCount = prev.nextCount + 1 //restore state

34: end for
35: end for
36: return peos

37: end function

(ES) stated in Algorithm 1, where we added the contributions of this

paper in black to accommodate task nodes with multiple successors.

The algorithm is a depth-first recursive algorithm, which passes

the first explorable nodes in the first call. The complexity of this

modified exhaustive algorithm has been described in another pre-

vious work [22]. We briefly describe this algorithm here. Looking

at Figure 1, we pass V and T as the firstPossibleNodes. Each
of the nodes n has predecessorNodes (nodes it depends on) and
successorNodes (nodes that depend on n). The algorithm tracks

what nodes can be explored next (line 4), which nodes are block-

ing resources (line 6), and if any pipeline breakers are ready to be

deallocated (lines 11 to 14). We modified the deallocation step in

ES to consider if all depending nodes have already been processed.

Once all dependencies of a node have been calculated and have

been stored, the node is added to the set of explorable nodes (line
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22). After this, the algorithm further explores the tree through re-

cursion, carrying the current memory consumption, active nodes,

and available nodes for processing (line 27). After that, we need

to restore the state of still needed visits to continue visiting other

available nodes. To call the algorithm, we pass the first possible

nodes. To speedup enumeration, we introduced three heuristics in

[21]. We also extended those heuristics to track the lifetime of nodes

with multiple successors. ES serves as the basis for Branch Pruning

Search (BPS) and Theta Skip Search (TSS). BPS uses an upper bound

MI estimate to prune PEO alternatives during recursion if they ex-

ceed an upper bound MI, given through a heuristic. TSS introduces

a step of pushing tasks to PEOs, where the given task produces

pipeline breakers of minimal size. As such, this may lose poten-

tially optimal enumeration variants, but it reduces the complexity

of the algorithm while producing a near-optimal PEO. Longest Path

Heuristic (LPH) is a simple heuristic that subsequently picks the

longest paths from the start node to the end node of an AONG and

inserts those paths into the PEO. In Figure 1b, this would result

in inserting either VU or TS into the PEO first and then inserting

the next sub-PEO that is remaining. LPH as stated in [21] cannot

process arbitrary multi-successor nodes. We chose to only support

multi-successor nodes with a fan-out of two that result from semi

join reduction, since we do not execute common sub-queries. As

a result, we do not have to modify the basic principle of the LPH

stated in [21]. Aforementioned concepts serve as the basis for the

implementation, which we will discuss next.

4 SAP HANA Prototype with PEOopt
In this section, we present the integration of the approach into

SAP HANA. First, we give an overview over query processing

and integration of the memory optimization approach. Next, we

describe the implementation of PEOopt into our existing system

and how memory consumption is monitored.

Integration. Figure 2 illustrates the flow of anOLAP query through

a DBMS, resulting in a physical plan. Physical operators contain

information on pipelines and pipeline breakers. Usually, a pipeline

Hypothesis

Real World Feature

Possible Improvements

Prototype
Evaluation

Measuring differences in PEOs: 5.2

Cardinality est. as basis: 5.5
Negligible optimization 
overhead: 5.6, 5.7, 5.8

Cost model validation: 5.3, 5.4

Figure 3: Flow of features towards practical deployment.

execution order is deterministic for a given QEP. For example, we

could always execute the right-most not-yet-executed pipeline for

"QEP (phys. ops)" in Figure 2a. Instead, the optimizer ("Memory

Optimizer") use the QEP with physical operators for the memory

optimization. With the operator cardinalities and pipeline infor-

mation at hand, the optimizer constructs pipelines. The pipelines

are then handed over to the "PEO Enumerator". The optimizer or-

ders the pipelines to optimize regarding memory consumption.

The "Executor" then executes the ordered pipelines and produces

the result tuples. The implementation reflects this separation of

responsibilities, as we will see in the next subsection.

Implementation in SAP HANA. We integrate PEOopt as the mem-

ory optimizer into the HEX engine of SAP HANA, which processes

HTAP workloads in thousands of mission critical customer scenar-

ios [32]. Figure 2b visualizes the resulting architecture. The SQL

Optimizer component creates a physical plan that is converted to a

pipelining operator representation by the "Plan/Code Generator".

The query execution engine has to traverse this tree-based repre-

sentation to create executable pipelines. Prior to PEOopt the "Op
Tree Traverser" of HEX traversed the QEP in a right-deep fashion,

creating pipelines in the process and implicitly setting the execution

order. Before this traversal, we invoke the "Memory Optimizer" that

implements PEOopt. We feed the traverser our final PEO, which

produces executable pipelines. We inserted our approach in this

specific step, changing the execution order while complying to im-

plicit assumptions of the pre-existing implementation. Additionally,

we had to conceptually account for shared sub-plans to facilitate

semi join reduction [37].

To investigate the impact on memory consumption, it is rele-

vant to know that there are other memory consumers which are

related to scheduling and bookkeeping within our query engine,

introducing further noise. Further, we exclude the final result buffer

when estimating the MI/MP in equations 2 and 3, since HANA

streams results to the client. With the implementation of our ap-

proach at hand, we now proceed to evaluate our cost model and

implementation for several benchmarks.

5 Evaluation
Next, we present our experimental evaluation of PEOopt in SAP

HANA. Section 5.1 describes our experimental setup. To show pos-

sible improvements of PEOopt, Section 5.2 presents an analysis of

brute-force enumerated and executed Pipeline Execution Orders

(PEOs), while measuring the actual memory consumption. From

Section 5.3 on, we then evaluate the different building blocks of
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PEOopt. Section 5.3 and 5.4 evaluate our MI and MP cost models.

Section 5.5 analyzes the impact of the SAP HANA cardinality es-

timator on PEOopt and evaluates the end-to-end performance of

PEOopt in SAP HANA. Sections 5.6 to 5.8 focus on the enumera-

tion overhead of PEOopt and discusses the impact of changing the

execution order of pipelines on query execution times. Figure 3

summarizes our evaluation steps in an illustration.

5.1 Setup
We run our experiments on a four-socket system with four Intel

Xeon Gold 6448Y CPUs with a total of 128 physical cores and 1TB

RAM, running a SUSE Linux 15.5 with a 5.14.21 kernel. We use

one socket to run the experiments. We constrain queries to run

in the HEX [33] query execution engine of SAP HANA, since we

implemented PEOopt in HEX. The query optimizer picked the QEP

using estimated cardinalities as is common practice, in contrast to

real cardinalities used in the experiments in [21].

Regarding the memory cost, we investigate five measures: esti-
mated MI based on real cardinalities (est. MI (real cards.)), esti-
matedMI based on estimated cardinalities (est. MI (est. cards.)),

measuredMIs (msrd. MIs), estimatedmemory peak based on real
cardinalities (est. MP (real cards.)), and measured MP (msrd. MP).

We omit the estimated MP based on estimated cardinalities because

the execution time does not play a role when compared to the MI.

The est. MI (real cards.) is using our MI metric with the cardinalities

of pipeline breakers observed after executing the queries. We will

spend the largest part of our evaluation for investigating the est.

MI (real cards.) due to its novelty when compared to the MP. To

measure the actual memory consumption, i.e., msrd. MIs/MPs, we

use a special memory allocator component that tracks all memory

allocations within the execution of a query. Note that this is dif-

ferent to using our cost model with real cardinalities, i.e., est. MI

(real cards.), where only pipeline breakers are modeled as memory

consumers. Msrd. MIs are given inmegabyte seconds [MB ∗ s], msrd.

MPs in megabyte [MB].

For the benchmarks we chose to evaluate the Join Order Bench-

mark (JOB) [24], the JCC-H benchmark scale factor 100 (SF100) [9],

TPC-H benchmark SF100 [31], as well as the Star Schema Bench-

mark SF100 (SSB) [29]. Additionally, we evaluate a set of queries

from an undisclosed customer. The number of pipelines in the

queries ranges between 70 and 96. Since the data and queries are

confidential, we cannot disclose them. We provide more details on

the executed QEPs in the discussion of the experiments.

For each PEO we execute 9 runs for obtaining measurement data.

We execute one warm-up run for each PEO to ensure the availability

of tables in resource pools and caches. Further, we execute the best

and the worst PEO according to our enumeration based on est. MI

(est. cards.). We additionally include all remaining PEOs for queries

with less than/equal 12 PEOs. Up to 120 existing PEOs we execute

12 random PEOs and for more than 120 existing PEOs per QEP at

least 10% randomly drawn PEOs. Msrd. MI and msrd. MPs for each

PEO are calculated by taking the median of the 9 measurements.

5.2 Best Case Performance
Before evaluating the optimization capabilities of PEOopt using our
cost model, we are going to identify the memory saving that PEOopt

could achieve in the best case. To identify the best possible savings,

we brute-force enumerate and execute PEOs for a given query, and

compare the measured memory consumption of each PEO. We

present the results in Figures 4 and 5, showing the improvement of

the best PEO compared to the worst PEO, w.r.t. measured memory

consumption. We show that significant differences up to 36% in

terms of MI can be achieved for MIs above 2.0MB ∗ s.

Join Order Benchmark. The JOB contains 113 queries that are based

on 33 query categories with different parameters. All of the queries

contain at least five joins. Out of these queries, we are able to

execute 111 queries. Queries 7c and 13d cannot be executed in

the PEOopt prototype. Figure 4a illustrates the relative differences

in MI for 10 queries with the largest relative differences. Each

bar represents a query and is annotated with the highest absolute

measured MI or MP as well as the number of possible PEOs. For

nine queries we obtain a difference of at least 20% between best and

worst PEO. Queries from 20a-c onward have at least 12 joins and

tend to produce more possible PEOs. However, the number of PEOs

is still below the expected exponential explosion [21]. This is due to

the query optimizer selecting index joins wherever possible, which

causes fewer pipeline breakers. However, the highest number of

PEOs could be seen for Query 28b with 63,360 PEOs. The latter

exhibits a maximum MI 0.2MB ∗ s, s.t. the absolute savings are

minimal and the number of PEOs does not correlate with the savings

potential.

In an ideal scenario where the cost model is able to find the

best and the worst PEO, we see that up to 55% savings for the best

over the worst case are possible in Query 25c. For those queries we

see a relatively small measured MI in Figure 4a. Queries with high

absolute MIs are 8c, 8d, and 9d, which see MIs as high as 49.6MB ∗ s.
For those, we saw possible savings of 8%, 7%, and 5%, showing the

potential of the approach.

For best case peak memory savings, we can see the difference

in measured MP for 10 queries with the highest relative difference

between best and worst in Figure 4b. Query 25c has the highest

relative difference in msrd. MP with 27%. In this particular case, a

query with high potential for MI savings also has high potential for

MP savings. Other results show that there is now strong correlation

between possible MI and MP savings.

TPC-H SF100. We evaluate 15 of 19 TPC-H queries, of which 10 are

shown in Figures 4c and 4d. Apart from Query 1 all queries contain

joins and again the optimizer made use of index-based physical

operators whenever possible, which - in combination with possible

chained dependencies between pipelines - reduces the number of

possible PEOs. Query 11 shows high savings in both MI and MP

with 46% and 48% respectively, but has a lower absolute MI when

compared to Query 15. Query 15 exhibits a high MI and MP, with

considerable savings of 37% for the MI and 15% for the MP.

Star Schema Benchmark SF100. For the SSB on SF100 we can re-

port results for all queries. Figures 4e and 4f show the results of

10 queries. Queries 1.2 and 1.3 have only one PEO and are con-

sequently not included since there is no room for improvements.

Similar to the previous benchmarks, using indices and chained

dependencies between pipelines leads to a decreased number of

possible PEOs per QEP. Due to the size of the dataset at SF100 we
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b) Join Order Benchmark - MP

h) JCC-H - MP

c) TPC-H - MI

f) Star Schema Benchmark - MP g) JCC-H - MI

a) Join Order Benchmark - MI d) TPC-H - MP

e) Star Schema Benchmark - MI

Figure 4: Achievable savings of MI and MP, comparing the best and the worst PEO.
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Figure 5: Achievable savings in MI and MP for customer
queries.

are able to observe large MIs. Query 4.1 shows the highest absolute

measured maximum MI of 35.5MB ∗ s, while having the highest

relative difference of 5% between best and worst, while the highest

PEO count is 30 possible PEOs. For the MP, this is the case for

Query 3.1 at 6%. When compared to the previous two benchmarks,

the possible savings are low, but considerable.

JCC-H SF100. The JCC-H benchmark contains 22 queries, of which

we can evaluate 8 queries after execution. Out of those, queries 5,

10, 11 exhibit more than one PEO. Queries 5 and 11 induce high

MIs at 352MB ∗ s and 107MB ∗ s. The same is the case for the MP

at 422MB and 552MB. The resulting differences between best and

worst PEO for each measure are shown in Figures 4g and 4k. For

Query 11 we saw optimization potential of 36% for MI and 25% for

MP, providing considerable optimization potential.

Customer Queries. In total, the customer query set contains 38

queries. These queries are generated, exhibit a high selectivity, but

join up to 99 tables. Figures 5i and k show MI and MP differences

for 12 executable and measurable queries. Due to high enumeration

complexity, we are not able to execute the ES algorithm and chose

to rely on randomly picked PEOs and the LPH. Query 1, for in-

stance, has 48 hash joins, 22 semi joins through semi join reduction,

and 5 index joins. The other queries provide similar complexity.

We ran the ES algorithm on Query 1 and aborted at ~40,000,000

enumerations. The best/worst PEO is the best/worst encountered

PEO among the random PEOs. The highest savings potential we

encounter for Query 4, which provides potential for 18% savings

in MI and 21% in MP. Four further queries show potential of more

than 10% improvements.

Summary. In all benchmarks there is a clear difference between

best and worst PEO for both measures for certain queries. Queries

with high memory integrals show considerable relative savings.

Those savings are only obtainable if a model is able to detect the

best possible PEO. We look into this in the following subsection.

5.3 Quality of Cost Model for
Memory-Constrained Scenarios

Next, we verify if our model is fit to estimate the MP. The MP

is a measurement motivated by [10], which can be used to avoid

memory consumption spikes and detect optimization potential for

the MI. In contrast to [21] we provide the best PEO in terms of

MP. The validation of the cost model for finding good PEOs in

terms of MP is provided here. To better compare the impact of

cost model effects and cardinality estimation errors, as well the

difference between MI and MP, we show the results in the same

figure. There is one figure for each benchmark. In the following

graphs, the coloring of dots indicate the algorithms used, which

are Exhaustive Search (ES), Longest Path Heuristic (LPH), Branch

Pruning Search (BPS), and Theta Skip Search (TSS). These do not

denote the PEOs found through enumeration for the best MP, but

rather the best MI. Random PEOs are represented as grey dots.

Ideally, we want so see a linear correlation between the x-value,

which is est. MP (real cards.), and the y-value, which is the measured
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Est. MI (est. c.) [PB*step]

Exhaustive Search

b) Estimated MI based on real cardinalities vs. measured MI

a) Estimated MP based on real cardinalities vs. measured MP

Est. MI (est. c.) [PB*step]
28          30

Est. MI (est. c.) [PB*step]
50     52.5

c) Estimated MI using cardinality estimates vs. measured MI

Figure 6: Correlation between a) est. MP (real cards.) and msrd. MP, b) est. MI (real cards.) and msrd. MI, and c) est. MI (est.
cards.) and msrd. MI for each PEO of the respective JOB query.

Exhaustive Search

b) Est. MI (real c.) vs. msrd. MIa) Est. MP (real c.) vs. msrd. MP c) Est. MI (est. c.) vs. msrd. MI

Figure 7: Correlation between a) est. MP (real cards.) and
msrd. MP, b) est. MI (real cards.) and msrd. MI, and c) est.
MI (est. cards.) and msrd. MI for each PEO of the respective
TPC-H query.

MP. The data discussed here is visualized in category (a) of each

figure. We show that the best PEOs can be correctly estimated for

QEPs with sufficiently large differences in MP.

Join Order Benchmark. For the JOB we visualize the estimated MP

(real cards.) against the measured MP for queries with the highest

median measured MP for indicated queries in Figure 6a. For this,

we visualize six queries that exemplify the queries contained in the

benchmark. Each dot represents one PEO with a median msrd. MP.

Noise is introduced through oversizing in hash tables or buffers and

non-pipeline-breaker memory consumers, which is not captured

by our the model. We visualize queries with exemplary behavior in

Figure 6a, for which we sample 12, 4, 24, 60, 100, and 400 random

PEOs, respectively. For Query 8d, 9d, 25c, and 31c we observe

a correlation between est. MP (real cards.) and msrd. MP. This

suggests that the cost model works for estimating MP. As seen in

Figure 6b, an obvious correlation between MI and MP is introduced

through the MI being naturally lower when the MP is lower, i.e.,

avoiding materialization of many tuples at the same time. While

the correlation between MI and MP holds here, it is not a necessary

condition. When further compared to the MI, we can see that the

MP is less exposed to noise, which is natural as the MP is not

depending on estimated execution cost/execution time.

Other benchmarks and customer data. For the TPC-H benchmark

we encounter five queries with more than one PEO. Out of these,

Queries 11 and 15 show significant estimated differences, which are

shown in Figure 7a. For both queries the model is able to correctly

predict the order of the PEOs, as can be seen in Figure 7a. For query

15, the algorithms ES and LPH found the best PEO for MP, which

also is the best PEO in terms of MI.

For SSB, the model could not find significant differences for the

evaluated queries, as shown in Figure 8a. For this query set, we

always have a big pipeline breaker that dominates the memory

consumption in MP and, as we will see later, in MI. Differences for

Query 3.1 and 4.2 are again introduced by noise.

Regarding JCC-H, Query 15, the model was able to estimate

differences between the PEOs w.r.t. the est. MP (real cards.). This

can be seen in Figure 9a, showing good correlation between estimate

and measurement. For Query 11, we did not see large differences

in MP in the plot, which is due to missing data points.

With regards to customer queries, we were able to evaluate the

MP for Query 3. We could not identify any significant differences

for the sampled PEOs.

Summary. The target of this subsection is to show if the given cost

model can serve as the means to estimate memory peaks. When

considering Queries 8d, 9d, 25c, and 31c of the JOB, as well as JCC-

H Query 5, 11, and TPC-H Query 15, we see that the cost model
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correctly predicts the best possible PEO for MP. It further shows

a good correlation between estimates and measurements. We also

see that there is a possible correlation between MI and MP.

Next, we will analyze if the cost model is suitable for estimating

the MI in PEOopt.

5.4 Cost Model Validation for the Memory
Integral

To showcase the viability of our approach realized in PEOopt, next
we experimentally validate our cost model for the MI in order to

see if the approach can be used to lower memory pressure in sys-

tems with execution of potentially multiple queries in parallel. For

the experiments, we eliminate the impact of cardinality estimation

errors from our memory cost estimations by using real cardinalities.

Real cardinalities are observed post-mortem from query executions

and are used as parameters for our cost models. We evaluate the

correlation of the calculated memory cost with the measured mem-

ory integral of the PEO. The results discussed in this subsection are

presented in part (b) of each respective figure.

Join Order Benchmark. In general, the cost model produces good

results for queries with PEOs that have large differences in est.

MI. There, the cost model correctly estimates the best PEO. If the

estimated difference in MI is not large enough, the correct best

PEO cannot be estimated. In Figure 6b, we visualize the est. MI

(real cards.) against the msrd. MI. When compared to the MP, the

clustering of PEOs is not as intense. This is due to further noise in-

troduced during execution when measuring for the MI, since the MI

additionally depends on the execution time of pipelines. For Query

8c, we see a correlation between est. MI (est. cards.) and msrd. MI.

For Queries 9d, 19d, and 25c, the divergence from correlation lies

within the allocation size for hash tables, which induces overhead

and is not modeled. Another reason is the implementation of phys-

ical operators as a single pipeline with several helper procedures

and data structures, which are not explicitly reflected in the model.

In Queries 9d and 19d, this is further amplified, resulting in non-

correlation. Queries with good correlation are 25c and 31c. Query

12a shows similar behavior. Here, the relative differences between

PEOs are sufficiently big enough to overcome the influence of noise.

68 queries in the benchmark show a vertical or dotted pattern of

PEO-dots like in Query 29c, indicating that the model could not find

a difference in MI for any PEO. However, all those queries (with

the exception of 24c and 29c) have a msrd. MI less than 2.0MB ∗ s.
Still, those queries show differences in measurements, which is also

due to additional data structures and noise from varying pipeline

execution times. However, we argue that the model finds good cor-

relation in most cases and for others the difference is small, while

the search overhead itself is cheap, as we see in Subsection 5.6.

Other benchmarks and customer queries. In the TPC-H Benchmark,

Queries 11 and 15 show significant estimate differences, which

are shown in Figure 7b. For both queries the cost model estimates

differences in est. MI (real cards.) and finds the correct order of

PEOs w.r.t. msrd. MI.

In SSB we found Query 2.1 to expose significant differences in

relative est. MI, as can be seen in Figure 8b. For this query, the

absolute msrd. MI and estimated differences are low, such that the

model cannot correctly order the PEOs. For the other queries in

SSB, the results are similar. The cause are many small pipeline

breakers combined with one dominating pipeline breaker. Further,

usage of index joins avoids materialization. The SSB is therefore a

benchmark where savings are small and unpredictable, as one big

breaker dominates the memory consumption and index joins from

dimension tables reduce the number of possible PEOs.

For the JCC-H benchmark we visualize Queries 5, 10, and 11

in Figure 9b. The query shows a tendency to a correlation, but

with low relative differences in estimate MI. Query 10 does not

expose differences in estimates. The prototype finds the correct

best PEO, but the worst PEO according to the cost model is not the

experimentally verified worst.

For our customer queries we are able to extract real cardinalities

and to reconstruct the QEP for Query 3 of our customer query set,

as can be seen in Figure 10b. Despite having a high MI of around

42MB ∗ s for all PEOs, we could not find a correlation between est.

MI (real cards.) and msrd. MI. The QEP contains 44 hash joins, 27

hash semi joins through semi join reduction and 10 index joins.

Furthermore, most pipeline breakers contain at most 2,000 tuples.

Aside from sampling 24 PEOs, we are able to execute the LPH

(based on est. cardinalities). The est. MI (real c.) is the worst of

the shown PEOs, however, the msrd. MI is the best. This suggests

that the correlation for real cardinalities for this query is not given,

incidentally the correlation is given for estimated cardinalities, as

we see in the next section.

Summary. Our measurements show good correlation for relevant

queries of the JOB and the JCC-H benchmark. For queries with

no significant differences in MI, no correlation could be predicted.

Therefore, a correlation between estimate and worst is observed

if a difference is estimated. In cases without correlation queries

exhibit low absolute MIs, which amplifies the impact of unmodelled

behavior like oversized hash tables, as was the case for some quick

running queries of the JOB. When the model fails to establish a cor-

relation between est. and msrd. MI, this is due to small differences

in both estimated and measured MI. Next, we will compare esti-

mated MIs based on cardinality estimates to evaluate the feasibility

of deployment without real cardinalities.

5.5 Impact of Cardinality Estimation
We now investigate if our model can be deployed in real world

scenarios to achieve savings. There, only cardinality estimates pro-

vided by a cardinality estimator are available. We investigate if we

can still observe a correlation for the est. MI (est. cards.) given by

the cardinality estimator of SAP HANA. As such, the estimated

MI is calculated using the estimated 𝑐𝑜𝑢𝑡 costs. We show that es-

timated cardinalities can serve as a basis for estimating the msrd.

MI and are feasible to be used in an industry DBMS. PEOopt used
cardinality estimates for enumerating PEOs, such that the coloring

of the PEOs in the diagrams of this section model the actual choice

of the particular algorithms. Colored dots indicate a used algorithm,

while grey dots indicate randomly chosen PEOs. Algorithms and

randomly sampled PEOs may be identical but may be shown as

different dots, when they are overlapping. The data discussed here

is visualized in category (c) of each figure.
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Exhaustive Search
[PB*step]

4.5    5     5.5

b) Estimated MI based on real cardinalities vs. measured MI

a) Estimated MP based on real cardinalities vs. measured MP

c) Estimated MI using cardinality estimates vs. measured MI

Figure 8: Correlation between a) est. MP (real cards.) and msrd. MP, b) est. MI (real cards.) and msrd. MI, and c) est. MI (est.
cards.) and msrd. MI for each PEO of the respective SSB query.

Join Order Benchmark. In general, since the cardinality estimates

correlate with real cardinalities, they can be also used as the basis for

estimating the MI. For Queries 8d, 25c, and 31c, the previously seen

relationship between estimate and measured values is maintained.

For the remaining queries the behavior is similar. This fact can be

seen in Figure 6c. When taking the algorithms into account, we

can see that for all queries with good correlation all algorithms

deliver near-optimal or optimal results. Upon closer inspection, we

can observe that for Query 31c the PEO found by ES is the same as

for the heuristic LPH, which indicates the quality of the heuristic.

For Queries 9d and 19d, the relative differences in MI increase even

further when taking cardinality estimates as the basis. For Query

29c, there were no changes in the distribution of PEOs. The results

indicate that the model can be used with a cardinality estimator of

sufficient quality.

Other benchmarks and customer queries. Regarding TPC-H, our

prototype finds the best possible PEO for Query 11 and Query

15 when using cardinality estimates as the basis for MI. As the

cardinality estimates are quite close to the actual cardinalities, we

only see a divergence between MIs based on real cardinalities and

estimated cardinalities of at most 2x. This is visible when comparing

Sub-figures 7b and c, suggesting a moderate divergence between

estimates and real cardinalities.

For the SSB, estimated cardinalities again differ from the real

cardinalities. As can be seen in Figure 8b, PEOs diverge along the x-

axis while not exhibiting differences in msrd. MI. For all algorithms,

the optimizer could not identify good PEOs, as differences in msrd.

MI are either small or no significant differences in est. MI (est. cards.)

are identified.

W.r.t. JCC-H, we observe a correlation between the observed

measures for Query 11, which corresponds to the behavior for

the est. MI (real cards.). For Query 15, the results for estimated

Exhaustive Search

b) Est. MI (real cards.) vs. msrd. MI

c) Est. MI (est. cards.) vs. msrd. MI 

a) Est. MP (real cards.) vs. msrd. MP

Figure 9: Correlation between a) est.MP (real cards.) andmsrd.
MP, b) est. MI (real cards.) and msrd. MI, and c) est. MI (est.
cards.) and msrd. MI for each PEO of the JCC-H benchmark.

cardinalities are similar to those of the real cardinalities. For both

aforementioned queries, we observe a divergence of about 1.5-2x

with respect to the estimated MIs of Sub-figures 9b and c. Both cases

strengthen the case for the usability of the cardinality estimator for

our approach.

For our customer queries we are able to obtain data between

est. MI (est. cards.) and msrd. MI for Queries 1 to 4. When looking

into the executed QEPs, we see that cardinality estimates are much
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Query 3 Query 1

b) Est. MI (real c.) 
vs. msrd. MI 

Query 2 Query 3 Query 4Query 3

c) Est. MI (est. c.) vs. msrd. MI
a) Est. MP (real c.) 

vs. msrd. MP

Figure 10: Correlation between a) est. MP (real cards.) and msrd. MP, b) est. MI (real cards.) and msrd. MI, and c) est. MI (est.
cards.) and msrd. MI for each PEO of the customer query set.
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Figure 11: Enumeration complexity for the JOB.

smaller than the real cardinalities (e.g., estimate is 8 tuples, while

~1,650 are pushed). This suggests that frequent hash table resizing

occurred, which can have an impact on execution time. In other

hash tables, only a small amount of tuples is materialized. When

looking at the only possible algorithm, LPH, we can see that the

chosen PEO is robust w.r.t. the eventually measured MI. As we can

see in Figure 10c, for Query 1, 3, and 4 the PEO is among the best.

This suggests that the heuristic works for resolving very complex

QEPs and achieves good results.

Summary. We maintained the correlation between est. MI (est.

cards.) and msrd. MI for certain queries when taking cardinality

estimates as the basis. The quality of the estimated MI is heavily

depending on the quality of the cardinality estimator. We see that

no mistakes with big differences in msrd. MI are made in choosing

the PEO, indicating that deployment of the model yields memory

savings. For complex queries LPH yields good results, such is the

case for our customer queries.

5.6 Complexity of PEO Enumeration
The following three subsections discuss the lack of impact of our

enumeration approach on end-to-end execution time, which is the

last contribution to prove real world deployability as shown in

Figure 3. The first part is to observe the manageable complexity of

our approach. The precise mathematical framework to calculate

the complexity of enumerating PEOs for memory consumption has

been described in [22], where we showed that the problem may

cause combinatorial explosion. In practice, only a small amount of

QEPs produce complex AONGs. The number of PEOs per QEP is

tied to the number of pipeline breakers in the QEP, the number of

joins, and whether the optimizer chooses to ship indexes. In Fig-

ure 11a, we visualize the number of PEOs per QEP in a histogram

for the JOB. The number of QEPs with high PEO count naturally

decreases in a Zipf-distribution reminiscent way, which is tied to

the benchmark. We found similar results for the remaining three

benchmarks as well, where the data is also included in Figures 4c-g.

The results show that for a moderate number of joins, a combina-

torial explosion in possible PEOs is unlikely even for exhaustive

enumeration. Regarding our customer queries with a high number

of joins and high number of PEOs, we saw that either random sam-

pling or finding good PEOs through heuristics is necessary to avoid

long enumeration times.

5.7 Relationship between Complexity and
Savings

In the previous subsection we saw that the number of PEOs per

QEP can be expected to be manageable, which is reflected in the

enumeration time needed to find the best PEO. We now observe the

execution time that is consumed for enumeration. A visualization of

the measured enumeration overhead for the JOB is shown in Figure

11b.We see that the enumeration overhead is not tied to the possible

savings. We argue that for the observed savings even exhaustive

enumeration is viable and justifiable, since the complexity of the

identified QEPs is low.

5.8 Constant Execution Time
Lastly, it is important to observe that changing PEOs does not lead

to a variation in the execution time. For the already discussed six

JOB queries we plotted the execution times for different sampled

PEOs. For those, we execute each and plot the execution time in box

plots in Figure 12. The orange lines denote the median, the box’s

upper and lower bounds the 75th and 25th percentile, and the lines

the 100th and 0th percentile. Circles are outliers. As can be seen,

there is no drastic difference between individual PEOs. We argue

that the observed differences are due to noise and minimal caching

effects for previously used hash tables/buffers. With queries that

use larger datasets, these effects decline significantly.

6 Related Work
Morsel-based Pipeline Execution Model
The foundations for the pipeline execution model were laid with

the push-based Volcano model [18], which already touched upon

the memory consumption issue in hash joins. However, Morsel-

based parallelism [23] is the basis for our execution model, which

is push-based and divides data from a source-operator (e.g., table

scan) into morsels.

Memory Optimization for Query Processing
Scheduling. Before the advent of cheap memory, it was necessary

to estimate whether query processing can be facilitated using the
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Figure 12: Median runtime for six JOB queries across different PEOs.

available memory to minimize the response time of a query. Early

work on disk-based DBMS [10] thus took an approach similar to

ours and classified pipelines as tasks and tried to minimize the max-

imum memory peak through choosing which pipelines to execute,

but without regard to overall memory consumption. Instead, they

chose to optimize for query response times and assumed that the

overall available memory is not sufficient. Focusing on a similar

topic is [6], where the authors considered continuous streaming

queries and proposed an algorithm to minimize the current memory

peak during execution. Another fundamental paper [15] tried to op-

timize query response time considering communication overhead

for distributing work among nodes by describing CPU time as a

time-shared resource and memory as a space-shared resource. Much

like [21], both works built upon fundamental scheduling theory lit-

erature, but did not aim to minimize overall memory consumption,

instead they focused on minimizing query execution times in cases

where main memory is scarce.

Since hash tables can overflow in memory during processing,

Graefe [18] suggested using a) the query optimizer to anticipate

overflow and b) an overflow resolution scheme to make the hash

tables for the individual probe step fit into memory. When [18]

was written, main memory was considered scarce and spilling

partitioned hash tables to disk after the build phase was necessary.

Compression. Our technique serves as a contribution to the overall

field of memory consumption optimization in query processing. We

can consider compression of intermediate results as one possible

approach to facilitate reduced memory consumption, using SIMD-

instruction based algorithms to speed up processing and to save

memory [13, 25]. The authors of [8] also suggest that the footprint

can further be reduced by estimating cardinalities accurately, which

avoids pre-allocating too much memory for auxiliary data struc-

tures like hash tables [8]. Further savings can be achieved through

using compressed or concise auxiliary data structures like concise

hash tables [7] or hash tables using perfect hash functions [14].

Usage of Memory Hierarchies. While in-memory DBMS usually try

to hold all query processing data in DRAM, a recent proposal [19]

compared partitioned and non-partitioned hash joins in NVRAM.

While NVRAM seemed to solve issues like the limited memory size

of DRAM, manufacturers seem to have abandoned the technology

[4]. More fundamentally, [17] discussed using a common buffer

cache for both base data and intermediate data and concluded that,

while disk based systems used different buffer managers for base

data and intermediate data, this leads to further complications in

scheduling and communication between buffer managers, which

is addressed by recent work [30]. Today, Presto is a DBMS that

implements spilling intermediates to disk [3, 35] to temporarily

reducememory consumptionwithout introducing pipeline breakers

through partitioning, whereas most industry DBMS like Oracle,

PostgreSQL, and SAP HANA partition spill hash tables to disk

while processing to reduce memory consumption or avoid out-of-

memory situations. Here, they use traditional partitioning-based

algorithms that cause additional breakers [1, 2, 36].

7 Conclusion
In this work we present our implementation of PEOopt in a pro-

totype of SAP HANA to evaluate the PEO enumeration approach

experimentally. We analyze the potential of the approach for four

standard DBMS benchmarks, evaluate the potential memory sav-

ings for most of the queries and their QEPs and demonstrate the

enumeration complexity. In our evaluation, we first found that

queries with more than 1,000 possible PEOs are rare, but the sav-

ings potential can be high.We found that our approach can facilitate

high memory savings of up to 55%. We also found that our cost

model generally produced a correlation between estimated mem-

ory consumption and measured memory consumption for queries

with high memory integrals and with sufficiently big estimated

differences. Further, our cost model produced better correlation

with measured memory integrals the higher the absolute measured

memory integrals of the individual query was. There, the model is

able to achieve improvements of up to 36%. We could see a correla-

tion between estimates and measurements for the memory peak as

the observed measure. We also took cardinality estimates given by

our DBMS as an input parameter for the pipeline execution cost

estimation proposed in [21]. Despite cardinality estimates diverg-

ing from the real cardinalities, they still serve as a good basis for

full enumeration in simple queries or for a simple heuristic in very

complex queries. We also see that for standard benchmarks, all

PEOs were enumerable using the Exhaustive Search algorithm. For

complex queries from our customer benchmark, however, heuristics

are needed. We found that the query runtime is not impacted by

the PEO choice.
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