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ABSTRACT
Analytic data systems typically use data layouts to improve the
performance of scanning and filtering data. Common data layout
techniques include single-column sort keys, compound sort keys,
andmore complexmultidimensional data layouts suchas theZ-order.
An appropriately-selected data layout over a table, in combination
with metadata such as zone maps, enables the system to skip irrele-
vant data blockswhen scanning the table, which reduces the amount
of data scanned and improves query performance.

In this paper, we introduce Multidimensional Data Layouts
(MDDL), a new data layout technique which outperforms existing
data layout techniques for query workloads with repetitive scan
filters. Unlike existing data layout approaches, which typically sort
tables based on columns, MDDL sorts tables based on a collection
of predicates, which enables a much higher degree of specialization
to the user’s workload. We additionally introduce an algorithm
for automatically learning the best MDDL for each table based on
telemetry collected from the historical workload. We implemented
MDDLwithin Amazon Redshift. Benchmarks on internal datasets
and workloads show that MDDL achieves up to 85% reduction in
end-to-endworkload runtime compared to using traditional column-
based data layout techniques.MDDL is, to the best of our knowledge,
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the first data layout technique in a commercial product that sorts
based on predicates and automatically learns the best predicates.
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1 INTRODUCTION
Analytic data systems support workloads which typically scan and
filter large amounts of data. Therefore, one important method for
improving performance is to minimize the amount of data accessed
during the scan step. There are generally two approaches to reduc-
ing data access for relational database systems. The first is to use
columnar storage so that only the relevant columns for each query
are accessed. The second is to use an appropriate data layout so that
only the relevant rows for each query are accessed.
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(a) Single-column sort key over
columnA.

(b) Highlighted blocks scanned
when executing Listing 1.

Figure 1: Example of using a single-column sort key.

Listing 1: Example query
SELECT avg(colA) FROM T
WHERE colC ILIKE '%black%'

Listing 2: Example query rewritten to useMDDL
SELECT avg(colA) FROM T
WHERE mddl_col IN (2, 3)

The predominant data layout technique in analytic data systems
is to use a sort key (also known as a partitioning key or clustering
key) to sort and cluster rows into horizontal partitions, also known
as data blocks. Metadata is then constructed and stored for each
block, which enables the execution engine to skip irrelevant blocks
during query processing. One common form of metadata is to store
the minimum and maximum values in each column for the block,
oftenknownas a zonemap [3, 9] or smallmaterialized aggregate [23].
During query execution, the system uses the zone map for each data
block toquicklydetermine if any row in theblock couldbe relevant to
the query, i.e., if any rowwould satisfy the scan filter. If not, then the
entire block is skipped. For instance, assume a scan predicate colA
> 42 and a data block of colAwith min = 10 and max = 20. Clearly,
this block cannot contain any tuple that satisfies the predicate, so
it can be safely skipped. Reducing the number of blocks and rows
scanned can substantially improve overall query performance.

The choice of sort key—and more generally the data layout tech-
nique overall—has a significant impact on the effectiveness of block
skipping. Almost all data systems support a single-column sort key,
whichworkswell if there is one dominant column that is filtered over
in theworkload. However, this is not as effective if there aremultiple
columns that are filtered over. In that case, some systems support
compound sort keys (i.e., sort by a series of columns in sequence) or
Z-order sorting (i.e., sort by a collection of columns simultaneously,
also known as interleaved sort key). However, even these sort orders
may fail to specialize to the user’s workload.

Fundamentally, a data layout’s purpose is to divide the data in
such a way that for a given query with a scan filter, the relevant data
blocks are physically separated from the irrelevant ones. Sorting by a
column or a collection of columns is a coarse-grainedway to achieve
that. Themost direct way is to separate the data based onwhether or
not they qualify for the expected filters. This is especially effective
for workloads with repetitive filter predicates, so that the filters seen
in the past are indicative of those that will be seen in the future.

An Illustrative Example. Fig. 1 introduces a running example,
which we use throughout the remainder of this paper. Assume a

(a) Sorting by MDDL with two
predicates (colA > colB and colC
ILIKE ’%black%’) results in four
distinct regions.

(b) Highlighted blocks are read
when executing Listing 1, which
is internally rewritten into
Listing 2.

Figure 2: For a workload that consists of queries that
frequently filter by the same predicates (colA > colB and colC
ILIKE ’%black%’), using MDDL results in much fewer rows
and blocks scanned compared to column-based sort keys.

table Twith three columns, as shown in Fig. 1a. T is sorted by column
colA and is stored in columnar format. Data blocks are denoted by
bold black lines (Fig. 1b). Different columns may contain different
numbers of rows in a data block depending on the column’s data
type and encoding. Imagine that scans over T almost always contain
at least one of these two filter predicates: colA > colB and colC
ILIKE ‘%black%’. Neither of these filters can take advantage of
sort keys or zone maps. For example, if the user issues the query in
Listing 1 then even ifwe sorted the table by colC, wewould still need
to read all blocks from colC, becausewe cannot determinewhether a
colC block contains a value like ‘%black%’ based only on per-block
min/max statistics. As a result, this query scans many blocks during
execution; specifically, in Fig. 1b,we read all predicate column (colC)
blocks in green and all payload column (colA) blocks in orange.

To improve scans over this table, we first define a multidimen-
sional sort function which takes a row and returns a number:
if ( colC ILIKE '%black%' AND colA > colB) return 3
if ( colC ILIKE '%black%' AND NOT colA > colB) return 2
if (NOT colC ILIKE '%black%' AND colA > colB) return 1
if (NOT colC ILIKE '%black%' AND NOT colA > colB) return 0

Note that this can be expressed more concisely in SQL as
case when colC ILIKE '%black%' then 2 else 0 end +
case when colA > colB then 1 else 0 end

Using this function, we canmap each row of T to a value between
0 and 3. We materialize these values in a new column mddl_col and
set it as the new sort key (Fig. 2a). Now if the user issues the same
query as before (Listing 1), we know based on the sort function defi-
nition that any rows satisfying the filter can only have an mddl_col
value of 2 or 3, so we can rewrite the scan filter to the equivalent
WHERE mddl_col IN (2, 3) AND colC ILIKE ‘%black%’. This
injected filter allows us to skip blocks over the mddl_col column
via min/max pruning and therefore reduce the number of rows to
scan. In fact, we can do even better: since mddl_col IN (2, 3) is
semantically equivalent to colC ILIKE ‘%black%’, we can remove
the latter predicate altogether. We have essentially rewritten the
query in Listing 1 into the equivalent query in Listing 2.

Applying this multidimensional sort function, which we call a
multidimensional data layout (MDDL), results in much better per-
formance for this query: firstly, we can now skip blocks based on
mddl_col. Secondly, we avoid scanning colC altogether, which not
only reduces I/O but also avoids evaluating an expensive string
regex predicate. Thirdly, we read fewer blocks of colA, since rele-
vant values are now co-located in the same block. In Fig. 2b, we
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read all predicate blocks in green and all payload blocks in or-
ange, which is much less than the number of blocks we needed
to read for executing the same query under a single-column sort key
(Fig. 1b).

We implement MDDL inside Amazon Redshift, AWS’s cloud data
warehouse product.MDDL is a completely automated feature,which
means that Redshift decides when and how to apply MDDL to user
tables, as long as users have not already explicitly chosen a sort key.
Benchmarks on internal datasets and workloads show that MDDL
achieves up to 85% reduction in end-to-endworkload runtime andup
to 100× faster performance on individual queries, compared to tradi-
tional column-based data layouts such as single-column, compound,
and interleaved sort keys.MDDL is, to the best of our knowledge, the
first data layout technique in a commercial product that sorts based
on predicates and automatically learns the most effective predicates.
MDDL has now been released to customers in Public Preview1 and
will be rolled out in general availability in the coming months.

In the remainder of this paper, we provide background (Section 2),
give an overview of MDDL (Section 3), describe howMDDL is phys-
ically constructed, maintained, and used on a table (Section 4), de-
scribe the algorithm for automatically selecting MDDL (Section 5),
present an experimental evaluation (Section 6), discuss design de-
cisions and future directions (Section 7), and conclude (Section 8).

2 BACKGROUND
MDDL is an automated data layout technique implemented in Ama-
zon Redshift. This section provides the background for existing data
layout techniques, automation for data layouts, and Redshift itself.

2.1 Data layouts
Inmodern analytic systems, the physical data layout of a table is typi-
cally based on a sort column (e.g., sort all records by their value in the
timestamp column, then partition contiguous records into blocks) or
more complexmulti-column sort orders such asZ-order [8, 31].How-
ever, single-column sort orders are less useful when the workload
filters on multiple different columns, and manually tuning multi-
column sort orders is laborious and error-prone.

Amazon Redshift and Databricks offer the ability to automati-
cally select the best column-based data layout and evolve the lay-
out over time [5, 14], but neither supports predicate-based layouts.
Snowflake and Oracle support clustering or indexing based on pred-
icates [7, 10], but neither supports automatic predicate selection. In
contrast, MDDL is an automated predicate-based data layout.

Instance-optimized data layouts [21, 22, 24, 27, 28, 30] are tech-
niques that aim to automatically generatemore complex data layouts
that are highly specialized to a particular dataset and workload. For
example, Flood [24] automatically produces fine-grained grid-based
data layouts that are specialized for data stored in memory, and
qd-tree [30] automatically produces coarse-grained tree-based data
layouts that are specialized for data stored on disk or on remote cloud
storage. MDDL takes inspiration from these techniques.

1https://aws.amazon.com/blogs/big-data/improve-performance-of-workloads-
containing-repetitive-scan-filters-with-multidimensional-data-layout-sort-keys-in-
amazon-redshift/

2.2 Amazon Redshift
Amazon Redshift [17] is AWS’s cloud data warehouse. Each Redshift
cluster uses an MPP execution engine spread across multiple EC2
nodes. Data is persisted on S3 and is cached on the local disk of EC2
nodes for faster access. Redshift uses columnar storage. It stores the
data of each column in data blocks (in compressed form), and uses
a fixed size of 1MB per data block, therefore data blocks of different
columns are not horizontally aligned. This is in contrast to the PAX-
style [16] partitions of other analytic systems such as Snowflake
and Azure Synapse Analytics [11, 12], in which each column of the
partition has the same number of rows.

Redshift maintains min/max values per data block. These are es-
pecially helpful for early pruning of blocks whose [min,max] range
does not overlap with the predicate range of a filter column.When
executing scans, Redshift uses this metadata to construct row ranges
for each column that need to be scanned, based on the column fil-
ters. If there are filters over multiple columns, the row ranges are
intersected (or unioned in the case of OR) to construct an overall set
of row ranges. Then, only data blocks across relevant columns that
intersect any row range are scanned.

Redshift uses SIMD-vectorized scan execution with late materi-
alization: the query predicates are ordered in decreasing order of
estimated selectivity, so that themost selective predicate is evaluated
first. Redshift executes each predicate sequentially, maintaining a
bitvector that represents the rows that have qualified for all predi-
cates so far. Finally, this bitvector is used to decide which blocks or
rows to read from the payload columns, i.e., the columns used for
downstream operations.

2.2.1 Automation in Redshift. Redshift automates many decisions
that database administrators would traditionally need to make man-
ually. In particular, Redshift Advisor [2] is a component that makes
performance-related recommendations about a table’s physical de-
sign, such as changes in sort key, distribution key [25], and column
encoding (compression). These recommendations are continuously
re-evaluated in case of workload changes. Unless the user has made
explicit choices, Automatic Table Optimization [14] applies these
recommended changes in the background on behalf of the users.
In terms of sort keys, Advisor currently only recommends single-
column sort keys. With the addition of MDDL, we integrate with
Advisor so that it not only recommends MDDL, but it also intelli-
gently chooses between the two for each table.

Redshift also offers Automatic Table Sort [4], which uses back-
ground tasks to gradually sort a table by its sort key, focusing only
on the parts of the table that would improve performance if sorted
(e.g., data blocks that are never scanned anyway do not need to be
sorted). This capability is scheduled to minimize impact on user’s
workload and yields if resources become scarce [26]. When Redshift
Advisor changes a table’s sort key, the table is not immediately re-
sorted, but rather relies on Automatic Table Sort to perform the sort
incrementally.

3 MDDLOVERVIEW
This section, provides a high-level overview ofMDDL, including our
design principles, and its strengths and weaknesses. Fig. 3 illustrates
the overall life cycle of MDDL:

https://aws.amazon.com/blogs/big-data/improve-performance-of-workloads-containing-repetitive-scan-filters-with-multidimensional-data-layout-sort-keys-in-amazon-redshift/
https://aws.amazon.com/blogs/big-data/improve-performance-of-workloads-containing-repetitive-scan-filters-with-multidimensional-data-layout-sort-keys-in-amazon-redshift/
https://aws.amazon.com/blogs/big-data/improve-performance-of-workloads-containing-repetitive-scan-filters-with-multidimensional-data-layout-sort-keys-in-amazon-redshift/
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Figure 3: The life cycle ofMDDL on a given table.

(1) Redshift Advisor uses historical telemetry to decidewhich tables
should get MDDL, and if so, which predicates to use in MDDL
(Section 5).

(2) MDDL is a new physical column in the table, and the predicate
definitions are stored in the catalog (Section 4.1).

(3) As part of Automatic Table Optimization (ATO), a background
worker receives recommendations from Redshift Advisor and
creates the MDDL column in the background. Initially, the col-
umn is populated with default values (Section 4.3).

(4) Any inserts and updates into the table will automatically com-
pute the MDDL column values for the new rows (Section 4.4).

(5) Queries with scan filters that match with the MDDL predicates
will automatically use the MDDL column to accelerate the scan
(Section 4.2).

(6) Background tasks will gradually compute any missingMDDL
column values and sort the table by theMDDL column over time
(Section 4.3).

(7) (Not shown in Fig. 3) The MDDL column may eventually be
dropped from the table, because either the user or Advisor de-
cides to set a different sort key (Section 4.5).

Note that a table does not need to be fully sorted in order to benefit
fromMDDL (see Section 4.3).

3.1 Design Principles
We followed several design principles while implementing MDDL.

Make data-driven design decisions. Before designing MDDL,
we performed fleet-wide analysis to make quantifiable decisions
about the most impactful ways to improve performance through
data layouts.We found that filter predicates are highly repetitive, and
that in over 50% of customer clusters, over 80% of scan filters repeat
exactly. As a result, in MDDL we decided to focus on exact match of
predicates, unlike existing work on instance-optimized data layouts
that typically targets predicate intersection and subsumption (see
Section 2.1). Although restricting ourselves to exactmatchmay seem
like a missed opportunity, we decided it was appropriate given the
statistics we collected; we designed MDDL in such a way that we
can extend its capabilities to inexact match in the future, if desired.

Minimize impact on customer workloads. Creation and main-
tenance of MDDL should impact customer workload performance
as little as possible. Therefore, the MDDL design relies as much as
possible on background tasks formaintenance operations, which are
scheduled when there is least impact to the customer’s workload.

Play nice with other components. Redshift is a complex system
with many existing components. We designed MDDL to interact
nicely with them, and also to build on top of components such as the
background task scheduler and Automatic Table Sort where appro-
priate. See Section 7.2 for a discussion of MDDL’s interaction with
non-data-layout components.

3.2 Strengths and Limitations
Compared to data layout techniques that rely on column-based
sorting, such as single-column sort keys, compound sort keys, and
interleaved sort keys, MDDL is able to highly specialize to the user’s
workload by sorting directly on important frequently-occurring
predicates. Many scan filters contain predicates that cannot take
advantage of block skipping via zone maps (e.g., the predicates in
Fig. 2), but thosepredicatescanbeused toskipblocks ifused inMDDL.
Another subtle but impactful strength is that unlike column-based
sorting, which enforces a natural order (e.g., alphanumeric order)
over column values, MDDL can use predicates to sort on any arbi-
trary order. In particular, Redshift does not allow sorting on columns
with semistructured data like JSON [13] and spatial data [18] be-
cause there is no natural sort order. However, with MDDLwe can
sort based on predicates over semistructured and geographic data.

One limitationofMDDL is that it onlyusespredicates over a single
table. It does not use join predicates, or join-induced predicates [21].
As a result, it is not as effective on workloads in which scans on
large tables can benefit from laying out data based on predicates
from smaller tables, such as in TPC-DS. Naturally, MDDL cannot
use predicates that are nondeterministic, i.e., whose output might
change on each invocation. For example, it skips predicates that use
mutable functions such as RANDOM().
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4 MDDL LIFE CYCLE
In this section, we provide details about the MDDL life cycle after
it has been recommended by Redshift Advisor.

4.1 Storage
A table that uses MDDL as its data layout incurs storage overhead
in two places: in an additional column in the table itself and in some
further metadata in the catalog.

4.1.1 MDDL Column. Tables that use MDDL have an additional
column, which we refer to as the MDDL column. This column is hid-
den from users: it is not returned for SELECT * queries, it cannot be
read explicitlywith SELECT mddl_col, users cannot explicitly insert,
delete, or update values in the column, and users cannot alter other
column properties such as its encoding style. Instead, Redshift man-
ages setting column entries to the appropriate values (Section 4.4)
and usage of the column for accelerating scans (Section 4.2) behind
the scenes.

The MDDL column has an integer data type and each column
value is interpreted as a bitmap. Each bit position (except for the
most significant bit) is potentially associated with a predicate, and
the bit’s value represents whether that predicate is satisfied on the
associated row of the table. The width of the integer data type there-
fore determines the maximum number of predicates that the MDDL
can use (e.g., an MDDL column with 4-byte integer data type sup-
ports up to 31 predicates). Some bit positionsmight not be associated
with a predicate, either because we purposefully decided to include
fewer predicates in the MDDL than the maximum (see Section 5) or
because the bit position was originally associated with a predicate
but the predicate was subsequently invalidated (see Section 4.1.2).

The most significant bit of each MDDL column value is set to 0
if and only if the bits in all other positions have been properly set
according to their associated predicates (bit positions that are not
associated with any predicate do not matter). Therefore, a negative
MDDL column value (i.e., an integer with its most significant bit set
to 1) is a temporary value which represents that the correct value
has not yet been computed. Such uncomputed values arise when first
creating the MDDL column (see Section 4.3) and in other edge cases
(see Section 4.4). MDDL column values may transition from uncom-
puted to computed (Section 4.3), but once an MDDL column value is
computed, it never becomes uncomputed (Section 4.4). We decided
to encode computedness in the most significant bit instead of using
NULL to denote uncomputed values because non-nullable columns
have better performance than nullable columns. In fact, values with
themost significant bit set representmultiple rowswithuncomputed
MDDL, as the remaining bits are used as a counter for run length en-
coding. Thuswe can encode sequences of uncomputedMDDLvalues
trivially and also skip them instantly during scans (see Section 4.2).

4.1.2 MDDL in the Catalog. We store the MDDL’s definition in the
catalog. It consistsof (1) thedefinitionsof thepredicates that compose
theMDDL, in text form, and (2) the bit position that each predicate is
associated with. The catalog acts as the single source of truth about
the MDDL definition. Over time, some predicates may become in-
valid. For example, one of the predicatesmay reference a column that
is subsequently dropped from the table, and therefore the predicate
becomes semantically meaningless. Redshift detects such cases and

Figure 4: Filters use per-block zonemaps to determine the row
range(s) that need to be scanned. A scan that filters by colA =
0 AND colB > 1would determine row ranges for colA and colB
independently, then intersect them.A scan that filters by colC
ILIKE ’%black%’ cannot use zone map information to skip
blocks, but the equivalentMDDLfilter (mddl_col & 2 = 2) can.

automatically invalidates thepredicate bydeleting its definition from
the catalog, so that the associated bit position in theMDDL column is
ignored for all future maintenance and scan operations (Sections 4.2
and 4.4). Note that other bits in the MDDL column still remain valid.
In other words, an MDDL is created with a set of predicates, and
predicates can be removed over time, independently of each other.

On the flip side, we do not allow predicates to be added to the
MDDL column after it has been created, since this would require
rewriting the entireMDDL column to set the associated bit correctly
for each MDDL column value; this would be equivalent to simply
creating an entirely newMDDL on the table.

4.2 Usage in Accelerating Scans
At a high level, there are two parts to using MDDL in scans, which
we describe in further detail below: (1) Using MDDL to skip blocks,
which reduces the number of rows scanned, and (2) skipping redun-
dant user predicates,which reduces thenumber of columns scanned.

4.2.1 Using MDDL to reduce rows scanned. MDDL operates over a
single table. Therefore, we allow a query to pass through the query
planner and for filters to be pushed down to scans, before we apply
anyMDDL logic. If a query scans multiple tables, then MDDL logic
is applied to each table scan independently; MDDL usage does not
affect the optimal join order or other downstream operators because
the output of the scan step is exactly the same regardless of whether
MDDL is used. At this point, we have already collected the list of
predicates in the filter, and we have an initial ordering of this list by
decreasing estimated selectivity, so that the most selective predicate
will be evaluated first. Redshift automatically applies MDDLwith
the following steps:
(1) We read the table’s MDDL predicates from the catalog and con-

vert each to an internal AST representation, then perform pair-
wise comparisons with the predicates in the query filter to find
those that exactly match.

(2) If at least one predicate matched, then we construct an MDDL
filter, i.e., a predicate over theMDDL column that is semantically
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Listing 3: Logic to determinewhether to skip a block based on
the block’s min/max values and theMDDL filter’s bitmask.
def can_skip_block(bitmask: int , minval: int , maxval: int):

# Find the first value greater than or equal to minval
# that satisfies 'value & bitmask = bitmask '. The
# trick is to find the most significant bit that is 1
# in bitmask and 0 in minval.
x: int = bitmask & ~minval
if (x == 0) return False
msb: int = get_most_significant_set_bit_position(x)
trailing_bits_mask: int = (1 << (msb + 1)) - 1
next_value = (( minval & ~trailing_bits_mask) |

(bitmask & trailing_bits_mask ))
return next_value > max_val

equivalent to the conjunctionof allmatcheduserpredicates.Con-
ceptually, the MDDL filter checks whether the MDDL column
value is one of the valid values (e.g., the filter in Listing 2), but this
can result in a long IN-list that is expensive to evaluate. There-
fore, we write the MDDL filter as a bit comparison that follows
the form mddl_col & bitmask = bitmask, where bitmask is
an integer where bits corresponding tomatched predicates are 1.

(3) Weplace theMDDLfilter into thefilterpredicates list,whilemain-
taining the property that predicates are ordered by selectivity.

Fig. 4 continues our running example for a query with slightly differ-
ent filters. The rectangles depict the various data blocks per column,
with the corresponding row ranges denoted at the top and bottom
of each block. The zone maps table contains the min/max values per
data block. For the orange filter, zone maps can be dirrectly used to
determine the row ranges for colA and colB. Consider the green
filter, which is the same as in Listing 1. Without MDDL, we would
not be able to use min/max values per block to determine whether
a block of colC can be skipped. Since MDDL filters always follow
the form mddl_col & bitmask = bitmask, we can use specialized
bit manipulation logic to determine whether any value between the
min and max can satisfy the predicate, without individually checking
every qualifying MDDL column value.

Listing 3 contains the pseudocode for the block skipping logic.
Unlike literal predicates, simply checking if the bitmask overlaps
with the [min, max] range is not enough. For example, assume the
bit representations min = 01001, max = 01100, and bitmask =
00100. Clearly the bitmask value does not fall inside the [min, max]
range, but there is a value in the range that could satisfy mddl_col
& bitmask = bitmask, which is 01100. The pseudocode in Listing 3
finds the smallest value greater than min that would satisfy the con-
dition value & bitmask = bitmask and checks whether that value
is greater than max, in which case the block can be skipped.

After skipping blocks, Redshift begins to read the data blocks that
qualified. When applying the MDDL filter, we use a specialized vec-
torized scan operator with SIMD instructions to efficiently evaluate
the MDDL filter over the MDDL column. The output is a bitvector
that represents rows that have qualified by the MDDL filter, and this
is passed to subsequent filter predicates. Note that rowswith uncom-
putedMDDL values (Section 4.1.1) are treated as pass-through, since
we cannot filter based on an uncomputed MDDL value.

4.2.2 Using MDDL to reduce columns scanned. Since the MDDL fil-
ter is semantically equivalent to thematchedpredicates, ifwehave al-
ready applied theMDDLfilter, thenwe do not even need to apply the

matched predicates. Therefore, we can avoid executing the matched
predicates altogether, and the predicate columns referenced by those
skipped predicates do not need to be read at all. In this sense, MDDL
acts as a predicate evaluation cache, so that predicates evaluated in
the past do not need to be re-evaluated again, but rather the evalua-
tion result can be read directly from the cache, i.e., theMDDLcolumn.

In cases where the MDDL column is not fully computed, we can-
not entirely skip the matched predicates. However, Redshift does
not evaluate filters over the entire table at once, but rather in tum-
blingwindows of rowswhose size is configured tomatch cache sizes.
Therefore, we perform an adaptive execution, where for windows
in which the MDDL column is fully computed, we skip the matched
predicates. If theMDDL column is partially computed in thewindow,
we still execute thematched predicates. In this case, using theMDDL
filter is still beneficial, since it helps narrow down the bitvector of
qualified rows. In cases where the entire window only contains un-
computed MDDL values, then the MDDL filter is truly a no-op and
offers no benefit; likewise it does not introduce any overhead, since
Redshift skips sequences of rows with uncomputed MDDL instantly
by taking advantage of the run length encoding.

4.3 Creation
There are three stages to creating MDDL on a table: (1) creating the
MDDL column itself, filled with uncomputed values, and populating
the catalog with the predicate definitions, (2) computing the values
of theMDDL column, and (3) sorting the table by theMDDL column.

The stages are in increasing order of time consumption. Creating
the column itself is highly efficient: we fill the column with repeats
of the same uncomputed value (since all uncomputed values are
semantically equivalent, we use -1 by default), encoded as a run
length, which typically only requires writing a single data block.
The second stage of computing the MDDL column values is slightly
more costly because we replace all MDDL column blocks with new
blocks that contain the computed values. This also requires reading
the columns that are referenced in the MDDL predicates. The last
stage is the most expensive, since it essentially involves a VACUUM
operation that requires rewriting all blocks of all columns.

The first stage is performed atomically (i.e., we add the complete
column, not a partial column), and the following two stages are per-
formed incrementally (e.g., we compute only a part of the MDDL
column at a time). All stages are performed by background tasks
in order to minimize interference with the user’s workload. Specif-
ically, the background tasks for the first two stages are processed
in a FIFO manner by Redshift’s background task scheduler along
with other background tasks, whereas the background task for stage
3 is scheduled according to the existing logic for Automatic Table
Sort, i.e., it is only scheduled when internal telemetry indicates that
sorting would improve scan performance.

We separate creation into three distinct stages instead of per-
forming them all at once because it is easier for the background
task scheduler to fairly schedule many inexpensive tasks than one
expensive task, and longer-duration tasks have a higher probability
of preemption due to spikes in the user workload, which results in
loss of progress. Also, note thatMDDLwill already become useful as
soon as stage 2 has begun, i.e., as soon as theMDDL column becomes
partially computed: even though the table is not sorted byMDDL,
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we can use MDDL to avoid reading from other predicate columns
(see Section 4.2.2).

4.4 Maintenance Under Changing Data
As rows are inserted, updated and deleted from the table, there are
two aspects of MDDL that need to be maintained: first, we must
maintain the correct values in the MDDL column. Second, we must
maintain the overall sorted order of the table by the MDDL column.
This subsection only describes maintenance in cases where the data
changes but the MDDL definition remains the same. For discussion
of when and howwe would change the MDDL definition entirely,
see Section 4.5.

4.4.1 Maintenance of MDDL Column Values. As long as a row re-
mains unchanged, its MDDL value also remains correct. That is, a
given row’sMDDLvalue does not need to change in response to data
changes in other rows. Therefore, we only need to maintain correct
MDDL values in newly inserted rows2. We automatically compute
the MDDL value on the write path of inserts and COPY commands.
This adds minimal overhead to the overall insert, since the computa-
tion isperformedwhenthedata isalready inmemory, and is therefore
cheap compared to the existing cost of reading data from S3 (in the
caseof COPY), distributing rows todifferentnodes, andwriting todata
blocks. In cases where extremely low-latency inserts are required
(e.g., Redshift’s APPEND command [1]), we skip MDDL computation
and simply insert an uncomputed MDDL value; a background task
will eventually replace it with the correctly-computed value.

4.4.2 Maintenance of Sortedness. Second, we must maintain the
overall sortedness of the table according to the MDDL column. In
Redshift, inserted rows are appended to the end of the table. If there
is a sort key on a table, then all rows inserted by the same command
(such as all rows in batch insert with COPY) are sorted in memory
before they are inserted. Therefore, batch inserts into tables that use
MDDLwill alreadybe appended to the endof the table in sortedorder.

However, even though each batch of inserts is sorted, there is not
necessarily a sorted order between batches. To maintain the global
sorted order of a table, MDDL relies on the mechanisms that are
already in place in Redshift for tables with sort keys. In particular,
there are two mechanisms:
(1) The user can manually run VACUUM SORT, which fully sorts the

table. This can be an expensive operation since it rewrites all
data blocks of all columns in the table, and it places the burden
on the user to schedule the vacuum.

(2) Redshift offers Automatic Table Sort (ATS), which is a back-
ground process that periodically checks historical telemetry to
determine whether sorting would improve performance, and
only performs sorting if it does. ATS intelligently schedules the
sort operations so that they are performed on more impactful
tables first. Furthermore, ATS does not sort the entire table, but
only the horizontal partitions of the table that would see the
most benefit (hot partitions that are often scanned by queries).

4.5 Retirement
Due to either changing data or changing workloads, the MDDL
defined on a table may no longer be appropriate: there may be a
2In Redshift, an update is implemented as a delete followed by an insert.

better alternative MDDLwith different predicates, or a traditional
single-column sort key may be more performant. To decide when
to transition to a different sort key, we use the Advisor algorithm
from Section 5. Even after Advisor recommends an MDDL sort key
over a table, it continues to run its algorithm over each table, but
only computes benefits based on the workload since the last rec-
ommendation, not over the entire historical workload. If Advisor
determines that the benefit of an alternative sort key becomes higher
than the observed benefit of the existing sort key on the table, then
it automatically begins the transition. We also maintain a static con-
stant for the minimum amount of time between sort key changes,
so that we prevent frequent thrashing between different sort keys.

5 AUTOMATICMDDL SELECTION
Redshift Advisor automatically decideswhich tables to createMDDL
on andwhich predicates to use in eachMDDL. This section provides
background on the existing Advisor service, then describes how
MDDL integrates into it.

5.1 Redshift Advisor
Redshift Advisor makes per-table sort key recommendations, which
were limited to single-column sort keys before the introduction of
MDDL. It relies on historical telemetry collected from the user’s
workload: for each table scan, Redshift logs the number of rows
filtered by each column. At regular time intervals, Advisor reads this
telemetry and aggregates the total number of rows filtered by each
column across all queries in the entire history of the cluster (or since
the last time a recommendation was made), and selects the column
with the highest benefit (i.e., the column that filtered the most rows)
as its sort key recommendation.

Advisor uses fixed rules to decide whether or not to surface the
recommendation to the user or to Automatic Table Optimization
backgroundworkers. For example, it does not send the recommenda-
tion if the user already manually chose a sort key for the table, nor if
the telemetry indicates that the existing data layout already achieves
a degree of row filtering that is similar to the recommended sort key.

5.2 MDDL in Redshift Advisor
Two adjustments were made to incorporate MDDL into Advisor.

5.2.1 Collecting telemetry. In addition to logging rows filtered by
each column during scans, we added instrumentation to log rows
filtered by each predicate. For a given scan, the number of rows
filtered by a given predicate is composed of both the number of rows
in blocks that are skipped using the predicate, as well as the number
of rows that are filtered out using the predicate from the scanned row
ranges. Both of these metrics are efficient to collect as a side effect
of scan execution because the filtering effects of each individual
predicate are easily isolated.

For example, consider a query over the table from Fig. 1 that scans
the table and applies this filter:
colC ILIKE '%black%' AND (colA > colB OR colA = 0)

Thefilter contains twopredicates: (1)colC ILIKE ‘%black%’ and (2)
(colA > colB OR colA = 0). Redshift first performs block skipping
on each of the predicates individually, resulting in a set of row ranges
for each predicate, then intersects the row ranges to form a global
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set of row ranges to read (see Fig. 4 for a visualization). Therefore,
we can collect the number of rows filtered via block skipping (i.e.,
the number of rows not in the set of row ranges) for each predicate
individually. Then during scan execution, Redshift reads rows from
the global set of row ranges, first filtering by the first predicate to
produce an intermediate bitvector, and then filtering by the second
predicate to produce the final bitvector. By counting the number of
set bits in the bitvector after each predicate evaluation, we collect
the number of rows filtered for each predicate.

We only collect telemetry for top-level conjuncts in the filter, i.e.,
the predicates that are combined through conjunction to form the
overall scan filter.We donot collect telemetry for disjunctions or sub-
components of top-level predicates. In the above example, we would
not collect telemetry for colA > colB or for colA = 0 individually.

5.2.2 Selecting MDDL. For a given table, Advisor aggregates the
rows filtered by each predicate across all historical queries (or all
queries since the last time that a recommendation was made for the
cluster) and constructs a candidate MDDL by taking the top 𝑘 predi-
cates, ranked bynumber of rowsfiltered. The benefit of the candidate
MDDL is the total number of rows filtered by all of its predicates.
Advisor then compares the overall benefit of the candidate MDDL,
the candidate single-column sort key and the existing sort key (if
any), and recommends the one with the highest benefit, if different
from the existing one3.

Given an MDDL with 𝑘 predicates, the ones with higher bene-
fit are associated with more significant bit positions in the MDDL
column (see Section 4.1.1), so that the sorted table will have fewer
contiguous row ranges that satisfy higher-benefit predicates. Any
table sorted by MDDL has exactly one contiguous row range that
satisfies the highest-benefit predicate but up to two row ranges that
satisfy the second-highest-benefit predicate (e.g., Fig. 2a), and up to
2𝑛−1 row ranges that satisfy the 𝑛th-highest-benefit predicate. Hav-
ingmore row ranges increases the chance that a block with rows not
satisfying the predicate (and therefore potentially skippable) also has
rows that do satisfy the predicate, which decreases the effectiveness
of skipping blocks using the associated predicate.

We select the value of 𝑘 by using the rule of thumb that if there is
an equal number of rows for each distinctMDDL column value, then
all rows with the sameMDDL value can fit into one 1MB data block.
The intuition is that the primary benefit of data layouts comes from
block skipping, so once a set of rows have been assigned to a given
block, there is minimal further benefit of differentiating the rows
within that block. We currently use a conservative estimate for 𝑘 ,
based on the assumption that given𝑘 predicates, there are 2𝑘 distinct
MDDL columnvalues, since each predicate can be either true or false.
However, this is likely an overestimate in practice, since it is possible
that there are no rows with a given MDDL value, especially since
somepredicates can bemutually exclusive (e.g., if colA = 0 andcolA
= 1arebothpredicates fromdifferentqueries, thenclearlyanyMDDL
value corresponding to both predicates being true in the same query
is impossible). Determining a tighter bound for the maximum num-
ber of distinctMDDLvalueswould require a robustway to determine
predicate intersection and subsumption, and is left as future work.

3If the benefit of the best candidate is marginally higher than that of the existing sort
key, then Advisor refrains from surfacing the recommendation.

Note that unlike existingwork on automated data layout selection
which rely on having a sample of the data in order to performwhat-if
analysis of candidate layouts [21, 22, 24, 30], MDDL only relies on
telemetry collected as a side-effect of user query execution. This not
only reduces the performance overhead of collecting and storing the
data sample, but also avoids privacy and security concerns related
to handling customer data.

5.2.3 Discussion. The benefit of an MDDL recommendation is con-
ceptuallymeant to capture thenumber of rowswe couldhavefiltered
on the historical workload usingMDDL filters over a hypothetical
MDDL column. However, the benefit value we calculate using the
procedure described above can be inaccurate in two ways:
(1) By summing the number of rows filtered via block skipping from

each individual predicate, we overestimate benefit because dif-
ferent predicates in the same scan filter might skip overlapping
row ranges.

(2) Since the bitvector is reduced after each predicate evaluation,
we underestimate the number of rows filtered by any predicate
that appears second or later in evaluation order.

To mitigate these inaccuracies, we select the 𝑘 predicates in such a
way that out of all observations of the predicates in the historical
telemetry, a high percentage are from cases where the predicate was
evaluated first. We found that fleet-wide, around half of scans with
filters only had one predicate. In cases with multiple predicates, the
most selective ones (which filter themost rows and aremost likely to
be included in MDDL) are placed first in the predicate order anyway.

The first effect can in concept be avoided by logging rows filtered
viablockskippingnotonlyof individualpredicates,butcombinations
of predicates, butwe rejected this technique because it exponentially
increases the size of the logged telemetry. Furthermore, both effects
can in concept be avoided by using planner selectivity estimates
instead of telemetry to compute rows filtered, but we found that
inaccuracies in selectivity estimation far outweigh inaccuracies due
to the above effects.

6 EVALUATION
This section comparesMDDLagainst existingdata layout techniques
in Redshift (single-column sort keys, compound sort keys, and inter-
leaved sort keys) across three internal workloads. We also describe
the projected impact of MDDL across the entire fleet of Redshift
customers, based on historical telemetry. Overall, this evaluation
shows that:
(1) MDDL achieves up to 10× better end-to-end workload perfor-

mance compared to only using the optimal single-column sort
keys on each table, and up to 7× better performance compared
to using compound and interleaved sort keys.

(2) MDDL is estimated to benefit around 25% of customer tables
across the entire Redshift fleet, and to increase workload-wide
rows filtered by 2× for the top 5% of clusters.

6.1 Setup
We evaluate on three different internal workloads, described in Ta-
ble 1. All workloads are derived from actual customerworkloads, but
have been de-identified and anonymized for internal benchmarking
purposes with the consent of the customer.

We compare the following data layout setups:
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Table 1:Workload characteristics.

Workload

A B C

Number of tables 2 81 2
Compressed data size (GB) 367 182 337
Number of queries 18 11053 1400
Frac. time spent in scans 0.80 0.13 0.84

(1) Original data layout: this is the data layout of the table when
it is loaded. For Workload A, the tables already had manually
defined sort keys. ForWorkloads B and C, the table did not have
sort keys, so rows were loaded in ingestion order.

(2) Advisor withoutMDDL, also labeled as SKR (Sort Key Rec-
ommendation): after running the query workload, we use Red-
shift Advisor to automatically generate single-column sort key
recommendations for relevant tables. Tables that have not been
scanned with filters will not get a sort key.

(3) Advisor with MDDL, also labeled as MDDL: similar to the
above, except that in addition to single-column sort key recom-
mendations, we also generate MDDL recommendations.

(4) Compound sort keys: Redshift Advisor currently does not
have the ability to recommend compound sort keys. For the sake
of comparison, we construct a compound sort key for each table
using the top three columns, ordered by number of rows filtered
by the column in the historical workload. In terms of scan perfor-
mance, a compound sort key with more columns is never worse
than one with fewer columns, as long as they share the same
prefix. However, in practice, longer compound sort keys incur
higher overhead for maintenance (e.g., it is slower to sort on a
compound sort key).

(5) Interleaved sort keys: Similar to compound sort keys, Redshift
Advisor currently does not have the ability to recommend in-
terleaved sort keys (Z-order). For the sake of comparison, we
construct an interleaved sort key for each table using the top two
columns, ordered by number of rows filtered by the column in
the historical workload. In general, interleaved sort keys are use-
ful when there are multiple predicate columns that are roughly
equally important.
For each workload, we use a dedicated Redshift cluster with the

same number of nodes and node types as the original customer clus-
ter fromwhich theworkloadwas derived.We load the data using the
original data layout and run all queries in the workload sequentially.
We then trigger Advisor to automatically generate sort key recom-
mendations based on the historical workload (or we use a separate
programmatic process to generate recommendations for the case of
compound and interleaved sort keys). We apply these new sort keys
to the relevant tables and fully sort them.We then rerun all queries
in the workload sequentially to measure the workload performance
with the new data layout.

We do not compare against more complex instance-optimized
data layout techniques [21, 22, 24, 27, 28, 30] because theyaredifficult
to implement in practice: they assume the existence of robust inter-
section and subsumption logic over arbitrarily complex predicates

(which does not exist in Redshift) and their optimization techniques
require access to a data sample, which raises privacy concerns.

6.2 Overall Results
Fig. 5 shows that across the three workloads, MDDL achieves be-
tween 1% and 85% reduction in end-to-end workload runtime com-
pared to the alternative data layouts. MDDL not only outperforms
single-column sort keys, but also generally outperforms compound
sort keys and interleaved sort keys. In fact, in some cases interleaved
sort keys are worse than simply using single-column sort keys, es-
pecially for workloads in which there is a clear order of importance
among the predicate columns. MDDL does not achieve much im-
provement over single-column sort keys on Workload B, despite
achieving larger improvements in rows read and blocks read, be-
cause the overall time spent in scans is already low (see Table 1).
Furthermore, Workload B is actually best served by compound sort
keys—this motivates the benefit of integrating compound sort key
into Advisor’s search space of recommendations in the future.

In general, the improvement in runtime achieved by MDDL is
explained by the fact thatMDDL enables Redshift to read fewer rows
and fewer blocks during scans. Rows read andblocks read are not per-
fectly correlated because the number of blocks is different in each col-
umn.Also, a row is considered read ifweneed to access any column’s
value in that row, but the number of column values read in each row
(and therefore the number of blocks read) depends on the effective-
ness of latematerialization, i.e., if leadingpredicates alreadyfilter out
a row, then the values for subsequent predicate columns are not read.

Furthermore, the improvement in runtime is sometimes greater
than the improvement in rows read or blocks read. At first glance,
this behavior may seem illogical, based on the intuition that rows
and blocks read are roughly correlated with scan time, and scan time
is only a fraction of overall runtime, so relative changes in runtime
should be less than relative changes in rows or blocks scanned. How-
ever, this behavior is explained by two observations: first, for a query
that scans multiple tables, reducing the amount of rows scanned in
one table canhave amuch larger impact thananequivalent reduction
in another table, because the cost of filter evaluation andmaterializa-
tion is different on each table. For example, consider a query which
scans two tables,where one of the scans takes 80%of runtime and the
other scan takes 10% of runtime, but each table has the same number
of rows.Reducing rowsscanned in thefirst tablebyhalfwould reduce
overall rows scanned by 25%, but would reduce runtime by 40%. Sec-
ond,even if improvement inruntime isalways less than improvement
inrows/blocksread foreach individualquery, it isnotnecessarily true
when applied to aggregated statistics across a workload of queries:
it is possible that queries that read much fewer rows and blocks by
using MDDL did not contribute significantly to total runtime in the
first place. This can be considered a form of Simpson’s Paradox4.

Finally, we note that the improvement in runtime from using any
data layout sometimes exceeds the amount of time spent in scans (Ta-
ble 1). This is explained by the fact that the fraction shown in Table 1
is approximate (due to the fact that different plan steps are fused to-
gether in Redshift’s generated code, so it is impossible to exactly pin-
point the time spent on each step), but also by the fact that sort orders

4https://en.wikipedia.org/wiki/Simpson’s_paradox

https://en.wikipedia.org/wiki/Simpson's_paradox
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Figure 5: MDDL achieves up to 85% reduction in overall runtime compared to using the optimal single-column sort key on each
table. Runtime improves are explained by the corresponding reductions in rows read and blocks read during scans, achieved
throughMDDL.

can have unintended side effects beyond scan performance. For ex-
ample, a table that is fully sorted anddistributed on the join column is
able toperformmerge joins insteadofhash joins, anda table that is ap-
proximately sorted by a column has better cache localitywhen build-
ingahash tableover thecolumn’svalues forhash joinsandgroup-bys.
These extraneous affects are currently not considered by Redshift
Advisor, but are an interesting direction for future improvement.

6.3 Deep Dive intoWorkload A
Weperform a deeper dive into the behavior ofMDDLonWorkloadA.

6.3.1 Queries. Table 2 contains the breakdown in performance for
each of the 18 queries inWorkload A. We see that there is a range
of different speedups. We now examine a few specific queries to
understand why they benefit fromMDDL.

Query 1 is of this form:

SELECT season, sum(metric2) AS "__measure__0",
FROM titles
WHERE lower(subregion) like '%united states%'
GROUP BY 1
ORDER BY 1 asc;

This query performs an aggregation over the titles table, after
filtering rows based on the subregion column. Thiswas actually the
longest-runningquery in theworkloadbecause thefilter is expensive
to evaluate, since it includes both a function call and a regular expres-
sion comparison. A single-column sort key would not help reduce
rows read for this query: even ifwesorted the tablebysubregion,we
would not be able to leverage zone maps to perform block skipping,
and Redshift would need to scan all data blocks to evaluate the filter.
Compound and interleaved sort keys also do not reduce rows read,
for the same reason. However, if the predicate lower(subregion)
like ‘%united states%’ appears repeatedly in theworkload, then
Redshift might sort by it as part of MDDL. If that happens, then
all rows that satisfy this predicate would be co-located in the same
data blocks, and Redshift would automatically leverage MDDL dur-
ing scans to only scan data blocks that satisfy the predicate. Note
that due to a stipulation in Redshift that forces sort key columns to
not have any encoding, performance does improve when using the

column-based sort keys, despite not having any impact on rows read,
but blocks read also increases due to worse compression.

Query 4 is of this form:

SELECT * FROM titles
WHERE subregion = 'United States'
AND date >= '2007-01-01' AND date <= '2017-02-28'
AND season_desc IS NULL
LIMIT 1

On this query, a single-column sort key over subregionwas able to
reduce runtime by filtering rows and blocks based on the predicate
over subregion. A compound sort key performs even better because
it is able to filter over both the subregion and date columns, though
the improvement is not significant because the filter over the date
column is not very selective. MDDL performs the best because it
uses all of these predicates, and in particular, its improvement over
single-column and compound sort keys is not so much due to skip-
ping additional rows (in fact, Table 2 shows that compound sort keys
reads only marginally more rows thanMDDL, because the predicate
over season_desc is not very selective anyway), but rather because
MDDL is able to avoid reading the blocks of any of the predicate
columns, and instead only reads the blocks of the MDDL column.

6.3.2 MDDL Creation. As described in Section 4.3, creating MDDL
on a table has three distinct stages: creating the MDDLwith default
values, then computing the MDDL column values and re-sorting the
table. Table 3 shows that these three stages vary greatly in terms of
time to completion for the largest table ofWorkload A. Furthermore,
the last columnof Table 3 shows the total runtime of executingWork-
load A on the table compared to having no sort key, after each stage.
There is no change in runtime after the first stage, because MDDL
cannot be used to accelerate scans when column values are not yet
computed. After the second stage, we already reduce the workload
runtime, because even though we do not reduce rows read, we do
reduce blocks read (see Section 4.2.2). This justifies our decision to
separate MDDL creation into stages, since we do not need to wait
for the table to be fully sorted in order to begin obtaining benefits
fromMDDL. After the third stage, MDDL is fully created, and this
is the same performance illustrated in Fig. 5.
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Table 2: Per-query breakdown of runtime, rows read, and blocks read inWorkload A for each data layout (SKR =Advisor w/o
MDDL,MDDL =Advisor w/MDDL).

Query Runtime (relative to original layout) Rows read (relative to original layout) Blocks read (relative to original layout)

Orig. SKR MDDL Compd. Interleaved Orig. SKR MDDL Compd. Interleaved Orig. SKR MDDL Compd. Interleaved

q1 1.0 0.69 0.0729 0.693 0.697 1.0 1.0 0.0704 1.0 1.0 1.0 7.14 0.0239 7.14 7.14
q2 1.0 0.194 0.113 0.189 0.206 1.0 0.105 0.0904 0.0905 0.106 1.0 0.211 0.0678 0.181 0.216
q3 1.0 0.174 0.102 0.162 0.173 1.0 0.105 0.0904 0.0905 0.106 1.0 0.211 0.0678 0.182 0.216
q4 1.0 0.0922 0.00148 0.0802 0.0906 1.0 0.105 0.00288 0.0905 0.106 1.0 0.128 0.00342 0.111 0.138
q5 1.0 0.0726 0.00211 0.0716 0.0831 1.0 0.105 0.00288 0.0905 0.106 1.0 0.0145 0.00596 0.0136 0.0168
q6 1.0 0.864 0.876 1.26 1.27 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.96 9.59 8.59
q7 1.0 0.803 0.577 0.651 0.67 1.0 0.968 0.613 0.666 0.642 1.0 3.74 0.429 2.68 2.49
q8 1.0 0.874 0.907 1.0 1.02 1.0 1.0 1.0 1.0 1.0 1.0 0.857 1.14 2.79 2.38
q9 1.0 0.878 0.875 1.38 1.25 1.0 1.0 1.0 1.0 1.0 1.0 1.04 1.46 7.79 6.58
q10 1.0 0.622 0.392 0.467 0.451 1.0 0.955 0.458 0.533 0.499 1.0 3.06 0.349 1.76 1.56
q11 1.0 0.849 0.88 1.04 1.02 1.0 1.0 1.0 1.0 1.0 1.0 0.96 1.36 3.08 2.98
q12 1.0 0.834 0.854 1.08 1.05 1.0 1.0 1.0 1.0 1.0 1.0 0.958 1.25 4.71 4.21
q13 1.0 0.812 0.543 0.66 0.678 1.0 0.968 0.613 0.666 0.642 1.0 2.56 0.311 1.71 1.54
q14 1.0 0.791 0.614 0.677 0.782 1.0 0.968 0.613 0.666 0.642 1.0 3.45 0.406 2.41 2.24
q15 1.0 0.884 0.912 0.94 0.965 1.0 1.0 1.0 1.0 1.0 1.0 9.47 1.01 12.4 12.2
q16 1.0 0.625 0.602 0.182 0.202 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.94 3.47 3.47
q17 1.0 0.83 0.865 0.993 0.952 1.0 1.0 1.0 1.0 1.0 1.0 0.905 1.26 2.43 2.45
q18 1.0 0.84 0.9 1.12 1.16 1.0 1.0 1.0 1.0 1.0 1.0 1.13 1.57 6.04 5.87
Total 1.0 0.434 0.258 0.423 0.435 1.0 0.375 0.199 0.339 0.347 1.0 0.484 0.0756 0.421 0.44

Table 3: MDDLCreation inWorkload A.

Stage Relative duration Relative workload
runtime after stage

1. Create column 1 1
2. Compute values 67 0.73
3. Sort table 2800 0.26

6.4 Fleet Projections
AtRedshift,we collect anonymized telemetry fromall customers and
clusters across all AWS regions. Using this telemetry, we computed
projections for howMDDLwould perform across the Redshift fleet.
Note that these are only projections, becauseMDDLhas not yet been
completely rolled out to all Redshift customers. Even if MDDL were
rolled out, any metrics comparing MDDL against alternative data
layouts would be estimates, since it would require a hypothetical:
each user query is executed on a given layout, and we will never
know what the runtime of the equivalent query on an alternative
layout would have been.

6.4.1 Table-level projections. First, we determine what fraction of
tables would benefit more from MDDL than from single-column
sort keys, by simulating the Advisor algorithm over the past day
of queries on each cluster (Fig. 6a). We found that on the top 10K
tables ranked by number of rows filtered, approximately 25% (those
above the dashed line) would filter more rows if they used MDDL
instead of the optimal single-column sort key. Of those 25% of ta-
bles, the P90 table would filter out 3×more rows by using MDDL.
Note that Fig. 6a shows that the other 75% of tables (those below
the dashed line) would have worse performance with MDDL—this
is only shown for illustrative purposes. In reality, Redshift Advisor
would not createMDDL on those tables at all, since it recognizes that
performance would be worse than using a single-column sort key.

(a) Around 25% of tables (those
above the dashed line) would
benefit from MDDL over single-
column sort keys.

(b) The top 5% of clusters (those
above the dashed line) would
increase rowsfilteredacross their
workload by 2× by usingMDDL.

Figure 6: Table-level and cluster-level analysis performed
over the entire Redshift fleet (projection). Redshift Advisor
picks the best layout, which avoids regressions due toMDDL.

6.4.2 Cluster-level projections. We considered all clusters which
had at least 100 queries with filtered scans in the past day, and es-
timated the relative additional number of rows filtered if we used
MDDL instead of single-column sort keys (Fig. 6b). Overall, the P90
cluster would filter out around 1.5× as many rows across all scans
on the cluster over the past day, and the P95 cluster would filter out
2× as many rows. When computing these projections, we only use
MDDL on tables where it would perform better than the optimal
single-column sort key, and on other tables we simply use the opti-
mal single-column sort key. This is why the projected improvement
is always at least 1, because adding the capability (but not the require-
ment) to use MDDL on each table should not degrade performance.

7 DISCUSSION
In this section we discuss our design decisions, MDDL’s interactions
with other components in Redshift, and directions for future work.
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7.1 Design Decisions
In Redshift, we implemented MDDL as a materialized column in the
table, and we rely on existing columnmetadata (i.e., min/max values
per block). However, there are several alternative designs.

Using a virtual column. Instead of materializing the column, we
could have relied on a virtual column, with physical zone maps
over virtual data blocks. The advantage of using a virtual column is
that it saves space. However, since Redshift is a cloud-based system,
storage space is typically not a bottleneck. The downside of using a
virtual column is that valuesmust be recomputed every time they are
used, which means that we would not save any row-level predicate
evaluation work for rows that are scanned.

Using an index structure. Instead of relying on existing zonemaps,
we could have introduced a new index structure, e.g., a mapping
between predicates to all the blocks containing rows that match the
predicate. However, we found zone maps to already provide suffi-
cient block skipping capabilities, and this alternative index structure
would have introduced additional maintenance overhead.

7.2 Interactions with Other Components
MDDL complements existing performance-enhancing features in
Redshift.

Column-based sort keys.MDDL is not a replacement for single-
column sort keys, compound sort keys, and interleaved sort keys,
but rather an alternative. Column-based sort keys are useful for
tables where scan filters are diverse but filter over only a few dom-
inant columns, whereas MDDL is useful for workloads with a small
number of important frequently-repeating scan filters.

Result cache. Redshift has the ability to cache query results, so that
if the exact same query is issued again, and no data changes have
occurred, then the query can be answered directly from the result
cache. MDDL optimizes for scans in queries that do not hit the result
cache, so MDDL and the result cache are complementary. In general,
we found that although query filters repeat frequently, the queries
that contain these repeated filters often do not hit the result cache
because there have been data modifications in the intervening time,
which invalidate the cached result.

Materialized views. Redshift offers the capability of Automated
Materialized Views [6], which automatically creates and refreshes
materialized views that are useful for frequently-appearing user
query patterns. If a materialized view is created and queries that
used to hit a user table are now automatically rewritten to hit the
materialized view, then part of the MDDL on the user table might
no longer be useful. This can eventually be corrected by the Advisor,
whichwould recommendanewMDDLwith different predicates, or a
single-column sort key, over the user table. Furthermore, MDDL can
be applied on materialized views themselves, like any other sort key.

7.3 Future Directions
There are several directions for future work to improve MDDL.

Inexact match. We can extend MDDL to match based on inter-
section and subsumption instead of exact match, similar to the ap-
proaches proposed in past work on data layouts [21, 22, 24, 30].

However, the matching logic now becomes significantly more dif-
ficult. Matching for simple range predicates is simple enough (e.g.,
clearly the predicate colA > 10 is subsumed by the predicate colA
> 0, meaning that any rowmatching the latter must also match the
former, but becomes more involved when predicates contain func-
tions and operators other than the traditional comparison operators.
Also, we cannot skip evaluation of user predicates based on inexact
match (see Section 4.2.2).

Integrationwithmaterialized view selection.Data layouts such
as MDDL and materialized views essentially have the same goal,
i.e., they identify repeating query patterns in the past workload and
speed up similar queries in the future. However, their tradeoffs are
different: materialized views speed up the entire query whereas data
layouts speed up just the scan, MDDL is always usable whereas
materialized views are unusable when stale due to data changes in
the base tables, and MDDLmaintenance is relatively cheap whereas
materialized view refresh cost must be factored into the selection
algorithm [29]. It would be interesting to analyze these tradeoffs and
combine the selection algorithms for these two.

There has been past work on joint selection of data layouts and
materialized views, but they are not directly applicable to our sce-
nario.Microsoft proposed integrated selectionof indexes (a clustered
primary key index is comparable to a single-column sort key) and
materialized views as part of AutoAdmin [15, 19]. However, their
framework assumed a constraint on storage space, whereas in the
modern cloud environment of Redshift, storage space is typically no
longer a bottleneck. Instead, the maintenance overhead of data lay-
outs and materialized views is now the constraint. SageDB [20] like-
wise proposed joint selection of data layouts andmaterialized views,
but did so without directly comparing the benefits and costs of data
layouts and materialized views, instead opting to select the optimal
configuration of each component under separate storage budgets.

8 CONCLUSION
In this paper, we introduce a new feature in Amazon Redshift called
Multidimensional Data Layouts (MDDL), which is an alternative to
traditional data layout techniques such as single-column sort keys,
compound sort keys, and interleaved sort keys. MDDL outperforms
those traditional data layouts for workloads that exhibit repetitive
scan filters. Redshift learns from the user’s historical workload to au-
tomatically implement, maintain, and use the bestMDDL for each ta-
ble. Benchmarks derived from customerworkloads show thatMDDL
improves end-to-end workload times by up to 10× compared to only
using single-column sort keys and by up to 7× compared to using
more complex layouts such as compound and interleaved sort keys.
Our projections show that around 25% of tables of the Redshift fleet
can benefit more fromMDDL than from single-column sort keys.
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