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ABSTRACT

Relational database systems often face a trade-off between sup-
porting multi-table queries and frequent updates. Materialized join
views can drastically speed up queries, but they slow down updates
and may consume significant storage. Conversely, query-time joins
over tables and their indexes optimize update performance at the
cost of query latency. Our recent study of two-table joins intro-
duced “merged indexes” (a form of multi-table index) to break this
trade-off, approaching the query performance of materialized views
without sacrificing the update efficiency of traditional single-table
indexes. This study generalizes this technique to “order-sharing
pipelines”—multi-table joins and grouping operations on shared
keys. By incorporating interesting orderings into the physical data-
base design, merged indexes partially pre-compute these order-
sharing pipelines, closely approaching the query performance of
materialized views. Meanwhile, they match traditional indexes on
update performance.
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1 INTRODUCTION

Transactional updates and joins are the two critical operations be-
hind the popularity of relational DBMS, and these features continue
to differentiate them from Key-Value stores and NoSQL systems. Re-
lational database systems face a trade-off between efficient frequent
updates and fast complex queries requiring joins and groupings.
Currently, databases typically choose between two extreme ap-
proaches to this trade-off. On the one hand, materialized join views
can drastically speed up query processing, but they may impose
penalties on update performance and space efficiency. On the other
hand, query-time computation with tables and their indexes (e.g.,
via hash joins) minimizes update overhead but provides little pre-
processing to accelerate queries. Database systems typically lack a
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solution that offers great query performance, update performance,
and space efficiency simultaneously. The middle ground between
these extremes—partial pre-computation—has seen recent inter-
est [46, 58], and this study contributes to this line of work.

Scope and Definition. This paper focuses on pipelines of multi-
table joins and grouping operations on shared keys. A pipeline can
be an entire query or part of a more complex query. More formally,
this study targets pipelines of the form:

Q =yar(op(Ry g Ry >eq ... >4 Ry))
Notation: ya F represents the grouping on attributes A with aggregation set functions
F; the join keys and the grouping key are equal column sets, A. More precisely, all
join/grouping keys must form a prefix chain compatible with one shared sort order
(details in Section 3.1). TPC-H Q3 is an example—keys differ, yet form a common sort
order.

This structural pattern often arises because relational databases
use normal forms to represent complex application objects across
multiple tables. For example, TPC-H represents customers with
their orders across three tables: Customer, Orders, and Lineitem.
This complex application object may be reconstructed at query
time by primary key—foreign key joins.! Consequently, these query
components appear frequently in relational database workloads.
They appear in 14 of 22 queries in the TPC-H benchmark [60] and
in all 33 queries in the Join Order Benchmark (JOB) [32].

Rather than proposing an entirely new system, this technique
improves classic relational database systems, which remain the
backbone of most production workloads. Therefore, existing and
robustly-tested techniques, such as hash joins, single-table indexes,
and traditional materialized views, are available and should be
chosen for queries that do not fit the scope of this work.

This scope represents a generalization of our previous work
on two-table joins [37]. It builds on the key insight from Selinger
et al. [55] that identifies the cost-saving opportunities during query
planning where a sort order produced by an upstream operator can
be reused by a downstream operator. The new observation here is
that this shared sort order can be embedded in one merged index.
A single index scan then replaces what would otherwise be a series
of joins and grouping operators.?

Our recent work [37] shows that two-table merged indexes ap-
proach the query performance of materialized views and match
the update and space efficiency of traditional single-table indexes,

! Although the two joins do not share the join keys, functional dependence can make
their required join orders compatible, as detailed in Section 3.1.

%In comparison, according to our previous study, each join would require its own two-
table merged index, and the grouping operations were not addressed at all. Moreover,
a single multi-table merged index has a combinatorial advantage: it supports order-
sharing pipelines over any subset of the indexed tables, thus subsuming multiple
two-table merged indexes.
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as summarized in Table 1. The findings of this study show that
multi-table merged indexes also offer great query performance,
update performance, and space efficiency, breaking the traditional
trade-off between pre-computation and query-time computation.

Table 1: Performance trade-offs of storage structures.

Update
Performance

Query

Performance Space Efficiency

Query-time computation
with traditional indexes

Pre-computation, i.e.,
materialized views

Two-table Merged Index
Multi-table Merged Index

Traditional approaches—query-time computation (tables + traditional indexes) and
pre-computation (materialized views)—make trade-offs across query performance,
update performance, and space efficiency. Two-table merged indexes break this trade-
off [37]; this paper extends the result to multi-table merged indexes for order-sharing
pipelines.

Contributions. (a) Generalization of scope: Merged indexes
accelerate order-sharing pipelines that comprise multi-way joins
(inner, outer, and semi joins) and grouping operations, a general-
ization beyond two-table joins from our previous work [37]. (b)
Storage layout and implementation: We describe the physical
layout that embeds interesting orderings in multi-table merged
indexes, with practical implementations over two ordered storage
structures, B-trees (LeanStore [33]) and LSM-trees (RocksDB [16]),
which optimize for different workloads. (c) Query execution: We
provide algorithms that use merged indexes as a form of partial
pre-computation, requiring moderate computation at query time
and moderate pre-processing at update time. (d) Experiments and
performance: Merged indexes closely approach the query speed
of materialized views, the practical upper bound, while providing
the update efficiency of traditional single-table indexing.

Section Outline. Following the related work in Section 2, three
core sections bridge physical database design and query perfor-
mance, corresponding to Contributions (b)-(d). Section 6 concludes
the paper.

2 RELATED WORK

The proposed techniques in this study lie at the intersection of
physical database design, indexing, and query execution; it also
builds on the insights from query optimization and database schema
design. Section 2.1 covers prior techniques that provide the founda-
tion for this work. Sections 2.2 and 2.3 cover prior approaches to
complex multi-table queries. They may be computed at query time
or pre-computed and stored as materialized views; they may also
be partially pre-computed and later require moderate query-time
computation. Section 2.4 covers our previous two studies about
merged indexes and prior problems addressed with this technique.
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2.1 Foundational Techniques

Three groups of prior techniques provide the foundation for this
work: ordered storage, interesting orderings in query optimization,
and relational normal forms.

2.1.1  Ordered Storage. Ordered storage is an essential component
of relational database systems. This paper builds on established sys-
tems on external storage for sorting and indexing, including the ubiq-
uitous B-trees [4, 11, 18, 20] (e.g., LeanStore [33], WiredTiger [43]).
In addition, LSM-trees [28, 49] (e.g., RocksDB [16], Monkey [15],
WiscKey [36], KVell [34]) offer excellent write performance. No
contributions are claimed in this area. Due to the robustness, effi-
ciency, and popularity of ordered storage, data are often stored in
an ordered format, even if this sort order may be under-utilized in
query execution.

2.1.2 Interesting Orderings. Interesting orderings are a query op-
timization technique introduced by Selinger et al. [55] that rec-
ommends successive sort-based operators when they can share a
common sort order. It identifies sort orders produced by one op-
erator (e.g., an index scan, a sort, or an earlier merge join) that
are required by a subsequent operator, thereby avoiding redun-
dant sorting. This technique has since become standard in major
relational databases [41, 52, 59].

For instance, TPC-H Q3 includes two primary key—foreign key
joins among Customer, Orders, and Lineitem. A naive plan using
two consecutive merge joins (Lineitem < Orders on orderkey, then
> Customer on custkey) would require four sort operations. Based
on such a cost estimate, the query optimizer may choose hash joins.
Yet computing the first merge join on composite key (custkey,
orderkey)—semantically equivalent to using orderkey due to func-
tional dependency (see Figure 4 in Section 3 for details)—produces
a stream already sorted by custkey, as required by the second
merge join, eliminating one of the four sorts. After updating the
cost estimate, the query optimizer may favor merge joins over hash
joins.

Interesting orderings are the primary inspiration for this work;
bringing renewed attention to this underexplored technique is it-
self part of this paper’s contribution. While the original technique
avoids redundant sorting during query planning and execution,
merged indexes embed these interesting orderings into the physical
database design, as Section 3 will discuss.

2.1.3  Relational Normal Forms and Complex Application Objects.
Complex application objects are application-level entities that in-
clude information too complex for a flat-table format, such as cus-
tomers with their associated orders and order items in TPC-H.
Modern RDBMSs manage this complexity through normalization
(e.g., 3NF or BCNF) [10, 29]. Normalization decomposes complex
application objects across multiple tables tied by relationships, for
example, Customer, Orders, and Lineitem tables are tied by primary
key—-foreign key relationships on custkey and orderkey.

This decomposition brings about benefits such as controlled
redundancy but necessitates the reconstruction of objects at query
time via primary key—foreign key joins. Notably, normalization in
logical design does not dictate physical storage—by storing multiple
tables in one B-tree, merged indexes cluster records representing



these complex objects without violating relational principles and
speed up reconstruction queries.

2.2 Query-time Computation and Full
Pre-computation

Relational databases divide the workload of computing a query
generally between two phases, query time and update time. This
section reviews prior work under this framework on the more
general problem of multi-table queries, since no previous work
except Selinger et al. [55] appears to focus specifically on order-
sharing pipelines—a gap this study fills.

Relational database systems typically compute a query on the
fly (i.e., at query time). They may run moderate pre-processing on
database updates to later accelerate query execution, typically in
the form of index creation and index maintenance. Columnar stores
often perform even less pre-processing at update time since they
may not maintain ordered indexes. This represents one extreme
that devotes almost all effort to query time.

On the other end, materialized views fully pre-compute and store
a query, shifting almost all effort to update time. At query time,
databases only perform a simple retrieval (often an index retrieval
from an indexed view [42]). They pay the cost of view storage and
view maintenance. Some database systems refresh materialized
views only occasionally, and each refresh may even require a full
re-evaluation of the query [26, 53]. Incremental view maintenance
(IVM) greatly mitigates this cost [7, 22, 23, 30, 44, 65]. However,
many systems impose strict constraints on which views can be
incrementally maintained, such as the lack of support for outer
joins [14, 42, 45]. Oracle’s support for IVM is impressively compre-
hensive, despite the complexity and remaining constraints [50].
studies have proposed several high-
performance IVM engines, but they also present some trade-offs.
DBToaster [1, 46, 57] and Naiad [8, 38] achieve excellent IVM per-
formance by maintaining intermediate views and differential traces
in memory, respectively. However, their memory consumption,
especially that of the former, can be prohibitive for large datasets.
Umbra DB’s “split maintenance” [64] achieves both a high insert
rate and low query latency, but it lacks support for joins without a
subsequent aggregation.

This trade-off between query-time work and update-time work
applies to entire queries as well as to order-sharing pipelines em-
bedded in larger queries. In the latter case, a rather similar analysis
pertains only to the pipeline, as deferred to Sections 4.5.

Recent academic

2.3 Partial Pre-computation

The middle ground between query-time computation and materi-
alized views is partial pre-computation. Two classic studies, join
indices [48, 62] and combined images [24], fall into this category.
They are the conceptual predecessors of merged indexes. As Table 2
lays out, join indices store base row IDs (e.g., (rid, Sig> id)) of each
joined row. Combined images co-group the rows without joining
them, mapping each join key to sets of matching row IDs in each re-
lation. In comparison, merged indexes generalize combined images
by storing actual records (or selected columns) per key.

Recent techniques for partial pre-computation—often introduced
under the broad umbrella of IVM—appear in the following studies.
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Table 2: Join index [48, 62], combined image [24], and
merged index.

Content Cardinality
Join  (rid; Sids tid) [Re<SpaT|
index Joined row IDs
Combined  key — ({ria}, {sia}, {tia}) Count of unique keys,
image  Co-grouped row IDs which is no more than
[R| +[S| +|T]
Merged  key — ({z(r)}, {7 (s)}, {m(£)}) [R| +1S| +1T]
index  Co-grouped records or their projection

Three approaches to R >« S »< T. rig = row ID of a record in R; 7 (r) = projection
of record r.

Factorized IVM [46, 47] stores factorized representations of query
results, but it only offers an in-memory implementation. Berkholz
et al. [6], Idris et al. [27] offer strong theoretical guarantees but
target main-memory environments. In addition, two hash-based
approaches are highly complementary to this paper’s focus on
order-based query operators. IQP [58] persists and maintains in-
termediate states of query processing, most notably hash tables.
Symmetric hash tables [25, 31, 61, 63] may also be considered a
form of partial pre-computation.

2.4 Merged Indexes and Their Advantage in

Two-table Joins

Merged indexes belong to a broader lineage of multi-table clustering
strategies. The network data model, with its explicit owner—-member
sets traversed record-by-record [3], can be viewed as an early form
of multi-table clustering. Object-oriented database systems [13]
continued this lineage.> More recently, the idea of clustering has
surfaced in diverse contexts, including distributed systems (e.g.,
Spanner’s interleaved tables [12]), NoSQL systems (e.g., Cassandra’s
wide partition [9]), columnar storage (e.g., nested data [39, 54]), and
query execution (e.g., Google Flume’s “co-group-by” [2]).

Our two previous studies proposed merged indexes [17] and
showed their advantage for two-table joins [37], respectively.

2.4.1 Design of merged indexes [17]. A merged index [17] maps
a search key to a set of records from different tables, as shown
previously in Table 2. A sort order accomplishes this mapping by
physically interleaving records from multiple tables and clustering
“relevant” records. The interleaving and clustering within a merged
index rely on a record structure [17] that accommodates variable
record types. This format consists of three components:

(a) Key fields with domain tags enable byte-wise comparison
between different types of keys in the same merged index. A domain
tag that precedes each key field names its column type (i.e., its
“domain”), bounds its extent, and indicates the position of the next
domain tag. (b) Index identifier: Immediately following the key, a
special domain tag (I in Table 3) indicates that the next few bytes are
not a key field but an index identifier. An index identifier indicates
the source index of the record. It is part of the sort key, enabling the
interleaving of records with the same join key but different source

3In contrast to these early examples, merged indexes, thanks to physical data indepen-
dence, implement clustering while upholding the relational model.



indexes. (c) Payload: The remaining non-key columns of a record
are stored as the payload following the index identifier, usually in a
binary format without any special tags and requiring parsing based
on schema information. It does not participate in the sort order.

Table 3: An Orders record in a merged index with
variable-size keys.

Field value  Field type Denoting...
C Domain tag custkey is next
C Data value The custkey of this record
(o] Domain tag orderkey is next
O Data value The orderkey of this record
I Domain tag Index identifier is next
Index identifier ~ This record is from an index on Orders
‘2006/12/20°  Data value The orderdate of this record
Data value The shippriority of this record

‘Urgent’

Data values Other field values

Field order = byte order in the stored record. Domain tags (pink) bound and
name each key field; the index identifier (EYEYd) marks the source index.
Adapted from Figure 3 of Graefe [17]; see Listing 1 for the implementation.

2.4.2  Merged indexes for two-table joins. Lyu and Graefe [37] rec-
ommended merged indexes for two-table joins, because they excel
simultaneously in query performance, update performance, and
space efficiency. On the one hand, a two-table merged index is
simply a reorganization (interleaving by sort order) of the two
single-table indexes. On the other hand, by co-locating matching
entries from two indexes, the merged index partially pre-computes
the join and is only one step away (i.e., the step of record assembly)
from the materialized view.

3 STRUCTURE OF MULTI-TABLE MERGED
INDEXES—“DATA AT REST”

This section describes the physical layout of multi-table merged
indexes in four parts: running examples, the interesting orderings
they embed, design trade-offs, and practical cost.

3.1 Running Examples

Physical data layout in a multi-table merged index depends on how
normalized schemas decompose complex application objects into
linked tables with overlapping keys. Shared keys that naturally
form compatible sort orders fall into one of three structural shapes:
identical keys, hierarchical prefix chains, or branching trees. Sec-
tions 3.1.1, 3.1.2, and 3.1.3 characterize each shape with a running
example over a unified schema. A merged index can physically
interleave records according to any of these three sort orders.

We ground our discussion in a familiar benchmark schema. The
schema shown in Figure 1 includes the Customer, Orders, and
Lineitem tables as defined in TPC-H [60]; it is also extended with an
Invoice table to support reasoning about more complex multi-table
relationships and join patterns. Over this schema, a database system
can construct three distinct merged-index designs, summarized in
Table 4, which we use as running examples throughout our study.

3.1.1
and Invoice all share custkey as their leading sort key column.
Although Orders and Invoice retain their own additional key fields

Identical sort keys. In MI, the indexes for Customer, Orders,

3624

invoicekey

totaldue

linenumber

[order}

customer

Ermm®

Ceustname >

lineitem

<

Figure 1: ER diagram extended upon TPC-H schema: a cus-
tomer with orders, line items, and invoices.

Sections 3.1.1-3.1.3 use this schema to discuss three merged-index options, summa-
rized in Table 4. Thick lines denote total participation; thick arrows point to the key
constraint (the “one” side of the relationship). Double borders indicate weak entity
sets and their identifying relationships, while dashed underlines denote partial keys.

Table 4: Three options to build a merged index over the
schema in Figure 1.

Merged index label  Included indexes!  Key shape  Described in
MIa? Lt Tord, finy Identical Section 3.1.1

MIg  Ieusts Tord, Dine Hierarchical ~ Section 3.1.2

Mlc  Lusts Tords Dines finv Tree-shaped ~ Section 3.1.3

! The included indexes are: Iyst, primary index of Customer, key custkey; Ioq,
secondary index of Orders, key (custkey, orderkey); L., secondary index
of Lineitem, key (custkey, orderkey, linenumber); fisy, secondary index of
Invoice, key (custkey, invoicekey).

2 MI, forms a shared sort order and clusters records from multiple sources
based on custkey only, even though I,;4 and iy retain their full keys.

(orderkey and invoicekey), the shared custkey establishes a com-
patible sort order across all three tables. This shared key enables
master-detail clustering [17]: all detail records (orders and invoices)
belonging to a given customer are physically co-located alongside
their master Customer record.

Figure 2a illustrates such a merged index stored in the B-tree
format. Compared with a traditional B-tree index, the branch nodes
in Figure 2a store keys of variable sizes up to the index identifiers in
order to sort and interleave all types of records. Figure 2b magnifies
and aligns the example records from Figure 2a, showing orders and
invoices nested under the sort range of a customer.

3.1.2  Hierarchical sort keys. Hierarchical sort keys arise when the
keys of participating indexes form a prefix chain, where each detail
table extends the key of its parent. Because lexicographical sorting
by a composite key (e.g., (A, B)) preserves the order of its prefix
(A), these keys form nested, multi-level sort ranges.

In MIg, Customer, Orders, and Lineitem form such a prefix chain
on (custkey), (custkey, orderkey), and (custkey, orderkey,
linenumber).By contrast, in MI, (Figure 2), orders and invoices act
as siblings whose keys belong to distinct “subdomains” separated
by domain tags. In MIp, the sort ranges form two nested levels: line
items are clustered directly inside their parent order (a “complex
sub-object”), which is itself clustered under the customer.

3.1.3  Tree-shaped keys. Tree-shaped keys combine sibling subdo-
mains and hierarchical prefix chains into a branching key structure,
as illustrated by MIc in Figure 3. Under this layout, all four tables
interleave under custkey: invoices and orders form distinct sibling
“subdomains”, while orders further nest their associated line items.

This unified key tree gives MI¢c the greatest query flexibility
among the three designs, enabling a single index to serve queries



CCs CCs0

(a) MI4 as stored in a B-tree.

Branch keys sort Customer (gray ), Orders (blue), and Invoice (orange) records; leaf
nodes interleave records from all three tables.

M Cs m customer info

0| Os order info
0| O order info
\ V2 invoice info
\ Vs invoice info

customer info

GESE

(b) Example records from MI,.

The shared prefix is shown in gray to indicate nested sort ranges. Legends: Table 3;
implementation: Listing 1.

The three record types share a sort order by custkey. Key fields after custkey
separate invoices and orders within the same customer cluster. They also enable
lookups of greater granularity inside customer clusters.

Note: custkey is not in Lineitem’s schema, but because of orderkey — custkey
(functional dependence), each Lineitem record can be extended with custkey, as they
are in MIp and Mlc.

Figure 2: Layout of MIy —a merged index storing the primary
index of the Customer table and secondary indexes of the
Orders and Invoice tables.

custkey <

Figure 3: Tree-shaped key structure of Mlc.

The tree describes both the sort-key shape and the record-clustering shape. At each
node, the composite key uniquely identifies one record from the table whose key
terminates there (1 record per node). Tables with longer keys appear as children, so a
single parent-key value can have many child records.

invoicekey

orderkey ——— linenumber

joining any subset of the participating tables (subsuming both MIp
and MIp). At the physical storage level, however, clustering all detail
records per customer object increases the record size, potentially
causing large customer instances to span multiple B-tree pages.

3.2 Embedding Interesting Orderings for
Multi-table Queries into Merged Indexes

While Section 2.1.2 introduced interesting orderings as a query op-
timization technique to avoid redundant sorts, they also naturally
divide a query plan tree into distinct parts. When consecutive oper-
ators (such as merge joins and grouping operators) share and pre-
serve the same tuple order, they form a single order-sharing pipeline.
This partitions the query plan tree at sort boundaries into pipeline
segments where intermediate results require no re-sorting [55].
Merged indexes embed such orderings into physical storage and, as
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Section 4.1 will discuss, provide an execution algorithm for order-
sharing pipelines. This order-sharing pipeline model incorporates
grouping operators in addition to multi-table joins, distinguishing
our approach from join indices [48, 62], combined images [24], and
prior work on two-table joins [37].

In comparison to traditional query plans that recognize shared
sort orders at the time of query planning, a merged index embeds
the shared sort order into the physical design, while the latter is also
not an entirely new practice. In conventional execution, interesting
orderings can leverage single-table indexes as pre-sorted inputs at
the scan layer, allowing the optimizer to eliminate explicit sorting
before joins. Figure 4 illustrates this for TPC-H Q3 [60]%, where the
plan selects three single-table indexes sharing compatible keys to
form an order-sharing pipeline (gray box).

LimitSortrevenue desc, o_orderdate —— 7T

D e [rommmm .

Merge_]oinwstkey

ST

Merge Joingystiey, orderkey PrimaryIndex(Customer)

/
Ycustkey, orderkey
[/
SecondaryIndex(Lineitem)
by custkey, orderkey

SecondaryIndex(Orders)
by custkey, orderkey

Order-sharing pipeline

Figure 4: TPC-H Q3 [60]: A possible execution plan, select-
ing the primary index of the Customer table and secondary
indexes of the Orders and Lineitem tables.

Lineitem »< Orders on (custkey, orderkey) = join on orderkey alone, since
orderkey — custkey (functional determination). custkey is readily available if a
Lineitem secondary index sorted by custkey exists (e.g., MIp).

Gray box: the order-sharing pipeline (Section 4.3); MIp can replace all three indexes
simultaneously.

Whereas traditional single-table indexes separately embed the
sort order of a single table, a merged index embeds these interest-
ing orderings across multiple tables directly into physical storage.
Instead of coordinating the three index scans in a query plan, MIg
interleaves all three indexes in its physical layout, embedding the
shared sort order required by the query. As Section 4.1 will discuss,
TPC-H Q3 becomes a scan over MIg.

Summary of Section 3.2. Query patterns over complex application
objects (Section 2.1.3) naturally produce order-sharing pipelines:
multi-table joins reconstruct objects from normalized tables, while
aggregations compute complex-object summaries. Both schema
structure and these query patterns drive physical design; while
Section 3.1 addresses schema key shapes, this subsection focuses
on physically embedding their order-sharing pipelines.

4 Although TPC-H Q3 joins Lineitem and Orders only on orderkey, the plan joins them
on (custkey, orderkey); this is syntactically additional but logically equivalent,
because the foreign-key chain Lineitem — Orders — Customer makes 1_custkey
functionally determined by 1_orderkey, so propagating it into the join predicate adds
a constraint that is already implied. c.f. Section 2.1.2.



3.3 Cost and Implementation

Implementation. The primary implementation requirement for
merged indexes is support for a specialized record structure with
variable-size keys. Listing 1 sketches the record type for an Orders
entry inside Mlg, i.e., a Customer-Orders-Lineitem merged index,
illustrating how Table 3 maps onto a concrete implementation.

Listing 1: C++ implementation for the Orders record type
that can fold into a merged index.

struct orders_sec_by_custkey_t { // secondary index keyed on custkey
struct Key {
static constexpr int IDX_ID = 2;
int custkey;
int orderkey;
static void fold2COL(KeyBuilder& out, const Key& k) {
out << COLDomainTag::CUSTOMER << k.custkey
<< COLDomainTag::0RDERS << k.orderkey
<< COLDomainTag: : INDEX << IDX_ID;
} // Folds the key into the merged-index layout
¥
Timestamp o_orderdate;
int o_shippriority; // Payload: Q3-projected fields only
b

Target merged index: MIg (COL, short for Customer-Orders-Lineitem). f0ld2COL con-
verts each key to the layout required by the merged index. Full code (incl. endianness

handling) at this repository.

Beyond this, the implementation leverages existing components
of the storage backend, most importantly, sorting and indexing.
Other details, such as latching mechanisms, are also inherited di-
rectly. We implement merged indexes on two common storage back-
ends: a B-tree (LeanStore [33]) and an LSM-tree (RocksDB [16]). The
feasibility of building merged indexes on these widely used struc-
tures suggests a practical path for their integration into existing
relational database systems.

Space requirements. Compared with an entry in a traditional
index, only the domain tags and index identifier constitute the
storage overhead of an equivalent entry in a merged index. Since
a domain tag or an index identifier usually takes up no more than
one byte, the storage overhead is minimal, as supported by the
experiments.

Factorized tables [47] can also be seen as partially executed
queries that store join views in a space-efficient way. The focus of
merged indexes on sorting and interesting orderings represents a
difference in approach and scope. This approach allows a practical
implementation of merged indexes on top of ordered storage, which
may be a viable, scalable, and persistent representation of factorized
databases.

3.4 Design Space and Trade-offs

Indexing and storing views. While this paper focuses on merged
indexes storing (indexes of) tables, they can also store indexed
views, i.e., query results. For example, consider MIp for Figure 4.
Instead of storing a secondary index of the full Lineitem table, it
can store an aggregate view—the revenue of line items per order—
indexed on orderkey.> Supporting views in merged indexes pro-
vides a wider range of design choices, and this decision depends on

5Standard TPC-H puts GROUP BY after the join; eager aggregation lets this single-table
aggregate answer the query.
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the workload of the system. We implemented this variant for TPC-
H Q10 and evaluated the performance in Section 5.3. The merged
indexes in this paper create participating indexes only for base
tables or simple aggregate views, instead of complex views. The
full scope of storing views in merged indexes is left to future work.

Primary and secondary indexes. Both primary and secondary
indexes can participate in a merged index. One merged index can
even comprise the primary index and a secondary index of the
same table, such as the primary index of the Employee table (sorted
by employeeid) and its secondary index sorted by managerid. A
merged index might not store additional copies of the participating
indexes but rather replace their original storage. °

Included columns. A participating index includes all columns if
it is the primary index. Otherwise, a merged index should ideally
cover all columns required by all queries it serves, enabling index-
only retrieval and eliminating the need to access base tables during
query execution. This design choice follows the increasing use of
covering indexes in the industry, which reflects a broader trend
where the boundary between relational databases and key-value
stores continues to blur.

Backend choice; row and columnar storage. Merged indexes, simi-
lar to other ordered indexes, are primarily explored in the context
of row storage. We choose two row stores, LeanStore [33] and
RocksDB [16], as the backend. Yet technically, merged indexes are
not limited to row-oriented backends. The core requirements are (A)
variable-size keys and payloads, (B) an ordered iterator supporting
forward scans and seek-to-key, and (C) standard write operations.
Although row stores more commonly optimize for these opera-
tions, there are columnar stores that also fit these requirements.
Requirement A can be met in several ways. The composite, tagged
key fits into a single column of variable-length byte strings. The
payload is the harder part and has several feasible designs.” For
Requirement B, for example, Apache Kudu [35] stores data column-
wise but keeps each table sorted by its primary key and exposes a
row-oriented scan iterator.

Fundamentally, the design of merged indexes is independent of
any specific storage configuration—a major difference from previ-
ous clustering strategies, such as Spanner’s interleaved tables [12].
The clustering by merged indexes is built upon sort orders, and
any ordered storage structure may theoretically underlie a merged
index. However, different backends may deliver vastly divergent
performance, due to disparate cost profiles for the operations that
merged indexes rely on, such as incremental sorting, range scans,
and point reads. Our experiments show such divergences between

®This design is space-efficient and keeps maintenance minimal, but it incurs read
overhead when a query needs only a subset of the participating indexes, and write
overhead when an update touches only a subset. If this overhead matters for the
workload, a separate copy of a participating index can be stored. Merged indexes
are designed for join-heavy workloads in which multiple record types are accessed
together; they are not universally superior to traditional indexes.

"Three example strategies: (i) a wide union schema covering every source table’s
columns with NULL-padding for inapplicable fields—simple but wasteful; (ii) per-
source-table column groups co-located within the shared key order, so each record
writes only its own columns; (iii) a single variant column (e.g., a typed BLOB or
semi-structured value) carrying the type-specific payload.


https://github.com/alicia-lyu/leanstore/blob/calcite-integration/frontend/tpch/views_coli.hpp

B-trees and LSM-trees; we leave a columnar-backend implemen-
tation of merged indexes and an empirical comparison against
column-store baselines to future work.

Summary of Section 3. Merged indexes organize data into clusters
by interleaving records; these “record clusters” often represent in-
stances of complex application objects. This layout materializes
the interesting orderings that enable efficient joins and groupings.
These two aspects, database schema design and query patterns,
often coincide and drive the design of merged indexes. As opposed
to join views that represent denormalization at the logical level,
merged indexes move denormalization to the level of physical data-
base design. Merged indexes store each record in normal form,
offering benefits such as controlled redundancy. This structure lays
the foundation for the high-performance query execution tech-
niques discussed in the next section.

4 QUERY EXECUTION AND INDEX
MAINTENANCE—“DATA IN FLIGHT”

This section describes query execution over and maintenance of
merged indexes in three parts: execution of order-sharing pipelines
via a scan, execution of complex queries that embed such a pipeline,
and maintenance under data updates. This section eventually shows
that merged indexes are a form of partial pre-computation.

4.1 Multi-table Query Execution via a Scan

A multi-table order-sharing pipeline can be executed efficiently viaa
single-pass scan over an appropriate merged index. The algorithms
presume a cost-based query optimizer that can select appropriate
merged indexes and instantiate these plans when applicable.

4.1.1
operator of multi-table joins over a merged index functions as a
non-blocking iterator that processes the interleaved record stream
sequentially and produces joined results on the fly. Algorithm 1
shows a generic N-way join.

Multi-table join operator over a merged index. The execution

Algorithm 1 Multi-Table Join Operator over Merged Index (reused
for aggregation pipelines by replacing CARTESIANPRODUCT; see
Section 4.1.2).

State: iterator over a merged index I '; current key k « null; buffers of input
records B[1...n]; output queue Q
1: function NEXT

2:  if Q not empty then return Q.Pop()
3:  while 7 .HasNext() do
4 r « I .Next(); k’ « key(r)
5: if k¥’ # k and k # null then // key change
6: Q.PushAll(CartEesianPropucT(B))
7: fori «— 1tondo
8: if MaTcH(B[i].First(),r) < 0 then // Falling behind r’s sort range
9: Bli].Clear()  // Clear buffer that doesn’t match r or future records
10: k— k'
11: if Q not empty then return Q.Pop()
12: Bl r.source].Add(r)
13:  if any B not empty then
14: Q.PushAll(CartesianPropucT(B)); ClearAll(B)
15: if Q not empty then return Q.Pop()

return null

As the operator scans the interleaved records of the merged
index, it accumulates records matching the current join key into the
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respective index buffers. A change in the join key signifies the end
of a group or a subgroup (e.g., a customer group or an order group).
It triggers two actions: computing the Cartesian product of all non-
empty buffers and generating all joined results for the old join key.
A sort-order-aware MATcH function invalidates stale buffers that
“fall behind” the current sort range.® The cost is bounded by coarsest
groups, e.g., customer groups. Database practitioners should choose
the clustering strategies and bound the group size.

This process is analogous to a merge join over coordinated se-
quential scans of pre-sorted inputs. For joins over a small key range,
merged index saves over traditional merge joins on seek count and
read co-locality. For larger reads, the per-seek saving fades into the
scan cost, and the two approaches would converge if every byte of
the inputs had to be read. Realistic queries, however, often carry
a selective predicate on one or more inputs (e.g., the mktsegment
filter on Customer in TPC-H Q3). Both approaches skip on every
side upon a rejected join key—traditionally through a “zigzag merge
join” [19] and for a merged index through a “skip scan” that we
implemented. This way, a larger scan is effectively many smaller
scans “stitched” together, yielding similar savings on seek count
and read co-locality. The savings scale with the number of gaps
in the key range—typically, the more selective a predicate is, the
faster the merged index executes a join.

In addition, this algorithm flattens the join chain and requires no
join-order optimization within such a pipeline, potentially yielding
faster and easier query optimization. This is an advantage that
a merge-join chain does not have. Our ongoing work integrates
merged indexes into Apache Calcite [5], producing query plans
comprising merged index scans.

4.1.2  Execution of Multi-table Aggregation. The execution logic
for a pipeline with aggregation is very similar to Algorithm 1, with
the main difference in the output generation step. Specifically, the
CARTESIANPRODUCT function at Lines 6 and 14 in Algorithm 1 is
replaced with a query-specific function that computes the aggregate
from the buffered records. For TPC-H Q3, this function should
calculate the revenue from the line items per order and extend the
order summary row with customer information. The rest of the
logic, such as key change detection, remains the same. Alternatively,
if the merged index stores the aggregate view of order revenue as
suggested back in Section 3.4, this pipeline in TPC-H Q3 reduces
to a three-way join between Customer, Orders, and the aggregate
view.

Aside from grouping operators, ORDER BY and SELECT DISTINCT,
among many other SQL constructs, also have order-based execution
algorithms and are thus executable by merged indexes.

4.1.3 Limitations. Merged indexes are not optimal in every setting;
we note several limitations below. The co-locality benefits of merged
indexes depend on moderate sizes of “complex object instances”,
e.g., a customer object that can fit all their orders and invoices
within one B-tree leaf page. Small dimension tables (e.g., Region

8Matcu(B[i].First(), r) returns a negative value when the cursor at r has advanced
past the longest sort-key prefix that B[ i].First() and r share, meaning no future record
can match B[i].First() on its join columns and B[i] is safe to clear. Concretely, in
MI¢ (Customer-Orders-Lineitem-Invoice), an invoice and a lineitem share only the
custkey prefix; the invoice buffer is therefore cleared when custkey changes, not
when an intervening orderkey or invoicekey advances within the same customer.



or Nation) may not be the best root object, since their children
easily span GiBs of leaf pages, and most of the child records have to
resort to a random seek to retrieve the dimension record, essentially
voiding the co-locality benefits.

Our experiments show MI¢’s edge over the baselines is smaller
than MIp’s, presumably because the extra invoice records increase
the chances of spreading a customer object across pages. Yet, includ-
ing additional record types increases the combinatorial advantage
of merged indexes. For example, MI¢ covers all queries covered by
Ml and MIg. It is important that database practitioners strike a
balance between combinatorial advantage and co-locality. Since
practical workloads usually have a schema more complex than
TPC-H, it may not be wise to merge each and every table using a
shared key in one huge merged index. We recommend starting with
a modest number of tables that frequently join together, while the
exact number depends on schema, key value distribution, workload,
and backend configurations (e.g., the page size). See Section 5.6 for
additional workload-side trade-offs.

Summary of Section 4.1. Despite being logically multiple operators,
an order-sharing pipeline is executed through a (range) scan over an
appropriate merged index. This scan and record assembly constitute
the entire query-time effort.

4.2 Query Coverage

Merged indexes can support queries with various join multiplicities,
join types, and various aggregation functions. Functional depen-
dencies further broaden their query coverage. Essentially, their
relatively broad coverage comes from the minimal pre-processing,
as Section 4.5 will discuss.

Support for various join multiplicities and join types. Algorithm 1
supports both many-to-many and many-to-one joins, since each
buffer may contribute one or multiple records to the Cartesian
product. Customer-Orders-Lineitem in MIp is a hierarchical many-
to-one example, while Customer-Orders-Lineitem-Invoice in MI¢
matches multiple orders and invoices within a customer.” CARTE-
SIANPRODUCT in Algorithm 1 may be replaced with a function
specific to outer joins, semi joins, or anti joins, and all join types
can be executed within this single-pass scan.

Aggregation functions. Materialized views often only support
commutative aggregation functions (or “algebraic” [21] aggregation
functions) including COUNT, SUM, or AVG, because these aggregated
views can be easily maintained [40, 51]. In contrast, merged indexes
support relatively complex aggregations, such as MEDIAN. For exam-
ple, consider computing the median invoice amount per customer.
A merged index stores all invoices for each customer and, within
each customer cluster, sorts the invoices by their amounts at query
time. This is similar to how a traditional index of invoices sorted
by custkey also supports this query.

Such a many-to-many relationship is limited within the sort range of a customer. A
classic many-to-many relationship is, for example, Student and Course linked by an
Enrollment bridge table. A merged index keyed on studentid clusters each student
with their enrollments, while a second one keyed on coursenumber clusters each
course with its enrollments. A join between students and courses involves two disparate
sort orders and is technically no longer an order-sharing pipeline. We defer these
queries to future work.
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Utilizing functional dependency. Functional dependency recog-
nizes shared sort orders that may not be immediately obvious from
the key composition. It is a fundamental technique in query opti-
mization [56] that is also applicable to the design of merged indexes.
As shown by our running example, it allows the Lineitem table to
be indexed on custkey, thus sharing a sort order with the other
participating indexes in MIx, MIg, or MI¢c. Additional order shar-
ing brings about greater combinatorial advantage and greater query
coverage—for example, MI¢ can handle all pipelines requiring a
subset of the participating indexes, including those covered by MIa
and MIg.

4.3 Execution of Complex Queries

An order-sharing pipeline may be a subtree of a larger, more com-
plex plan. For example, the order-sharing pipeline of TPC-H Q3
is the subtree marked by the gray box in Figure 4. The trailing
LimitSort and projection sit outside the pipeline and run as the
system usually processes queries without merged indexes.

More generally, a complex query splits into operators that a
merged-index scan can execute and operators that it cannot. The
latter range from trivial post-pipeline steps (as in TPC-H Q3) to
anything that the existing system can process. For example, while a
rather similar Customer-Orders-Lineitem pipeline appears in TPC-
H Q5, its output is joined with three more tables, Supplier, Nation,
and Region.

We presume a query optimizer to correctly identify each order-
sharing pipeline, since interesting orderings have become standard
in modern relational databases. The missing gap is to convert such
an order-sharing plan to one based on a scan of the appropriate
merged index; our ongoing work will provide a prototype implemen-
tation to fill this gap. This pipeline identification is the core strategy
for generalizing merged indexes from two-table joins. It is also the
bridge to more complex queries, i.e., queries that comprise multiple
order-sharing pipelines, each with its own sort order—analogous
to multiple sets of interesting orderings in the plan. Ongoing work
investigates such complex queries and how to execute them with
multiple merged indexes.

4.4 Index Maintenance

For standard insertions, updates, or deletions of base table records,
the system simply updates the corresponding entry in the merged
index. Similar to the case of traditional indexes, this is a 1-to-1
operation: one table update triggers one index update. This 1-to-1
maintenance characteristic contrasts with materialized join views,
where a single base table update requires accessing other tables
and may generate multiple view updates (1-to-N).

Furthermore, physical clustering in merged indexes speeds up
updates to “relevant” records across several tables common in rela-
tional databases, such as TPC-H RF1 that inserts orders with their
line items. Clustering may benefit complex updates even more,
such as referential integrity checks and cascading deletes. The lat-
ter becomes a range-delete operation since child records are stored
within the sort range of the parent.

There are factors that may slow down maintenance of merged
indexes. Compared with traditional indexes, an equivalent merged
index stores more data in one storage structure and may incur a



higher access cost (e.g., longer tree traversal), but this slowdown
is not shown in experiments. Moreover, when only a subset of the
participating indexes is frequently updated, the other static indexes
may incur extra overhead, such as disrupting a range insert. If such
operations are frequent and the performance gain in queries cannot
justify the additional cost, systems may instead maintain traditional
indexes. Merged indexes are only an addition to relational databases
and do not seek to replace existing indexing techniques.

In summary, merged indexes offer comparable update perfor-
mance to traditional indexes and avoid the high maintenance over-
head of materialized views.

4.5 Spectrum of Pre-computation

A pipeline supported by a merged index may be an entire query
or a subtree. While the pre-computation spectrum described in
Section 2.2 applies to entire queries, a rather similar analysis applies
to query subtrees. The three strategies—traditional indexes, merged
indexes, and materialized views—apply to order-sharing pipelines
within a larger plan.

On one end of the spectrum, a materialized view stores the
fully computed output of the pipeline, e.g., the initial join result in
Figure 4. This intermediate view eliminates query-time work for
that pipeline but requires the final processing. A single base update
must undergo evaluation of this pipeline and generate the view
delta. This may result in numerous view updates (1-to-N).

On the other end of the spectrum, traditional indexes store the
inputs of this pipeline, e.g., Lineitem and Orders tables. All operators
in the pipeline, as well as the final processing of the pipeline output,
are evaluated at query time.

In the middle of the spectrum, a merged index stores the sources
of the pipeline, similar to traditional indexes, but it co-locates and
pre-sorts multiple types of records, so that the pipeline reduces to
a sequential scan and on-the-fly record assembly. At update time,
both traditional indexes and merged indexes exhibit a lightweight
1-to-1 maintenance cost, where one base table modification triggers
a single, corresponding index update.

Table 5: Three different approaches to distribute pipeline
processing between query time and update time.

Pipeline processing Query coverage

Materialized views  Primarily at update time This pipeline only

Traditional indexes ~ Primarily at query time Any pipeline

over indexed tables

Merged indexes ~ Update time: sort the delta;
query time: scan &

assemble joined records

Pipelines sharing the join
predicate(s) over any subset
of the indexed tables

Workload distribution also affects query coverage, as shown in
the last column of Table 5. The more of a pipeline’s computation is
shifted to update time, the more specialized the resulting structure
becomes, thus supporting a narrower range of pipelines. Traditional
indexes remain general-purpose, serving any pipeline over the
indexed tables, including index nested loop joins, merge joins, and
predicate evaluation. A materialized view, by storing the output
of one specific pipeline, is optimized for that pipeline but may not

3629

be able to serve many others.!® Again, merged indexes occupy the
middle ground: they serve any pipeline over a subset of their tables
that can utilize their sort orders. For example, MIc is useful for
both TPC-H Q3 and a binary join between Orders and Customer.
In summary, while all three approaches require the same amount
of query processing beyond the pipeline, they represent varying dis-
tributions of work between update time and query time within the
pipeline. Merged indexes partially pre-compute a pipeline by shift-
ing sorting and clustering to update time, leaving only scan-and-
assemble to query time. They avoid the excessive pre-processing
of materialized views, which produces structures useful for only
a narrow range of pipelines. Focused on order-sharing pipelines,
merged indexes are a principled form of partial pre-computation.

Summary of Section 4. The physical layout of merged indexes en-
ables multi-table query execution via a scan. By handling the sorting
and clustering of data at update time, this technique eliminates what
is often the most expensive component of query processing—sorting
or hashing—while avoiding the maintenance overhead associated
with materialized views. This confirms the merged index’s position
as partial pre-computation—the middle ground between traditional
indexes and materialized views.

5 EXPERIMENTS

This section evaluates multi-table merged indexes on TPC-H order-
sharing pipelines. We first state the three hypotheses the experi-
ments test and describe the workload and environment. Next, we
discuss query performance, maintenance overhead, and space re-
quirements. This section ends with divergences observed between
B-tree and LSM-tree backends and a summary of trade-offs.

5.1 Hypotheses

As a reminder, the research goal of this study is to investigate
the performance of multi-table merged indexes for order-sharing
pipelines. The context is the classic dilemma between query-time
computation (with traditional indexes) and pre-computation (i.e.,
materialized views). Table 6 breaks down this broad claim into
specific hypotheses that the experiments test.

Table 6: Experiment Hypotheses H1, H2, H3

Query Update Space
Performance  Performance efficiency
Query-time computation
with traditional indexes Moderate Fast High
Materialized views
with traditional IVM Fast Slow Low
...with DBToaster [1] Very Fast Extremely low
Multi-table merged Fast Fast High
indexes (H1) (H2) (H3)

Hypotheses tested: merged indexes closely approach the best baseline on query
performance (H1); match the best baselines on update performance (H2) and space
efficiency (H3).

10 A5 a practical example, widening one view to cover additional pipelines may be
prohibitive because join fan-out replicates every added payload column across all
joined rows; see Table 7 for details.



Notably, merge joins using pre-sorted inputs are already a strong
baseline, so even moderate gains over them are meaningful. Further-
more, a materialized view serves order-sharing pipelines directly
from pre-computed output and thus sets the practical upper bound
on query latency. Closely trailing this bound (H1) while preserving
update performance (H2) and space efficiency (H3) of traditional
indexes is the central claim for merged indexes.

5.2 Experiment Setup

Workload. We evaluate selected TPC-H queries [60] that consist
of an order-sharing pipeline; this set covers the query components
that this paper targets. Two pipeline shapes are evaluated, each
matched to a merged index from Table 4. For update performance,
we test the TPC-H refresh functions. Specifically, we evaluate—

(a) Q3, Q5, Q10: three standard TPC-H queries consisting of
a Customer—Orders-Lineitem pipeline (matched to MIg). (b) Q3i,
0Q5i, Q10i: TPC-H Q3, Q5, Q10 extended with an Invoice table
based on the schema in Figure 1. These Invoice-extended queries
include a Customer—Orders-Invoice-Lineitem pipeline (matched
to MIc). See https://github.com/alicia-lyu/vldb19-artifact for the
specification. (c) RF1, RF2: the standard TPC-H refresh functions,
which insert and delete order-lineitem groups, respectively. The
update size is set to 1 (no batching).

Baselines. Table 7 shows the three baselines, each defined by
a pair of a query-execution strategy and a corresponding storage
strategy. The experiments vary the query execution only of the
targeted order-sharing pipelines and keep everything beyond the
pipeline consistent across all approaches, e.g., all joins outside the
pipeline are either index nested loop joins or hash joins. The first
two baselines, BAse-HasH and BASE-MERGE, represent query-time
computation in Table 6, while the third baseline, MAT-VIEW, pre-
computes and materializes the pipeline output. Each secondary
structure stores the covering columns for the queries it serves.

Environment. Experiments run on a CloudLab c220g2 node. It has
two Intel Xeon E5-2660 v3 CPUs at 2.60 GHz and 160 GB of DDR4
memory. For storage, it has an Intel DC S3500 480 GB SATA SSD
and two 1.2 TB 10K RPM SAS HDDs. Results use the SSD by default;
HDD results are reported where explicitly noted. The primary eval-
uation targets a beyond-memory workload!!: the engine DRAM
budget is fixed at 1.0 GiB with the OS page cache bypassed. Results
for other memory budgets are reported where informative. The
experiments run on two storage engines, LeanStore (B-tree) [33]
and RocksDB (LSM-tree) [16], with specific configurations reported
in https://github.com/alicia-lyu/vldb19-artifact.

Each measured query (e.g., Q3) runs against four background
threads. Three execute TPCH queries (Q3, Q5, Q10 or Q3i, Q5i,
Q10i) using the same storage option as the foreground query'?;
another issues a uniform-random point-lookup stream over all base
tables. Queries are measured over five repetitions with rotating

Pper-backend scale factor chosen so both base images reach a similar on-disk footprint
(~ 8.6 GiB for B-tree, ~ 7.9 GiB for LSM-tree). RocksDB packs ~ 2.7X denser than
LeanStore (LSM compaction vs. half-empty B-tree pages). All structures within a
backend share one SF/DRAM pair; absolute numbers are not compared across backends.
2010/Q10i with MAT-VIEW, when running only as a background query, use the
partially aggregated variant (see Section 5.3). The naive view for Q10 would thrash
the buffer pool, and the foreground query would heavily regress.
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Table 7: Four Approaches! to Q3, Q5, and Q10?, in terms
of storage strategies and physical execution. The four ap-
proaches to Q3i, Q5i, and Q10i mirror these designs, e.g., MERGED-
Ipx requires MIc only.

Label  Physical Execution  Extra Storage DB Size?
of the Pipelines structures (GiB)
Base-Hasa  Hash-based None 8.57
BASE-MERGE ~ Order-based Secondary indexes equi- 10.81
(e.g., merge joins) valent to MIg, as pre-sorted
inputs
MAT-VIEW  Pre-computed Materialized views, one for 31.48%
and materialized each query®
MEeRrGED-IDx  Order-based MIg 11.06

! MaT-VIEW: a parameter-reusable indexed view, not a per-query result cache. The
latter would dominate any index on query performance, but is infeasible across the
substitution parameters that TPC-H (and most analytic workloads) require.

2 Total DB Size is the LeanStore (B-tree) on-disk footprint in GiB. Each value is the
size of one image jointly supporting all three queries, Q3, Q5, and Q10; the two
families (TPCH and TPCHi) live in separate images.

35In theory, one materialized view suffices, i.e., the three-way join of MIg, but
the performance turned out to be prohibitive. Since a merged index stores each
record once, widening its payload to cover additional queries costs proportionally; a
materialized view replicates each row by its join fan-out, so adding payload columns
for better query coverage turned out to inflate the view disproportionately.

4 This number counts the naive 16.88 GiB three-way join for Q10; using the partially
aggregated view instead (see Section 5.3) lowers it to 15.84 GiB.

substitution parameters. We report the median and IQR of per-
query latency. Update throughput is measured at a steady RF1+RF2
rate after a warm-up phase.

5.3 Query Performance

Across both backends, query latency of Q3, Q3i, Q5, and Q5i (Fig-
ure 5) shows a general trend: BASE-HAsH > BASE-MERGE > MAT-
ViEw. In this order, each approach invests more pre-processing and,
in return, delivers faster queries. Q10 and Q10i depart from this
pattern, as discussed separately below.

Across Q3, Q3i, Q5, and Q5i, MERGED-IDX closely trails MAT-
ViEw—and on several queries matches or surpasses it—while it beats
the other two baselines. We believe the reason is that MERGED-IDX
has a smaller working set (MIg) than MAT-VIEW (a view per query).
The one regime where MERGED-IDX trails MAT-VIEW by a non-
negligible margin is the Invoice-extended queries on LSM-trees,
where MERGED-IDX runs at roughly 1.6X the latency of MAT-VIEW,
as Section 5.5 further analyzes.

Q10 and Q10i deviate from the general pattern, as shown in
Figure 6, primarily in that MAT-VIEW performs poorly. The naive
MAT-VIEW stores the full three-way join between Customer, Orders,
and Lineitem, especially replicating c_comment (max. 117 bytes),
incurring space and scan overhead.!3> A common optimization, par-
tial pre-aggregation, mitigates this, as shown in Figure 6. However,
this optimization also applies to MERGED-IDX and achieves even
better query performance.'*

Comparing each TPC-H query with its Invoice-extended version,
MERGED-IDX loses its edge in the latter. As more records are clus-
tered under the sort range of one customer, we believe the locality

I3TPC-H Q10 aggregates “lost revenue” from returned items per customer over a given
quarter. orderdate is a substitution parameter, so per-customer pre-aggregation is
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Figure 5: Query latency for TPC-H Q3, Q5, and their Invoice-
extended variants Q3i, Q5i, across the four approaches.

Lower is better. The color bars show the median, while the whiskers span the interquar-
tile range (Q1, Q3) over 5 repetitions. Clipped BAse-HaAsH bars exceed the y-axis range;
the orange number above each marks their median latency (seconds). Q10/Q10i: see
Figure 6.
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Figure 6: Query latency for Q10 and Q10i, with the partial-
aggregation variants of MAT-VIEwW and MERGED-IDX.

Lower is better; y-axis is log-scaled. Partial pre-aggregation shrinks the merged index
enough that its working set fits in memory; LeanStore is optimized for this workload,
explaining the strong performance of partial-agg MERGED-IDX on B-trees.

benefit of MERGED-IDX wanes, e.g., the records of one customer may
scatter across multiple B-tree leaf pages, as detailed in Section 4.1.3.

Summary. MERGED-IDX closely trails MAT-VIEw—and on several
queries matches or surpasses it—while it beats the other two base-
lines. This confirms H1.

5.4 Maintenance Overhead and Space
Requirements

Index maintenance overhead under TPC-H refresh functions. On
B-trees, MERGED-IDx processes the TPC-H refresh functions at
roughly 1.4x the throughput of the traditional indexes used by
BASE-MERGE, and much faster than MAT-VIEW, as shown in the left
part of Figure 7. Beyond the default 1 GiB memory budget, we also
evaluate a 20 GiB budget, the minimum required for DBToaster to
run. DBToaster provides a performance gain around a factor of 2 at
the expense of a memory footprint an order of magnitude larger.

not possible; MAT-VIEW thus stores a naive three-way join, amounting to a 16.88 GiB
view.

14The “partial-agg” variants pre-aggregate per order rather than per customer: the
merged index stores customer records, order records, and per-order lost revenue; the
view stores their join. At query time, partial aggregates are filtered by orderdate,
then the revenue of surviving orders is summed per customer.
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Figure 7: Maintenance overhead measured by latency of TPC-
H refresh functions (B-tree backend).

Lower is better. RF pair = TPC-H RF1+RF2. DBToaster: Out-Of-Memory at 1 GiB.
Backend: LeanStore (except DBToaster, which uses its own indexing format). The 20
GiB DRAM runs do not use background threads, to stay consistent with DBToaster.
Base-HasH maintains no secondary structure, so it is not a meaningful baseline for
H2. Its updates run at ~ 2.7X and ~ 0.93X the latency of BASE-MERGE, on B-trees
and LSM-trees, respectively. the LSM compaction path absorbs much of the secondary-
maintenance cost but penalizes random access with which background queries retrieve
the build-side rows on hash hit (see SST-read and background-compaction breakdown
available at https://github.com/alicia-lyu/vldb19-artifact).

Figure 8 further shows that MERGED-IDX can offer an update
latency even lower than BASE-MERGE. Because MERGED-IDX clusters
an order with its line items, it runs RF1/RF2 even more efficiently
than BASE-MERGE, especially given a tight memory budget using the
B-tree backend. On LSM-trees, it no longer leads but still matches
BASE-MERGE, as discussed in Section 5.5.

BEA 0.2GiB DRAM
LSM-trees

N 1.0GiB DRAM
B-trees

EZA 0.5GiB DRAM

BASE-MERGE MaT-View MERGED-IDX BASE-MERGE Mar-View MERGED-IDX

Figure 8: Maintenance overhead measured by latency of TPC-
H refresh functions across the B-tree and LSM-tree backends.

Lower is better. RF pair = TPC-H RF1+RF2. MERGED-IDX leads on B-trees and matches
BASE-MERGE on LSM-trees.

Space requirements. Merged indexes occupy slightly more disk
space than traditional secondary indexes, as shown in Table 7.
MIp occupies 2.49 GiB, whereas the equivalent secondary indexes
require 2.23 GiB.

Compared with MAT-VIEW, MERGED-IDX offers much greater
space efficiency. First, with the B-tree format, MIp (2.49 GiB) is
smaller than the materialized view for Q3 (2.83 GiB) and for Q5
(3.20 GiB). For Q10, the partial-aggregation variant adds 0.29 GiB on
top of MIp, while the equivalent view consumes 1.24 GiB. Second
and more importantly, MIp is shared across Q3 and Q5 and may
also be used by Q10, whereas MAT-VIEW must create one view for
each query. The views amount to 7.26 GiB in total across the three
family queries, even after replacing the Q10 join view with the
partially aggregated variant.

Summary. The experiments confirm both H2 and H3: MERGED-
Ipx matches the best baselines on update performance and space
efficiency.

5.5 B-Trees vs. LSM-Trees

While all three hypotheses largely hold on both backends, the
following divergences are observed:



LSM-trees shrink MAT-VIEW disproportionately. Compared with
MERGED-IDX, MAT-VIEW materializes fewer but wider rows, and
neighboring rows share longer key prefixes. LSM-tree’s prefix trun-
cation likely exploits this difference and shrinks each view on disk.
On RocksDB, MIp occupies 1.81 GiB while the materialized views
for Q3 and Q5 require only 1.74 GiB and 1.68 GiB, inverting the
LeanStore order. MERGED-IDX still requires less space in total than
MAT-VIEW because MIp is shared across queries.

LSM-trees improve the query performance of MAT-VIEW dispro-
portionately. The bespoke storage-layout properties also accelerate
scans for MAT-VIEW: fewer but wider rows reduce per-record pro-
cessing overhead along the LSM-tree scan path. On the contrary,
MERGED-IDX stores many narrower rows and incurs higher per-
record processing overhead.

The Invoice-extended queries fold one additional table (Invoice)
into the merged index, add to the narrow records for MERGED-IDX,
and widen the joined records for MAT-VIEW; this is likely what
widens the gap in query performance on LSM-trees, as noted in Sec-
tion 5.3. Interestingly, this LSM-specific gain of MAT-VIEW vanishes
on HDD (results available at https://github.com/alicia-lyu/vldb19-
artifact), perhaps because the IO cost of HDDs dominates the com-
parison and dwarfs this processing overhead.

Maintenance overhead of LSM-tree indexes and B-tree indexes. Fig-
ure 8 shows that, on LSM-trees, MERGED-IDX no longer leads but still
matches BASE-MERGE. MIp is the largest storage structure across
four approaches; this is likely why MERGED-IDX takes the longest to
compact (SST-read and background-compaction breakdown avail-
able at https://github.com/alicia-lyu/vldb19-artifact). While H2
holds for both backends, MERGED-IDx takes relatively longer to
maintain.

Summary. While all three hypotheses still hold on LSM-trees, B-
trees favor MERGED-IDX in multiple aspects and yield its largest
advantage.

5.6 Trade-offs of Merged Indexes

The experiments focus on the target workload of order-sharing
pipelines. For other workloads, merged indexes may not be the
optimal choice; see also Section 4.1.3 for query-shape limitations.
In addition, merged indexes are optimized for workloads where
queries utilize the full set of interleaved tables or a large subset.
Other query patterns, such as those accessing a subset of the tables
(e.g., accessing only customer entries in a Customer-Order-Invoice
index), entail read overhead due to the traversal of interleaved data,
even though merged indexes support such queries. If such queries
are common, a system may choose to maintain additional indexes
on individual tables, but this comes at the cost of increased space
and update overhead. Ultimately, merged indexes are designed for
join-heavy workloads where multiple tables are accessed together.
Additionally, because a merged index captures the outer join re-
sult, executing inner joins requires filtering non-matching records.
This overhead is most pronounced in low-selectivity inner joins
where few input rows yield matches. Our previous work provided
experiment results setting different levels of join selectivity for
two-table joins, showing that merged indexes underperform mate-
rialized views at low selectivity [37]. Future research may address
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this by partitioning merged indexes to concentrate inner join can-
didates. Conversely, merged indexes can efficiently support outer
joins while materialized inner joins cannot.

Crucially, merged indexes are an addition to classic relational
database systems. All existing and robustly tested techniques, such
as hash joins, traditional indexes, and traditional materialized views,
remain available for workloads that do not fit the target patterns of
merged indexes.

6 CONCLUSION

Relational database systems often face a trade-off between efficient
frequent updates and complex, multi-table queries. Existing ap-
proaches often force a compromise: materialized views optimize
query performance at the expense of update performance and stor-
age, and vice versa for traditional query-time joins. This paper
focuses on order-sharing pipelines, i.e., multi-way joins and group-
ing operations that can share a sort order, which can be complete
queries or parts of more complex queries. This paper revives the
concept of interesting orderings [55] and recognizes the pattern of
shared sort orders in such pipelines, so that a single-pass scan of a
merged index can support multiple joins and grouping operations.
This technique breaks the trade-off between materialized views
and traditional query-time computation, offering fast queries, fast
updates, and high space efficiency. This paper provides two practi-
cal implementations of multi-table merged indexes, utilizing two
ordered storage structures, B-trees and LSM-trees, respectively.

While merged indexes might seem to violate relational principles,
merged indexes exist only at the physical level and, due to physical
data independence, cannot violate any logical database design. In
fact, materialized join views represent logical denormalization, vi-
olate the relational principle of normal forms, and forgo benefits
such as controlled redundancy. In contrast, merged indexes move
denormalization from logical database design to physical database
design, keeping to relational principles at the logical level.

Merged indexes are a form of partial pre-computation that shifts
sorting and clustering to update time. At query time, the system per-
forms only a sequential range scan over a merged index and record
assembly, eliminating the need for sorting or hashing. Focusing on
order-sharing pipelines, merged indexes are a principled approach
to partial pre-computation.

Future work on complex queries will use order-sharing pipelines
as building blocks. While a significant portion of standard work-
loads [32, 60] includes order-sharing pipelines, complex queries can
require multiple pipelines, each with a different sort order. Ongoing
work studies the application of merged indexes in such complex
queries.
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